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B érm t clasdiication ol egazabilify of astead
cal objects1s @udial to diim'sn g (ol ”q/ - obsei{aﬁms
= d mm<&s ‘/ T e ad(ut dhe\qt ga e afim
S 'S Sutw as e Warge ® tic Sm{f{ Welesc® e
( SH, cezil et al. SHW Scra ce Collaba atim

;al. 2609 adte Z‘/Q( Waaw Sre t ﬂam&( (R
Ben!h et al. 2019), aute atic §R elw es axe 2@ lired to
categadize m mfeecedem tedm omt al it CRg esn to
LY ® Qﬁe{ oum\( ™ sem ¢ all abull'( classes. Wo s
™ de ati'w eleam’sn g as bem @R led to so«e e clas-
dicatim Qeoblm dicde tly . W ezdem icatim o ob-
jects‘{\'fh\ qel‘(aﬂ'Jabxlxt( Qe extres;w QKRS still ee-
liesu ea(ik ™ g1sual K ‘ectim l(‘l“m a R ats.
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Clas#i iexs axe seldm tran ed usw g rge It cwges
due to ezt M dyw o -mHoe ww baee o obsex-
(atimal & o s. ?stead, Weatwes’ o ut J%@ di-

~~ msSms a&e obtan ed, aRrocessy g as feature ex-
traction. Leatwwes Q'Jcaﬂ{  clude 't e ¢ axzable § etzod
( b 1976; Scaﬁg}61982;"8“t1‘< &z b g-Cz 1996;
Q acs et al. 2002), m Rlitudes m d zafios of dWFex-
at Touwia co Qoumts (f m et al. 2015), md swm -
R statistics of t iy (azation (e.g. stan dard de-
atioe md ;gowess). Padw dovest @) clasdies
dw ed m deatwes obtdm eddree §u ote etxzc datan e
bem e blufca t ofe ost ceca t clasdicatim &Fats
@ axds et al. 2001; Dubate et al. 2007; Blow et al.
200 2; 4% et al. 204 Al asc: et al. Q(HL,(*!( « Barlex-
Lo es 201 6; U«amgm et al. 20I8; @de et al.
201 8). ﬂ‘(e\% Reobabilistic Kl et od,éllu toan es
% to accom t w caxtdm fzesm bot featuwes m d labels
@Pécs et al. 2019) 7 olds Qew 1sew<a Qe Qg kTSR -
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(o = ce. & aual selection ol deatwes still
e lres ww @ dousStm m ‘L(og'a @ t.

De®® atfiiczalv emwalw et o s e atteacted eecm t
atte f7m 0 e Quy dical séra ces due to t ér abmt( to
ad Uik e ea'n glul data e@eesm tatiow s ‘1'1‘11“1 S al

tw A wRut. o asdugsics alm e, galgg «u al-
og clasdiicatiot (Diehs 20 et al. 20152 < m g0 W O-
2at 2017), e sre t 2 d groR I et detectim (Cabrava-

yeset al. 201 7; S a]]ue&/a 2 deebw g 201 8; Sedagn at

(g8l aabal 2018), a d, of cowse, ifat cm{e clasdiica-
o (s guimee et al. 207 Al Ut ydThew a et al. 207 9 e
be #1ted dewe e success af cog olufio alw ewalw et-
« o s (O s) - age 2 d s& um fral dataReocessu g.

‘< utom codw g wecwam twewal wef ons @YY s)
("1‘1‘(1 Rresayg et e st um ralw o atioe ol R ut data,
«@edomd to be &Feciyen qhactm g eReesm tafy e
deates ke It cwges M aul et al. 2018). Wue & -
codee cm Rmumt ol tex el o tones It cwges as
‘% uts m d g exates {eatires afa Ut I e du msion.
Ni e decoda nwm atte Rts to wecm struct e Iifat
ClRg es usw g ul( e m coder-gm e ated deatures.

o atti’s gt e Recm steucted 1w t CRg €8 (1 T tee oig-
 al w R uts, e autom coda leam s to 1solate esse tial
deatimes T at . awactedzze e it CIR¢ es. Inetwe
o™ tim al a@ §eoatw ‘/1 ae e, um (™ d “statistical
{eatuwes axen m d-selected, t e P@ﬂu s alom  deatwe

actim ‘C T outm M teﬁ<u tion .

