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Lo Provide goals and brief description of your project o rescarch.

My proposed research focuses on gc;azerali;lg realtsric faces Fom labeled deseriptions of emoton and facial feamzes, These
labels will generlly inclnde verbal descriprions of the emotions portmyed by the face, for exsmple, hapyy oc sad, and descriptions of
ihe feaures of ther face, for example, thelr skin tone, the size of thelr nose or shapes of thedr lips. [Fwe were w give the peogram the
input of, “A young, white muan whe is slightly overweiph: with glasses, blue epes, and 2 small nose™ the program would expeciedly
output an image of 2 face corresponding w those descriptors that we bad given as inputThis wpe of facinl generation has applications
that can contribute w both the weal world and the Sold of compuier scienne. Using labdded deseriptions to diveet the generation of
realistic faees has not beea rescarched oxrensively, leaving an opporsunity for new findings and techniques. Neural network
construcdan refies heavily on peesonal preference and expedmentation, meaning that my wseacch, even if previousty conducted in a
sieniar fashion, would be a conilzetion to the overall ficld given that my methods and techniques would most likely differ from
another rescarcher. in terms of my project’s contribution 1o the real world the main apphestion woeld be w avtomize police skerches.
Police skeches are cuecentdy Baidly inacourate and do nor have any obvions path to inprovement. With my research a victim could

simnply insert labels and be gven several different outpurs, or images of faces, to chnose from. Theee are smibie sorvices that have

i

bean very suceessiul, but these services are based off of mixing different preser featuces and crenting 2 composite image, not artificial
telligence based, Wiile there s already research out there about rexy w0 nage creanon 1 believe thit there i an opportusity for

improvement spon cucrent eesulls” accuracy and efficiency.



fl

I plan to use Generative Adversanal Networks (GAN) tor unprove upon past research in thrs field. In order to use a GAN
we must define a couple of vatiables from the outset of the resea.rch The ﬁrst vanable, or mput that we will be givrug thé GAN will -
be the labels, or descriptions of the faces that we want to create. These features are the roadmap for the GAN to begin creating an |
n'nage out of random noise. These labels act as a guide in 2 similar way that an actual police sketch artist would use these labels as
- guides to their depiction. ’I'he images that we are going to gencrate will be smaller images, typically around 250 x 250 pixels. We are

atming to create realistic looking faces that are distinguishable from other faces based on the initial labels given.

- I Outline your methodology P]ease be specrﬁc How does th.(s achieve your goﬂls and how relzable is it?
' To understand GANs we must first understand neural networks. In 2 traditional netzal network you have many. dlffereut

variables, or inputs, that will be fed into vatious layers of c';::lculaﬁons. F_rorn these calculations a Hinal answer may be given to a specific

-Pf?blem. For example, in figure 1 we feed our networl; e_tjictdre of 2 cat.This would be considered our input ]ayer. Aftcr-the network
h;s an i.n?ut it begins to make guesses in each of tho hidden layers. There a.te many types of hidden layers that may perform wrarious

different types of calculations, but in general the concept remains consta.dt. These hidden layers are meant to hold individual wcights,
or probabilities. Once the network as computed each node the c1rcles in the graphs which represent we1ghts it will compile those

probabilities into an cutput layer. The network will thea retu.rn a probab:ltty of whether or not the inputis a. cat ora dog
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Now that we can see the steps through wh1ch 2 neural network can 1denttfy a photo we muist understaﬂd the second stﬂge -
of a neural uetwork the learning stage. For each 1 input p1cture that we gwe to the t:t:twork we also gn;e an answer. Inthe exatnple -
shown in figure 1, we would have given our network the answer that this was 2 pictuze of a cat. Uriforturrately our neural network
incozrectly gave a higher probabx]lty that this picture was of a dog Because we have labeled the plcture our network can recogmze
that this was incorrect and go back smd cosrect 1tse1f For each h1ddeh layer in thf: middle, the calculations of smaller probab]lmes the
network can go back and make small ad]ustx;:rents to those probab!litles These ad]ustments change tht: we!ghts giveu o each node in' |

each layer, making the output layer’s probability ChaﬂgE! as we]l. T]:us process of gomg back to each Jayer and ad]ustmg the probabrhues

is called backpropagation. After back propagatton we can Eced our network another tmage and hopefu]ly we wx]l get closer to the
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cotrect answer, We keep doing this undl onr nerwork can successfilly rocopnize that the ingnat piciurs given was of 3 can This Process
1 referved 20 a8 traindng and i nccessary for any neusal network 1o operate. Onee the network s tafsed we would then give ira
random set of new images and measere hese accurage the predictons aee, This is called 1esting and will give vs aa idea of how well we

huive coastructed ooy nerwork.

