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To iIMEdD Lab avadnuootelel, oe eAAnvikn petdadpaon, to apbpo tou Mouikiap Kpdaumiep
and to Technology Policy Blogtou Kévipou Itpatnywkwv kal AleBvwv Imoudwv otnv
OudoLvyKTov.

Epsgovntég €yovv dwomiotdoel 0Tt KOpueaiol aAyOplOHol ovayvadpiong TPOSHTOV
£XYOUV JPOPETIKA TOGOCTA OKPIPELNG V1oL SLAPOPETIKES OMNUOYPAPIKES Kotnyopiec. H
TPAOTN LEAETN TOL KATEYPOWYE OVTO TO amoTéAeca NTav pa £kbeon tov 2003 and to
EOvikd Ivotitovto Ilpotdmmv wkor Teyvoloyiog twv HITA (National Institute of
Standards and Technology, NIST), 10 omoio Jdwmictwoe 6Tl o1 OAyO6pIOuOL
SVOKOAEVLOVTAV TTEPIGGOTEPO GTNV AVAYVAOPLGT YOVOIKAOV OO OGO avOpOV, OTMG Kot
OTNV QVOYVOPLoT] VEAPDOV OTOR®V G oYéon He avtd peyardtepng nAkiag. To 2018,
gpevvntég and to MIT kou ™ Microsoft mpokdiesav aicOnon pe o €kbeon mov
delyver Ot or alyopiBuotl tavounong evAlov —ot omoiot oyetilovral, av Kol Ogv
TonTilovtal pe ToVg aAYOPIBLOVS VALY VOPIOTG TPOCSOTOV— EIYOLV TOGOGTO COUALATOS
poAg 1% yuo tovg Aevkovg dvopec aArd oxedov 35% yia okovpOxpmues yovaikes. H
TO EVOEAEXNG LEAETN TTAVD GE OVTHV TV OVIGOTNTA OAOKANPpOONKe amd to NIST to
2019. Méoa amd T dokuéc tovg, ot gpgvvntég tov NIST emPefaiowcav 6t N
mAelovoTNTa TV aAyopiBumv epeovilel ONUOYPAPIKES SPOPES GTO TOGOGTE TOGO
TOV YELOMG apVNTIKOV (OTOPPLYN COGTNG AVTIGTOIYIGNS) OG0 TOV YELOMS BETIKMV
(avtiotoiyion pe AdBog dtopo) amoteAecUdTOV.

To NIST Bprke 6t1 dnpoypagikol Tapdyovteg iyov moAd HeYyOADTEPO AVTIKTUTO GTA
TOGOOTA TOV YELOMS OETIKAOV OmMOTEAEGUATOV —OTOL Ol JPOPEG GTO TOCGOGTO
CQAANOTOC UTOPOVGAV VO Elval amd OEKOTAAGIEC (O KOl EKOTOVTATAACIES OVALEGH
OTIG O1AQOPEG ONUOYPAPIKES Katnyopies. g mPOg To YELIMG OPVNTIKE, G YEVIKEG
YPOUUEG, CTUELOVOVTOAV SLOPOPES GTO TOGOGTO GOAALOTOC TEPITOV KOTE GUVTEAEGTY
tpio. Ot O10POPEG OTOL TOGOGTE TOV YELOMG BETIKOV amOTEAEGUATOV TPOKAALOVV
KOTA Kavova peyoAhdtepn ovnovyic, kob®O¢ M €GQAAUEV] TOVTOTOINGT KATOLOV
aTOHOV GLVNOWG EVEYEL LEYOADTEPOVG KIVOVVOUG OO TO VO AOPPINTETOL EGOAALEVA
KATO10¢ omd £vol GUGTNHOL AVAYVOPICNS TPOSHOTOV (Yo wopdoetypa, o0tav to iPhone
oag O0ev 560G ovvdget pe v mpdt wpoondbewn). To NIST dwmictwoe 6Tt Acudtec,
Aoppoapepikavol kot Apepwovol Ivoidvor elyav yevikd vyniodtepa mTOGOGTA
CQAALOTOG YEVOMG BETIKOV amoTELeCUATOV amd To AEVKA ATOMA, Ol YUVaIKES elyov
VYNAGTEPA TOCOGTA YEVOMG OETIKOV OMOTEAEGUATOV Atd TOLG AVOPES, KOL T TOLOLHL
KoLl Ol NAKIOUEVOL elyov VYMAGTEPA TOCOGTH WYEVOMG OETIKMOV AMOTEAECUATOV OO
TOVG EVIIMKEG péomg NAKiagG.