Al ost ol e Q;e(' ous atte ts at it cwg e clasdii-
catime {ocused u% ™ cmﬁect( Re 7dw g object Iabels.
:1 aaeaustic( mytq/ QYR M N d: w sable tas
is to ™ Cy & obJects( T Qe q 70USy ™ sem QQ es of
(a&abilife, so called novelty detection, m ® g a lage
ww ba al objects alsw g classes. Zou g et al. (2078)
'} g ereca ‘ml( Qe osed a drm 6 O tat cs bwoes au-
tom codu gdeatwe  Ractim 4‘1’11 ay.aussia Al g twe
A odel GAUAI )-based ™ s® wgised e al detectio
Sww e.

';l 'h':slettea,«e&aesa t aw e alv ety o awitecte
teat ce Baoestee &Farts al) aul et al. (2018) m d Zow g
et al. (2018). W el ‘/ejomt( Rt 1ze M autom -
codn g PYNY o deatime ¢gtraction km «&able Iiw t
cwges md a estw atimwel o o clasdiicatin a d

\q(elg detection . W cw oty atio (s s‘/on; 18 to
Row ote twe @R catim ofe ulfi-tas <« ewalw et(m;s
a{aajahht( ala%&s

2. Al ]I« ODS

2.1. Data and data pre-processing

me\et/on s aned usw g e it cm(es&m
oL I-Sgts ute ated SU&{Q do SR e qrae 4 54 S-
Sy ){m’xahe Staxs Database’, a d . (So @8 ee et al.
2005 liggasw e et al. 207 8). dl elita % cwy es, obtan ed

kw e m 7 e database’, ((Q'Jcaﬂ{'l gevm dieds o
Romsny mdgbads Tew M e:( ast database, m i{
It cwges of ((Ei es isted'w Wable I ~ee selected o
clasdiicatim @ W oses. W ese ¢ akzabulz %Q €S€441 be
calawed to as’ egatzable superclasses.

Kuee data selectim = d Reefuocessw g Rrocedwe
closel¢ wesa bleste at al} aul et al. (2018). Wow s Ize
cousion e selected sowces based ™ ‘wdom afim
ke e ASAS-SN ¢atiable star catalog. Clasdiica-
trm s e catalog, ga exated usw gt éx KT clasH e
ate teeated as t e teue labels of e sowces. ‘/ew ote
t at 't ese Jabelsw ot be cm Rlete] guuae @14{
{aa'xables‘c'x‘tl clasdi icatroe Rrobabilifres abgee 90% = d
at Jeast 200 & otws e used. Wit cwgees (T SU-
PERSMOOTHER vesiduals geeatex w2 0. 7v€ ecew Itted
to®™m swe m [ true ezodic sow ces ¢ ae'n cduded. Tol-
Igng Ua( asi e et al. (2018), e dw'te edfiiitered out
satwated a d {asn t sowmces T V <IlaadV >1IT.

h ted SS9 « &able stax database, sowces 't at
dow ot eet 't e clasd icatim ateza avevelared
to as {aaiabie staxs of m f ediied QE e (VAR). Ruzs -
W ogm eous categ co tdw s obJects‘/}ll ,(EihabuJQ

R es™th at ameRdu ¢ ally diWPaee tikw e suf eclasses.

ce‘meqUngtcm(esae selectim mIpe atee
L classes, e VAR objects axe ideal {ox assessu g
e aliLt( ol 't en el o s detectsn g m sem sm § les.
S u&u{, cu\( VAR sowces (Tt at least 200 obsexg a-
tro al & ot Sy ae selected. qu o clasdiicatim Qeobabul-
Q*t & SR e oot e eesidual cuts( e QR lled to'tw e
it ClRg € s ue cesn e VAR dass.