Now fhar we have sa understanding of 2 naural tam\w\rﬁ'vf'ﬂ can vndersiand how & GAN works, A GAN s wigue becanse
itpits two neural nerworks against each othur as adversades in order ro E,rﬂpmvc ench other. The first neural nerwork i the generator
as seeitin fyare 2 This generaror with take in nofse, or 2 random inpur, and wilf output 2 sample image. 1a the beginning this image
will probably look nothing like a face, but will sali be used 15 one of two samples given 10 4 discriminame. The discminasor is the
second neural network. 1t job i 1o take o seal world inmage of 2 Bce, the second inpuy, wnd e sunple geoerated fom the generator
serwotk sad decide which of the two imuages s a real pictuge of a face and which is & cu.mpu{t'r generaied picture of 2 tace. Using

similar methods of back f}mp:zgﬂﬁ(ﬁﬂ and iraining, as préviously descrbed, thest owe newral neworks will condnnaily batre ayminst
each other, improving each othets performance. This meanz that wixm- the discriminator dentifies the geserators bnage as fake, this
will feed 2 negative rf:sp@sc fo: the generator and cause it to readjust ity weighes, produdog a more cealistic image. At the same dne
this wiil make the discriminaror’s job more difficuly, given the increasing performance af the generstor Bvenrually, the generator will
become 5o good at crenting computer genceated Faces that the diseriminuzor will not be able o differentiate between the real workd
saenple images and the generaion’s inosges. Once the geserator is able to fool the discriminator a owicrdty of the time the process s

fimshed and both seusal nevworks have been trained and wsted.

2 LROTKS {(

gy 2 - oA compgphual vhinalivarion of o geserati adwrsarial weval herwns
For the purposes of tay reseacch 1 am only intcrested i the output of the genentor part of the GAN. This will be the
venral network that T will use to generate facial images. There has been research veady conducrid on the efficacy aad technigues
used when creating GAN for facial goneration, however, my sesearch diff;:rs in & couple of key aspects. Fiestly, | ard moing 1o be

measuring my GAN with an extra fearure. Typically we would primadly be concerned with whether of not the ne

ek created 2
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realistic face, however, | am concerned with the type of face produced. This means that the dataset that [ am going to be using will
need io not only label whether or not the image is reﬂ]istic but also what type of emotion thé face is portrayin,.g ‘and other
distinguishing features of the face. Theoretically When my GAN is cornplete T'wiil be able to gwe itan mput of several deﬂ.m.ng
emotions and features of the face and my generator netwgrk \wﬂ be able to p:oduce an 1mage accordingly.

During the course of my research I will be tak'mg bits and pieces &qm several created datasets, but.the majority of my data :
will come from images of faces that are not yet labeled. Unfortunately there are not large enough datasets ;)f lableled faces, so 1 will
have to create my own. The ideai size of my dataset would be around 10,000 images. I:plal; to repeat this exp.ex:iment many times untl
I reach a satisfactory level of loss or error. A unigue part of research in neur;allﬁemr_orks and machine learning in g.enera] is the human
vatiability. There are no set ways to creafc a GAN of gily ﬁeWOri{, s0 muc:h:of the s'_t;l._xcm're of the netwér}_(s will b.g reliant on ttiat and .
error as well as personal preference. 'I-Iowe\.re;r, thete are standafci, elu,lbirical prei&tlices'a.nd' ;]uam;iﬁalﬂe ﬁeth(éds to dééerfniné the
cotrect construction of networks that can a'ds.ipt to my specific pro'-blem. Ido ;ibtl foresee a;ny costs for the univ‘f:j:'sity in conducting my
research as I already have all of the cquipment. and resources necc;s'sary to complete my analysis. I will possibly b.e using the University
of Notre Dame’s Center for Research Computing for my higher level computations. This will essentia]lj ailqw me to use greater
computing power, expediting my results, This W.ouid be at no cost considering I have an agreement with the ﬁniversity thxough my
employment, and would only entail a reference to the :cgn{er in my final Paper.

ITI.  Explain in what sense your project is original, unique, or beyond normal senior expcctatidl}s. How does it relate to current
knowledge in the discipline?

The problem is unique due to the end goal of producing computer ;generated faces from a descriptiot{ of text, This task has
been done, but not with the end result being an image of a face. My approéch to this probleen is original because of its unique
combination of convolutional neural networks, StackedGANs and natural la.nguage processmg While these ideas have been combined
in pmrs I have yet to see all three used especla.liy in‘the apphcatlou of facial generauon in the ﬁeld of machine lea.tnmg and arnﬁclal
intelligence. Also, when workmg with-GANs there is 2 certain amount of a.ttistlc hberty that the programmer may take with the
creation of the network. While there is research done on whlch GANs may p'erfprm best, the perforlmmtl:e depends on the type of _
problem and also on whit sequence certain calﬁulatioﬁs %.re déné. Ultil;nately, phe performance olf a network may come down to
personal preference, therefore leaving room for addition of my petéonai experimentation and preference.