O mo onuavtikdg Tapdyovtog yio Tn peimon e pepoAnyiog eaivetor vo eivat m
EMAOYN TOV OEOOUEV@V, e TO, OTTOl0 Ol OAYOPIOLOL EKTTOLOEVOVTAL Y10, TY] dNUIovPYia
povtélmv. Qotdco, £vo devpuuévo KabBeotmdg eAEyyov TV «training datay O
UTOpOVGE Va. BpeL 0vVTIGTAOT] 0O TPOYPOUUUATIOTES.
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Qotoco, to NIST, emiong, katéinée oe moAAd evBappuvikd cvumepdopata. To
TPOTO €ivar OTL Ol SPOPEG OVAUESH OTIG ONUOYPAPIKEG KOTNYOPieg MNTAV TOAD
YoUNAdTEPEC G€ alyopifuovg mov Nrav mo axpiPeic cuvolikd. Avtd onuaivel ot,
KoODC TO GLOTNUOTO OVAYVOPLONG TPOCOTOL cuveyilovv va PeAtidvovtal, o
avTIKTUTOG TG MEpoANyiag Oa pewmbel. Axdpo mo gvoiwvo MTav TO YEYOVOS OTL
optopévol  adyopiBpor dev  €oel&av  amOAVT®G  Kopio  Olakplthy  pepoAnwia,
vrodnAmvovtog 0Tt M pepoAnyia pmopel va eEalerpbel €& oloxkAnpov pE TOLG
owoTOVG aAYOP1OoLS Kot dtodikacieg avamtuéne. O mo onuavTikdg TapdyovTag yio
™ pelwon g peponyiog eaivetal vo givorl 1 ETAOYN TOV «OEOUEVOV EKTAIOELOT G
(«training data»), tov dedopévov pe To omoio ot aAydplOuol eKmaldehovVTOL Yo TN
onuovpyio povtédmv. Edv ot adyopiBpot exmoidevovtol 6e chHvVorlo dEG0UEVOV TOV
TEPEXOVV TTOAD Alyd TapOOEY AT [LOG GUYKEKPLUEVIC ONUOYPOPIKNG KATNYOPIaS, TO
povtédo mov Ba mpokvyetl Ba givar YelpoOTEPO GTNV aKPPN AvayvdPIoN HEA®Y avTN
Mg Katnyopiag o mpoypatikés epappoyés. Ou gpevvntég tov NIST avémtvéav
Bewpla 0Tl avtdg evdéyetar va givar o Adyog Yo Tov omoio moAAOl amd TovG
alyopiBpovg mov avarntoynkav otic Hvopéveg Tlolteieg elyav yeipdtepn amddoon
oe mpocono Aclotdv and aryopdpovg mov avartdydnkav oty Kiva. Ot kivelikég
opadeg mOBavadg ypNoLoToiNoaY, Yo TNV EKTAIOELON TV aAyopiBumv, cLVOA.
OeOOUEVMV e UEYOADTEPT] OVTITPOSMONTELGN ACLATOV, PEATIOVOVTOS TNV amOO0CN
TOVG GE OLTNV TNV KATNYOPid.