PeeRrocessu g begm T e Ratimng of It
cwgesn to sé ue ces of & ual Jm gl s, n = 200, as e
autom codex 1s R . 1zed to Rrocessu R ut sé um ces af

‘ed dw ™ s s. W e abgeRrefrocessn gresultedw a
eeduced dataset of ~.8,000 ign t crg e sé ue ces™ e
s eclasses m d ~5,300n e VAR class. Néw g -
odsem taed 5 S-9f catalog, 't e sé um cesg e’ m
P1 asedolded. W e Pu ase da eatn obseﬁ{ atim & oo, t,
« as tw e Jaced Q . e;eiatﬂ(eél ase bet( em 't e ce-
tem t mdteeRrgious | o At. :1 g atfrcula, do e
j-tw easwwm wmt, At; = t; tj_1,‘1‘l a«eas Atg = 0
1s asswm ed ko eiﬂst &® oh. W e obsay ede apui-
tudesw eatm Iat curge sé ue ce x o a@enw om alized to

wye v e o za@o md a sta dwd dgratim of e,

X — (X*()’)/S,‘%‘leﬁe ,/)7 Mmd s e tew em md
st daxd dQ'Jaﬁu ol e sd um ce. W ew castkm @t
arRms o aew om alized b( e sm edactw, o — o/s.

2.2. Network Architecture

L https://asas-sn.osu.edu/variables
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Figure 1. Solmms afic diagmm of t eas 6111‘8.11|efﬁ ol araditecture. W e structure of # e PN automscoder -follqc s¥ aul et al.
(2018). W e esims at:momset onl s wms ilar to W at usedis Zmag et al. (2018) ¢gcept for # e added meexd ot cn»éfs':n dor o e

classt cat:me tasl .

‘d sww atic diagem of e ewalvef oy W s
COx I8 Mg W Wigwe . |t oo Rses o t o sub-
- et'(m; St
Autoencoder network:

Teatwe ¢racton 1s Q edeome ed usw g 't e autom cod-
gAY w0 Waul et al. (2018). Wue & coda v d de-

coda eatm cowsist o {0 la(eﬁs ol (yated Pecwmam t
E{'Jts GP%S) 1 kR out lake@ s cluded bet em
e froteciwa t Igas to god qeliittn g (S astya
et al. 204L). i@ a batw of Nwom alized, §u ase-

2 A dropout layer randomly ignores a fraction of units and their
connections in a layer during training. It improves robustness by
preventing the network from overfitting with sets of co-dependent
weights. The reduction in network size also reduces training time.

KoldedwR ut ifn t ClRg € se e ces (At;,x;, 0',»),(:1 «e g
de otes e -t It cmge, e m coda congats

w to teduced-de @ S0 embedding vectors, z.; € R™.
Nie de m s of em beddw g gectar, m, s a use-
diin ed @ axm eter called Y e embedding size. M ewm -
beddwn g ¢ectas are tnm used torecm suct t ey ut
It cuyges x; e decodex. Wolloé'm g Waul et al.
(2078),tu e Jossdt ctim to bew 3 1zed st e éifn ted

oy cm duaRe ar,

4
-

N
Lag = N ;(Xz — %) wi,

T~
4
~—

gleﬁe w; =1/0; 18 e sm Qle‘(e’fglt{m ean € ot ,
adwe ()2 s efm @ty ise R eafion . Ws Joss
(m ctim s adga tageous @ e cogm o alw em
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Table 1. »afxable superciasses med o €r casst:tumet subclasses.

»ar':able E!’pe Superclasg & bbme»';af;n s Bd S-S Subd ass® Vst ber of k ot Cm»e Syums ces”
Cenl é:ds CEm A C/\B, DEC®, DCEPS, i 536
Delta Scut: »af';ables D];E ](;évm,% DS »‘ 720
Eclipsasg Basaries ECr E | EB, E“V 25,713
M _[ira »ar': ables M A 1,020
Potat:meal »af}ables 40 "¢ 40 "¢ 805
PP r,vae oii!’pe < a:dB PPL B PP B 7,809
PP Yy ae ofﬂape Casd D P& CD PPC, P D 3,0
Samy 1P egular »ar';ables SP SP 8,156

4P eaders are referred to 1 1’(151|g1 e et al. (2018) med o & 84 S-S »eu" able Stars melase database for # e detailed descriptimss

of # e subclasses.

i}!m ber of gl t curye stiyumsces after data pre-procesisg.

duae aR® s Mt at it «® ]Jé;hl{ ‘u cludesw easwem ™t
RS KW 'uegula.}{ sm Rled obseﬁ{atms Hacoutn
e ate Tzatim c{hede‘( afim be‘g/eu e ut mdee-
cm steucted i t cuy esd_ um t[ned b( Lag,t e®m codax
1s dmected to Rroduce-w beddw g gectars t at cou ten
eReesm taty endom atim ot e aign al It cwges.