Machine Learning, and more specifically realistic facial generation, has been a hot topic within nthe ci)mputer science field
for the past few years. In its resurgence there has beeﬂ 2 steady increase of ﬁmdmg and mterest in the topm within both govemment ”
and private corporations. Having the expenencclof \;ro:kjﬁé with th15 nsmg ﬁe]d would allow mé to gam valuable ieverage and

knowledge that would help secure interest from employers and gréater persodal edification.



V. Include a subsantive aanotied bibliography of similar or relared work.

S Lau, . Yang, €. Husng and M. Yang, Multi-objective convolutional learning for bice labeling, 2015 THRE Conference os Computer
Vision and Patern Recogninon {OVPR), 2015,
"This paper aimed w use convolutional nenral senvorks to label different facial features In a dataser of faces. The most
aceurate resuits were foond on their FIELEN dataser and ultimately could identify eyes, brows, anses, mourhs, lips, and
color of skin with an overali accuracy of B.854, IMproving upon a previons papers’ results of 6804, These results wore
Ralitlled theough the muthod of nerwork regulasization in » convolutional neuen) perwork. They also converted all images 1o
an RGB ixﬁage to serve as the dnpur 10 thelr serwark, -'i.‘hc:se methods allowed them © repudarize the network and maintin
comparitve results between both lage and small models. This paper sheds light on the impormnce of regularization and
possibly 2 different appeoach of convolutiosal neursd news 1o the discriminaror fnction that | will be constructing

Alee Radiford, Laske Motz and Soumith Clintala, Unsupervised representation learving with deep convolutionat greneganve adversarial
nevworks. arXiv preprine arXivi 151106434, 2013,
The cancept of Deep Convolutional GANs (DCGANS) allows for 2 new approach ' GANs used in compiner vision
reseaveh. Through theie rescarch they noticed that there s model instability when the mudels are rained longer due wa
coliapse of flters. A usefil strategy proposed for facial construction based on description labels i to use & vector of
deseriptions in order to diteer the model toward image ereation. '{his would requive using an X, ¥, and 7 vector for each
space, resuliing i moss accerate and compacr ealealations. By dealing in vector space the nerwork may have more control
over scale, angle, and will reduce the amoust of aoisy overdap due o incorrecs alignment of bnages in pixel space

ot Gauthier Conditional geneatve adversarial nets for conveltional face geneation, Class Project for Stanford CS2318:
Convolutional Newra] Networks for Visual Recogniton, Winter semester, 2014,
Iss ehiy paper the author discovers that using a conditional set of data combined with 1 GAN will produce 2 more conteolied

output. By having s condiional daraset you may be able 10 de

nistically control the output of the generator and
therefore have closer resulis to what you nay indtizlly desexibe. This s imporunt o my rescarch berause it provides 2 suall
example of 2 porential way 10 incorporate descriptive Inbels into 2 GAN syszem. The reseacch found thas with this initia)
conditional informaion we can gencrate froes with specific attdbutes, perfoce for our application of GANs,

5 Reed, Y. Akats, K. Yan, L Logesweran, B. Schiele, and [1. Tee. Generative adversasial text to image syarhesis, arkiv preprint
arXivi1605.053496, 2016. W
This cescarch also used DOGANS in order to tnnslate text deserptions of inages awo actual images. Both of the acworks

erformed feed-forward inference conditioned on the texr fearure. The restarch used narural lagmgy provessing, similar to



the goal of our project in order to turn thr; desm:ii:_ﬁohs into agtﬁal inlnage.:s. Ti:e-r.f:st;arclll concluded ﬁlﬁt a GAN-CLSl
generator network combined with a tempo:al structure would produce accurate results of d1ffe:er;t text variations. Because
our labels would be fan"_ly consistent I think the most valuable finding of this research is the concluslon that a GAN-CLS
network is most accurare at providing descriptive images of text. This model will provide us WitB a general basis for
generating images from =tc:xt.