AO6Y® ™G onuociog g emAoyng TV «training datay yio tnv amddoon kot pepoinyio
TOV aAyopiOp®mV avoyvoplong TPOoHTOV, oVTO T0 cOVOLOL OEJOUEVMV YivovTot
0AOEVOL KOl 7O ONUOPIMNG 6TdY0G, OTO TANIGLO KOVOVISTIKOV mpotdoemv. H
Evponaikn ‘Evoon, yw mapdaderypa, elonyndnke npéceota 0Tl €va KOVOVICTIKO
TAQIGLO Y10, GUGTNUATO TEXVNTIG VONLOGUVNG LYNAOD Kivohvov, 0TS 1) ovaryvadpion
TPOGMOTOV, TEPIAAUPAVEL TNV TPODTOOEST] TS TO KOEOOUEVH EKTTAIOELONG» OPEIAOVY
VoL «EYOVV EMOPKN EVPVTNTO» KO «VOL SOCPOMIETOL OTL OAEC Ol GYETIKEG OLUCTACELS
TOV PVAOL, TG €BvodmMToC Kot GAAOl mBavol AGYol OmayOPELUEVOV OOKPIGEDV
avtikatontpilovtal 0e0VI®MG 6To €V AOY® cUVOAa dedopévovy. Ot éleyyotl yio v
emPePaiowon ¢ mowdTTOG TV «training datay Qo pmopodoav vo amoTEAEGOLV
ONUOVTIKO €PYOAEID YO TNV OVIIUETOMIOY TOV KWWOOVOV NG HepoAnyiog otnv
avayvopion tpocdnov. QoT1060, £va 01EVPLUEVO KOBEGTAOG EAEYYOL Ba pmopovce va
Bpet avtictoomn amd TPOYPAUUATIOTEG TOV EVOEYXETAL VO, avTiTayBovV otV avénon Tov
YPOVOL 1 TOV KOGTOVS TNG OadIKAGING OVATTLUENG 1] 6T0 Vo d10BEG0VV 0TTO10dNTTOTE
TULOL TOL OAYOPIBOV TOVS GE Epevval TPITV.

Ot Appoapepikavol AvOpeg, Yot TOPAOELYHO, OVTITPOCSOTEVOVTAL OVGOVILOYL GTIC
QOTOYPAPIKEG PACELS OEOOUEVMOV TOL YPTGLUOTOIOVV TOALL GLGTIHUOTO TOV OPYDOV
eMPOANG TOL VOLOV. AVuTd glvar amoTELEGHA EVPVTEPMY KOWVOVIKAOV TAGEWDV, AAAL Oa
umopovoe va onuoivel 6tt ot Appoapepikavol avopec Ba avayvopilovror kot Ha
napoKolovbodviatl GuyvoTEPQ.

H wvoPepymrikny opdon Oa elvar amoapaitnn yio va evBappuvBel m vioBétnon
TPOKTIKOV EAEYYOL TOV OdOUEVOV UE TO omola ekmadgvovtal ot aiyopiBuot. To
eVKoAOTEPO TPp®TO P Ba MTav 1 EVNUEPW®ON TO®V TOMTIKOV TPOUNBEdV o€
TOMTEIOKO, TOMIKO KOl OHOCTOVOKO EMIMESD, (OOTE VO  OTOYOPELTOVLV Ol
KUPBEPVNTIKEG ayOpEg amd TPOUNOEVTES AOYIGUIKOD aVOyVMOPICTG TPOSMTOV TOV OEV
Exovv mepdoel Evav aAYoplOIKO EAEYXO O OmO10G VO EVOOUATMOVEL TNV aE10A0YN0N
TV «training datay g mpog TN pepoinyio. Avtoi or édeyyor Oa pmopovoav va


https://www.csis.org/blogs/technology-policy-blog/how-accurate-are-facial-recognition-systems-%E2%80%93-and-why-does-it-matter
https://ec.europa.eu/info/sites/info/files/commission-white-paper-artificial-intelligence-feb2020_en.pdf