Estimation network:

Clasdiicaim 2 dw @elf detectim are s ulta eous]
accm R 1w ed lx t e esta atimw el oy . Ky e R ut dea-
twegecta to e estw atim el o s cow steucted b(
ce Pws g e autom code e beddw g 2z 4, o add:-
trow al veco seuctio e e deatwes z,;, m dtaeee ay’
kg deatwes z,;. Wollgm g Zouw g et al. (2018), te {0
tecm siRuctim e deatres aket e Euclideam dista ce
2 dt e cosm e '113&'1%,

xi —%Xill,  xi-%;

Ixilly 7 lIxally 1%l

(2)

Zy g =

s

cuae ||y dwoteste Lowon . Wiew e 2 d st -
dacd dQ(' afrm of eam Iiwt g e st um ce &e o™ -
bned( Tt “me{amabtesiiemod tolom e aw
deatwes, z,; = (‘xly $i,10810(F;)). Wae xR ut dea-
tme{ectm to e estw at;u\e‘g/m; tan es 't e dom
Z; = (Ze,isZr,isZai); 1 T de m S, l=m+5.

Wee estw ationwef op corvects te xR ut deatme
gecta to a ou® ut la('eﬁ ‘weoufn a sw o gle da se’( ™ -
\ected'l';ddm Jya. Miedu s ol e outd ut'l

s aQue-K ediedwm ba d{auable classes ‘/L(l
also cm;e@mds to 't ewm ben ol (y -aussra- ¢ twe
oo Qmmts. &R out Ja(em 18 added alter ta ea2d-
de 'a(el tow “ate 1ze qeﬂntfmg Ny e out® ut la(
EldS( M a softmax acty atio {m ctio , Qeoducn g a
K-da & Siowal;w o alized gecta, 4, Juose efm @ ts

cm be'n taReeted as t e Reobabilifries of belm gn g to
eaw ¢ axiable class(y-aussim cm §mwt.

K e clasdicatim {m ctim aJJQ 18 tdw ed b(q a0 1z-
‘U gt e categadical oss-& 110?< loss,

LCE—_*ZY'L JOg 71 ) (3)

(1 aey; st e teuelabel ol e i-ta Lglt cwg e ¢ Reessed
as a K-de & sm al ue-‘tot{ectm ,mdtwelogis
ehm ™t Ises atwal Jogaxrtew ™ ;. Wo gm ekate tae
clasdiicatim label Reedictiow s, ta e s g out® uts, ;,
ae cu(eﬁtedx to ™ €x ot g ectas, Vi-

e (eatme{ectms, Z;, 2 d te estm atiow el o
out uts, v;, ate used to ce § ute 'tn e ikl § axm etas
usw g B uatio (5) of Zow g et al. (2018). ollg gt éx

~otalion, pry 7s e ew e Jocatim , 3 Is e o atia ce

o alty, ad ¢, s ew e awwm baw® Reobabilz
of e k't (yaussm om Qoumta e deatee K ace.
Kie sm Rlewm ®g ol eam It cwge s ue ce caw be
cm § uted b( °

K
E(z;) = —log (Z o fk(zi)) ) 4)

k=1

(1 a@e & 1S e am alized ?nobabuJK de suK N e
k-t yaussm cm §mwm t,

QR (=3 (2 — )72 (20 — )
(2m)3,]

&n(zi) =

log 1s 't ew atwal JogaxTte , m d |- | dew otes W ew a-
&y detes 3w at. Duww gw el o R g, e e AUkl

3 A one-hot vector is an integer vector with all but one element
set to zero, with the non-zero element having a value of unity at
the location denoting its membership among one of the K classes.
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Figure 2. Lefl: Wi ensams alized casfusiimems atry fmm # e jonstly traaved automscoder-esim atimems et onl . Right: Khe e
e»olut'an of t e automscoder loss Lar ams puted fmms # e palidat:ms ‘dataset duz'uguet’( onl traadasg. B& e solzd Jases o % e
heaﬂ’m ootd ed trmeds. B ¢ Javes (1t Iigl ter colors sl g s # e actual wums ootd ed parratimss.