Ledig C; Wang 7; Shi W, Photo-Realistic Single Image Spper—Resolutiqn Using a Generative Advérsarial Networlk. Compu.ter. Vision.
and Pattern Recognition. IEEE, 2017. 7 |
This research aims to decrease the loss incurred by single image super iésolupion. They accomplish this decrease using 2
combination of convolutional neural nets and GANS, further confirming the popular use of CNNs with GANs to produce
images. Using their SRGAN they could upscale images up to 4x the original resolution with very little loss. These deep
residual networks would be applicable to my research due to the potential high definition and accuiacy of our final images.
The techniques used, speciﬁéa]ly their choice of both type of l’ayerl and laye.r sequence, will guide the creation of my final
network. B | ’

Zhang, H.; Xu, T; Li, H.; Zhang, S,; Huang, X.; Waﬁg, Xiand Meta;(as, D. N. Stackgan: Te.xt to photo-realisticimage s.ynthesis with
stacked generative adversarial netvéorks. arXiv preprint aﬂﬁv:1612.03242. 2016.
This paper provides the most intriguing and closest meﬂn.od to my ;esearch. The researchers decided to utilize a StackGAN,
in other words a series of GANSs feeding inio one another to breal up the process of image genération i.n§o sections to
create a more accurate final image. The initial C[AN, or Stage-1 GAN lt‘me.aks down the text description. into a genergl sketch
of color and shapeina Jower resolﬁtion image, The éecoﬁa GAN will improwve upon the the Stage-i results. Tkiiirs‘stacked
GAN approach is an approach that I plan to use in my research consideririg the results of this paper, and the results of
other methods mentioned before. By using 2 double GAN approach we can focus each stage on a spema]ty calculation,
allowing for greater control over the conditional text descriptions and final output.

J- Choe, S. Patk, K. Kim, ]. H. Park, D. Kim, and H. Shim, Face generation for low-shot learning using generative adversa_riai networks.
IEEE Internauona.l Conference on Computer st;on Workshops, pages 1940—‘1948 2017
This paper is useful to my If:sea.tch given that the trammg data avaﬂab‘ie may be fimnited. The low- shot leammg method
suggested by this paper essentially takes attmbutes that we are lookmg to tecreate and creates other images, using a
convolutional neuralnet, that posscss those same atmbu_tes to conﬁnpe cha]lcngmg our uetwork du.rmg training, By using a
GAN to also create some training data, we are essentially giving ou;‘ network 2 stacked app.roach, similar to the work

described before. Fach of the metrics used to measure the success of this method, proved to show that the addition of



low-shot, augmented dara allowed for bigher accurer and coverage of the network. With this stacked approach we can
bolster owr training set and allow 18 to further wain our nutwork,

Han “hang, Tzo X, Hongsheng 14, Shaoting Zhang, Xiaogang Wang, Kiaclei Huany, and Dimitds Mewmsas. Suckgan -+ Realistic
Imwage Senthests with Stacked Generative Adwersanial Networks, ax¥ie: 171010416, 2017,
Similar i the other paper on StackGANSs this paper did a further study jnto seacking GANs. Thise researchers abso found

that by having mualiph layers of GANs thoy were able 1o break the problens of fmage generation dows into mors ea

BT
i

controliable sub problesus, The results for borh condidonal and unconditions! image generation were quite impressive. This

method of GAMNs beat var CLEGANs and most other popular varutions of GANS in qualitative and quantizagve

comparisons. The Stage-11 GAN thac they used essentially penerated 42 higher resolution images than the Stage-T GAN

create. Ulnimately 1 hope 1o wse s mothod of StackUG ANs in my vescarch as 8 will wnprove iy vacunditional imape

reneration task
Diiederik I Ningma and fimmy Lel Ba. Adam + A method for stochastic optimization. 3 XiviE412.698008. 2014

This algonthm is going 1o be the basts for most of gur optimivation when using {3 ANs. The stochastie, or vandom, nature
of the algodthin allows for a conssant change in the information presensed o the setwork, Ag Adam oprimization is best

used when the dataset is relstvely large, especially when compared o stochastic gradient descent oc fust regulas gradieor

descent. In this paper it s demonstrated through experimental resules thar Adam, cither with or without dropout, provides
the least amount of Inoss when used with sonafler basches and convolutional neunl nesworks. In my revearch § may apply an
AdaMax extension 10 the Adam optimizer if my initind training dataser is velavely small. Another advantage of this

optimization functon is that it requires Bide memory and accelerates the rate of couvergence for imuge recogaition

problems. T would consider using this optimizer on 2t least the finst level of my StckGAN.

Vo Provide a statement of progress t date and list the reseaech metbods coursework complesed.

! have maken the Machine Learning and Daa Science classes offered by Androws Uintversity, in which T have studied neural networks
and many forms of da manipulation 20d management. In confunction with these courses T have also been working st Nome Dame
in their Center for Research Computing, assisting on research projects that use GANs and other forms of neuss) networks anl

1

machine learning | am famifinr with both the rerature and cursent popular methods theough my exposare 10 curgent research ond

Notre Dame and my coursework in the aforementoned courses.
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