otevepynbodv amd o puvBuotikn apyn M oand  avedptnrovg aEOAOYNTEG
JdmoTteLIEVOVG amd TV ekdotote kKuPépvnon. TovAdylotov, avtd OBa émpeme va
OmoLTEITOL OO TOV VOUO 1 TIG TOMTIKES Y10 ¥PNOES LYNAOD KIvOHVov, OTTMG 1 (P1oN
and vrnpeoieg emPoing tov vopov. Ot opoomovdlakoi, veevBovvol ylo ™ ¥bpoaEng
TOMTIKNG, QOpElS, emiong, Ba pumopovoav va Pondncovv ot peimwon Tov Kvouvev
pepoAnyiag, eEovorodotavtag to NIST pe v enifieyn g dnuovpylag Snudciov,
ONUOYPOPIKE OVTITPOCOTEVTIKMOV GUVOA®MY OEOOUEVMV, TOL OTOLONTOTE ETAPEIN
AOYIGUIKOV OVayVOPLoNG TPOSHOTOV B0 UropoVGE VoL YPNCILOTOICEL Y10l EKTAIOEVON
alyopiBuomv.

Qo1060, 1 pepoANyia pmopet va ekdNAmBeL oyt LOVO ®g TPog Tovg ahydP1BLOVG TOL
YPNOLOTOOVVTOL, OAAGL KOl OG TPOG TOVG KATAAOYOLS EMLTPNONG HE TOVG OTOI0VG
avtiotoryilovtol auTd Ta GLGTHHOTO. AKOUN Kol av évag aAyopBuog dev eppavilet
Kopio Stopopd oty akpifelo avapeca e SNUOYPUPIKEG OUAOES, Kot TAAL 1 xprion
0V B0 UmOpovscE Vo €€l KATOWL OVIGOTNTO MG OVTIKTUTO, €6V OPIOUEVES OUAOES
VIEPEKTPOCHOTOVVTOL OTIS Pdoelg dedopévov. Ot Appoapepikovol dvopeg, yio
TAPASELY LD, OVTITPOCOTEVOVTOL SVGAVAAOYO GTIG POTOYPAPIKES PACEIS OEOOUEVDV
TOL YPNOUOTOLOVV TOAAG GLGTNUOTA AVAYVAOPICTS TPOCSADTOV TOV APYDOV ETPOANG
TOL VOUOL YwL TNV avIlotolylon atop®v. Avtd eival amotédecpa gvpOTEP®V
KOW®VIKOV TAGEWV, OAAGL €V 1 OovVOyvVAOPIOT TPOCHOTOL Yivel KOwoO gpyoireio
acTuvopeLoNG, aVTd Bo pmopovoe va onpaivel 6Tt ot Appoapepikavol avopeg Oa
avayvopilovtar kot Bo mopakoiovBodvtar cuyvotepa, kabBmg moArol €yovv MoM
Kataypoeel g Pdoelg dedopévav TV apydv eTBOANG ToL VORoL. Zg avtifeon pe o
Mnua g dtapoporompévng axpifetag, avtd dev eivar Eva mpdPAnpa mov pmopel va
ABel pe T Peltioon g Teyvoroyiog.