P arm etees awe detoma M ed m d e associated loss s
e a'w Tzed usw g

;N
5 B (6

=1
Mt 170 g te estuw atim ety o e M 17w g
Loy 18 @\wwut to ttwg e Aill R arm etes
agm 17 g e log-lp el ood. Lt A g, e

NI 9 acma etexs ™ ould ad@\uateJ{ desatzbe M e dis-
&ibutim of gatzable (Res™ e dcatwe § ace. W &
{om s d{ m’JabJIJQ cam @ be detected as outliexs dan
3 ewm ey ausdm cm f oue ts.

Hee q(eiab esta atu\e‘g/cn; atItectiwe IOuQ/S
Zm g et al. (201 )ciose( but t ete axe fom dn di -
@ ces. Wrst, t ex e‘g/on; s tas ed‘/fll e additio al
geobrm o classr catim . Secm d ( M e addiftm o
‘e classt cafio Joss, 't qAlAll 15w ot susce trble to’t e
s gulatif Rrobre . W e cqraRiam celossis 't eealore m -

L ecess®g ™ d= stted.

Lavm =

2.3. Training Strategies
K e duaka ety o am itecte (asw P Fe ™ ted us-

gt enasikhu R aq age (&O.uet et al. 20]5)( It
allm s g bagw d{< bad: et al. 2015). .t ~as bult
o ey afy ubsa RFe ata‘&u&qded W aul et al.

(207 8). Mue somce code a d a subset ol ta'e ASAS-SN
data axe a(a'slable abu tf) s:/ /g ub.ca /bta tsa g/Ded®
Class: el el Detectm

et ts am d brases a boh\et‘/m‘s ae nifralized
1 M e GLOROT_UNIFORM ‘% ifralizex (G dxotgg Bew -
g10 2010), a0 d ta e Joss m clime 75w s’ 1zed usw g e
ADAM Rtw 1zt wm age Ba 20L.). ‘Ce ™ ose tue
sm e et gatiable s eclasses as used W lgcasm e
et al. (207 8,Wgwe 29) sota at drect ce § azso's caw be

¢ ade be‘yeu clasgi catrm R aulom =2 ce. W egatzable
subc/assest atw e 1) eatw s &class ae swew awized
‘a Wable ].
Wo dem =™ steate tu e{eﬁsaﬁxbg ol e dual ef o,
f o s g RRroatw esu gee bem caied out;vwm e,
te joint m d sequential dne g. ™ jon t dn g, botw
e autom coder m d estm atim el o ae Rw 1zed
s wtm eousl< b(ﬂ ‘e 17% g e total Joss,

Liot = Lag + ( Lovmm + Leg) (7)

‘&1 @e'tn ePredactm  cmtols e ﬁelat';{e‘n P ta ce
o el cm §mwt. Di enmt{alues al '1a(e
bem tested m d a dudal galue ol 70 3 « o8 el (o
e ciew t AR Ication . War € um t& an'n g, e au-
tom code 7s wst tedw ed utiliza gm iy e Lag loss,1.e.
e gact dnn g sRReoatn usedn ¥ aul et al. (2018).
W e estw alim~wef oy s an ed anfteg( aRdse e 1z-
g te § mte edized loss teme s of B uatim (7). e
= ofyatio dom cludw gt e sé um frally fwan edw odels
s ‘%dold: 1tReoduces m ‘n d® ™ dm t]< wadn ed autoe -
codex ("’11 ‘/"1'111 e ca be e ap ow classi catim
accmag, 1t also Q\q des m R wtmity to assess e
52 os&bmg al attas gw c(eiy detectim m ctim ahg
™ Ree-am ed deatre qtﬁact“u R Peoam es. :
tdw 80/20 K1t is used to dizde e Iiwt cwge se-
O ue cesn to training = d validation datasets. Wo gee-
sag ety eR acm tages of sé um ces™ eaw ¢ atzable class,
e antifron 1sQ edome ed usw gt e STRATIFIEDKFOLD
fm ctimw ol e Ei(h ™ SKLEARN R aq age. W e galida-
tim  dataset Is (Tﬁ'l ald fkw  tew ety om ducan g e
@ tRe Wan'n g stage, m d7s used to detem “u e’ e clas-
§1 cafim accwag of 't e el on s,
Kue foqu{m g R axm etws awe used ' both wams g
aPeoatm es. & total o 96(‘{)?%8‘616 used . bota


https://github.com/bthtsang/DeepClassifierNoveltyDetection
https://github.com/bthtsang/DeepClassifierNoveltyDetection
https://scikit-learn.org/stable/modules/generated/sklearn.model_selection.StratifiedKFold.html
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Table 2. Classu catims accm‘acp ne (hJo»at detectims penfam mecedor e duczais ety onl

‘C'Jﬁ nemm beddasg s1ze of 16. Qu

s bersias Darn& eses carrespmsd to results fmmems efy oud S

trassed ussg o e add:trmeal pd otems etric features.

j st Wraadaeg S8yumstral Wraadaeg

Classf catime ceuracy

Estay atrme i/ el onl

98.8% (99.1%)  96.7% (96.6%)

Puscen Torest 99.2% (99A%) 99.2% (99.2%)
¥ opelty Detectms Scores Precisima 0.885 (0.898) 0.875 (0.896)
054 .\,’gjmme Cutas | wecall 0.815 (0.957) 0.778 (0.933)
Fy scare 0.8 (0.927) 0.8A (0.9M)
¥ opelty Detectas Seores Precisima 0.686 (0.700) 0.683 (0.696)
80N Porcasfile Cutes  Pecall Al (0.997) 0.935 (0.986)
Fy scare 0.793 (0.821) 0.789 (0.8i6)

la(eﬁs o e YW autom codawef o . Mednn g s
dme‘/ M a costmt batm size of 2000 m d leaw -
wgeate of 2 x 1074 da 2000 @ o s. Decf out eates
aefiged at 0.25 ad 0.5 {w 't e autom code a d es-
e atioewefop, e ect“{el ‘/e{aﬁled . em bed-
dw g sizes bef em 8, 16, 3? wd 6. Wie sze of
e 7dde la(eﬁ % e estw atim et on Jsi‘ed
at twewm beddw g Size. *ds a batew ap, a s aate
gid of KT cdasd s ane teamed usw g e @ codex-
ga aeated deaties alterw ef o Wann g, ‘/e ad® ted
a gid of n_estimators € {50,100,250}, Yeriterion
€ {gn1,m tl(ﬁ{ }, max_features € {0.05,0.1,0.2,0.3},
a d min_samples leaf € {1,2,3} 7t e SKLEARN
RANDOMFORESTCLASSIFIER* § fs @ tation .

3. -PESFFS./ VD D}'SCFSS?'O}! S
3.1. Classification Accuracy
‘dsm beddw g sizes o 8, 32 aad 6. ul( &F
e awgn all dFamt ) adom amcen bot clasdicatim
2 d gelfy detection 3 s Wetter, e lldocus o e
cesults kew 't i duciata odeis (Tt e beddw g size
ol 16. Meew o alized coudusiors aiy ks e jomt
welop Rann g'Js'&q{;( o WelatRm e o Tigwe 2.
W e g aall clasdiicatim accwmag ol egalidation data
75 98.8%. ™ Raxticular, Y e clasdiication P alome = ce
™ Qasses( M cRIousm om ts ol ipa t ClRg es; ™ )
ECB, & I caec, m d P, 154w e edect. T sé um -
tral Kaznl ¢, t e clasdiicatim accwa Gl slitn t'{ to
96.7%, P en‘{ due toe 1sclasdiication s ' tae Jess
R ® ulated s\ a&'classes.
1ds a cm Ratlism, e bestf alom u g KW casd i
gges m accR ag o 99.2%, wegadless d“%l e e
et op s tan ed jom ﬂ( @ se um tauk K i e
accmag of T s R ected g its o™ R Q eela-
e to e basic estw atim el o . ™ = fact, e best-
R alome u g P clasd s e gizd QQ ca‘% cou tas