Me avt6 tovileton TG0 onNUOVTIKO givorl vo PeTotomiotel 1 cu{ntnom yup® and Tovg
KIVOUVOUG NG avayvoplong mpoo®mov. OAo Kot mePIGGOTEPO, Ol TPOTAPYIKOL
kivdvuvol 0ev Ba TPoEpYovTal amd TEPIMTMOGELS OOV 1| TEXVOAOYIO OTOTLYYAVEL, AL
pdArov omd mepumrtdoelg Omov M texvohoyion Asrtovpyel akpBag dmwg mpémel. Ot
ovveyeig Pedtivoelg ota dedopéva texvoroyiag Kot ekmaidevong Oa eEaheiyovv oryd
oyd TG VIAPYOVOES HEPOANYieS TV aAyopiBumy, peudvovtag TOALODS Omd TOVG
TPEYOVTES KIVOUVOUG TNG TEXVOAOYIOG Kot OLELPVLVOVTAG TO. OPEAT TTOL UITOPOLV V.
aroktnBovv amd v vrevBuvn ypnon. And v GAAN, 0T, EMioNC, B KATAGTNOEL TG
EQOPUOYEG TO EAKVOTIKEG YO TOVG YEWPIOTEC TOVG, ONUIOLPYOVTOSG VEOUG
npofAnuaticpovs. Kabmg ot vevBuvor gopeig yo ™ bpaén moMTIKg peAETOOV TOV
KOADTEPO TPOTMO YL TNV KOTOOKELY] OLOTHUATOV dlakvBépvnong mov  Oa
dwxepifovial v avayvapilorn Tpoc®dmov, Ba mpénel vo dStuc@aiicovy OTL o1 AVGELS
TOVG €ival TPOGOPUOGHEVES GTOV KatevBuvon ov maipvel i teyvoloyia, Kot Oyl 6TOo
onueio omov Ppiokeror onuepa. H pepoinyio otovg odyoplBpovg avoyvodpiong
TPOSMOTOV givor éva TPOPANUa pe meprocotepeg amd pia dwnotdoelg. Ot texviKég
BeAtidoeig noN tpocmadodv va cupfdriovy ot Ao, oAAd TOALL Bo cuveyicovy va
e€apTOVTOL OO TIS OMOPAGELS OV AUUPAVOVUE GYETIKA LE TOV TPOTO YPNONG Kot
dtakvPépvnong g texvoroyiag.



Merappoon: Efita Adxov

Inyn: Tovidap Kpaumiep, The Problem of Bias in Facial Recognition, Technology
Policy Blog, CSIS: Technology Policy Program, 1 Maiov 2020

0 ovyypagéac tov aplpov, Toviliou Kpéumiep, eivar fonloc épsvvag aro Ipbypouuo:
Teyvoioyikng Iolitikng (Technology Policy Program) ato Kévipo 2tpotnyikav &
Aebvav Zrovdwv (Center for Strategic & International Studies, CSIS) otnv
Ovdorykrov.

To wopov amotelel avaonuooicvon, oe eAnvikn uetdppaon. To apbpo mpwtoyevas
onuooievBnke oro Technology Policy Blog, zo omoio mopdyetor ané o Technology
Policy Program oto CSIS, évay 101m11K0, pOpoaTolLacaousvo opyoviouo oo eoTiolel
o€ d1edvyy Béuoro dnuooiog molitikng. H Epevva. Tov eivar un KOpuuoTIKy Kot un
1010ktnoioxn. To CSIS dev Laufaver ovykexpiuéves moiitikés Géoecig. Kota ovvérneia,
0/&S 01 OTOWELS, 01 BEGELS Kl T, GOUTIEPAGLLOTO. TOVD EKPPALOVTaL GE QUTH T
onuoaievan Qo mpérel va Oswpeital 0TI aVHKODY ATOKAEIGTIKG, GTOV GOYYPOPEQL.

The Problem of Bias in Facial
Recognition

May 1, 2020

By: William Crumpler

Source: https://www.csis.org/blogs/technology-policy-blog/problem-bias-facial-
recognition

Researchers have found that leading facial recognition algorithms have different
accuracy rates for different demographic groups. The first study to demonstrate this
result was a 2003 report by the National Institute of Standards and Technology
(NIST), which found that female subjects were more difficult for algorithms to
recognize than male subjects, and young subjects more difficult to recognize than
older subjects. In 2018, researchers from MIT and Microsoft generated news with a
report showing that gender classification algorithms—which are related, though
distinct from face identification algorithms—had error rates of just 1% for white men,
but almost 35% for dark-skinned women. The most thorough investigation of this
disparity was completed by NIST in 2019. Through their testing, NIST confirmed that
a majority of algorithms exhibit demographic differences in both false negative rates
(rejecting a correct match) and false positive rates (matching to the wrong person).

NIST found that demographic factors had a much larger effect on false positive
rates—where differences in the error rate between demographic groups could vary by
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a factor of ten or even one hundred—than false negative rates—where differences
were generally within a factor of three. Differences in false positive rates are
generally of greater concern, as there is usually greater risk in misidentifying someone
than in having someone be incorrectly rejected by a facial recognition system (as
when your iPhone doesn’t log you in on the first try). NIST found that Asians,
African Americans, and American Indians generally had higher false positive error
rates than white individuals, women had higher false positive rates than men, and
children and the elderly had higher false positive rates than middle aged adults.

However, NIST also came to several encouraging conclusions. The first is that
differences between demographic groups were far lower in algorithms that were more
accurate overall. This means that as facial recognition systems continue to improve,
the effects of bias will be reduced. Even more promising was that some algorithms
demonstrated no discernible bias whatsoever, indicating that bias can be eliminated
entirely with the right algorithms and development processes. The most important
factor in reducing bias appears to be the selection of training data used to build
algorithmic models. If algorithms are trained on datasets that contain very few
examples of a particular demographic group, the resulting model will be worse at
accurately recognizing members of that group in real world deployments. NIST’s
researchers theorized that this may be the reason many algorithms developed in the
United States performed worse on Asian faces than algorithms developed in China.
Chinese teams likely used training datasets with greater representation of Asian faces,
improving their performance on that group.

Because of the importance of training data selection on the performance and bias of
facial recognition algorithms, these datasets have become an increasingly popular
target for regulatory proposals. The EU, for example, recently proposed that a
regulatory framework for high-risk Al systems like facial recognition include
requirements that training data be “sufficiently broad,” and reflect “all relevant
dimensions of gender, ethnicity and other possible grounds of prohibited
discrimination.” Training data audits to confirm the quality of training datasets could
become an important tool for addressing the risks of bias in facial recognition.
However, an expanded audit regime could face resistance from developers who will
oppose adding additional time or cost to the development process, or opening any part
of their algorithm to third party investigation.

Government action will be necessary to encourage the adoption of training data audit
practices. The easiest first step would be to update procurement policies at the state,
local, and federal level to ban government purchases from facial recognition vendors
that have not passed an algorithmic audit incorporating the evaluation of training data
for bias. These audits could be undertaken by a regulator or by independent assessors
accredited by a government. At a minimum, this should be required by law or policy
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for high-risk uses like law enforcement deployments. Federal policymakers could also
help to reduce bias risks by empowering NIST to oversee the construction of public,
demographically representative datasets that any facial recognition company could
use for training.

However, bias can manifest not only in the algorithms being used, but also in the
watchlists these systems are matching against. Even if an algorithm shows no
difference in its accuracy between demographics, its use could still result in a
disparate impact if certain groups are over-represented in databases. African
American males, for example, are disproportionately represented in the mugshot
databases many law enforcement facial recognition systems use for matching. This is
the result of larger social trends, but if facial recognition becomes a common policing
tool, this could mean that African American males will be more frequently identified
and tracked since many are already enrolled in law enforcement databases. Unlike the
question of differential accuracy, this is not a problem that can be solved with better
technology.

This highlights the importance of shifting the conversation around the risks of facial
recognition. Increasingly, the primary risks will not come from instances where the
technology fails, but rather from instances where the technology works exactly as it is
meant to. Continued improvements to technology and training data will slowly
eliminate the existing biases of algorithms, reducing many of the technology’s current
risks and expanding the benefits that can be gained from responsible use. But this will
also make deployments more attractive to operators, creating new sets of concerns. As
policymakers consider how best to construct governance systems to manage facial
recognition, they should ensure their solutions are tailored to where the technology is
heading, not where it is at today. Bias in facial recognition algorithms is a problem
with more than one dimension. Technical improvements are already helping
contribute to the solution, but much will continue to depend on the decisions we make
about how the technology is used and governed.

William Crumpler is a research assistant with the Technology Policy Program at the
Center for Strategic and International Studies in Washington, DC.
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