~10% dedzgm tees, eatn cow Sists of ~10% odessd PO
clasd e 't eealoe con téim s ~10% wem able @ axm etexs,
(1'1 aeas 't e de sel-coew ected I as of T e ests atim
et o gee ~ 200 — 5000, de) & dw g ™ 't ew bed-
dw g size. e clasdiicatio accwagg a dwy th( de-
tectim § adome = ce scares{m botn Was's g a@ Qeoatn es
ae swew aizedn Wable 2.
edipnt R el al Tigwme Qh%she{abdaf;u au-
tom code Joss g fu e dutm guef oy Wann g Wue
jomt tedan'n g RProam Ofese el idmt awn g o
e autom codex, cm §lefn ga ost ol its leamn g eal}(
™ alter 10%s, ot just ~200 & ot s. Fgo teoupn s@ we -
tral tedn'sn geeam es sl t1< }% @ autom code Joss
mewmda e Raw'n g, clasdicatim accwag 1s J%EVK
-« qm’u eless. "rt suggests ‘t at W ulta eously R ti-
12w g botew et ans, e autos code 7s ahle to bette
tetan class-R ediicudom atio { 2w e &Fecty edea-
twe ¢teactim .*4 @oss all~a beddw g sizes (8,16, 32,
Mmd@), e jont tednn g B eaed toeeduce stotm astic
Fiuctuatim s e autom coder loss, allqa g s ez
co Siste t tRdwn g

3.2. Novwelty Detection Performance

s dter e ew el o Wann g, 't eGAUAl § axm etes e
cm R uted mdﬁ_‘/ed UsH g 't e @ tre wan'n g set. Wae
VAR Ita t CURg € & U ces avew ed( 't egalidation
dataset to {om ' e test dataset dor el detectim
T contaw s objects bot ke e s e classes a d
atee VAR {Re. Wit cmge sé um ceskm e test
dataset ¢ &e assed ‘u to . e @ codax to gm exate
tee beddw g gectors. Wogeth e (T e tecon stuc-
toe e = d aygil eatikes, e sm Rlemag o
. dyrdual sé ue ces ca tum be cm R uted usw g Blua-
fro 1), Wit cwges (T s Rlem exgies abgre aRue-
selected § @ cen file cuté®u e teamn g set, e.g. at 80%
® 95%, s diagged as novel sm R les.


https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.RandomForestClassifier.html
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Figure 3. B e meergydistogmm s of # e jdastly trdasedaset onl, it out (laft) med (8 (uglt) W einsclusims of pl ot etiic
features. <y meergy cap of 200 Issms Dosed({u creatasg t existogmme s for better *suad 1zatime. W& e »evtcau dasl ed lases

desote t e 804 ms

958 percastiles of o e traadsg set. B e secms da? peal s at

50 t e Case{\ 18 mecluded pl otems etric

deatures are # e result ofs 7sd s gae agsitudes/col ars, M ere a g palue of 997s used.

NielatRa e alflige 3™ § S’ ewm eﬁg(‘lbstogcm
al e It cwge s U™ ces e trdwa g/{ahdatm
dataset m d of we VAR Qéie ‘d Toufn e exe s a
shiintm omt of qele b&o( E 0, t e ajo
ot e VAR objectsw g édin & m g ™ d aeys sua‘{
drsta ct. BNsw g a 95t § eecen file cuto |, e Ruedisim’,
wecall, m d F scaee aee 0.885, 0.8715, ™ d 0.8.8, vex ec-
t;(ell(.‘/’z‘h sé um fral wan'n g, 't e adome = ce scaxes
ae st lq e, at 0.875, 0.778, a d 0.82. ees§ ecty el
e eeeduction s eecalls 9 ies™t at e svew e VAR
sm Q lesw J‘ed‘tom Eiies‘/ Tt 1q/ ueﬁgesmd(ut
m detected, suggests gt at 't eAIAl o R mm ts a&e

ot asg ell- tted. W e cdoma = ce scaxes ae also sm -

. aized 'n Wable 2. Degute twe lo(%ea accwagg = d
“« ((dk detectim scores, 't e § adom 2 ce of s um al
tdns g s satislact .t suggests tw at 't e estw afim
el op ca be ﬁeacL‘Q %:tegated('f'm istw g classt -
catim 9% efw es ("’h Pee-cm R uted deatwes, e.g. fwm
Towrer aa«&s to da{eﬂ additroe afa qelq detectim
(m ctrm aAJQ.

3.3. Inclusion of Photometric Information
Woew ajotify ol 7s-classt catio ' e coudusiors a-
Wy @gwe 2) QR emsm m g classes CEPy Al , md
PW,‘/:I oselxgltcm(es ae scarce m da twa Srcal § -
aw to me m ot ex. W outn all classes ba e ted drw
«® Ixc'xt}( wcdudn g e aygihag deatimes emw ag-
~tude, sta dad dgratio , ¢atrable § azod), e tree
classes abq er@ ure tww {a saf:lact class: catim
acClR & Su ce te estw atim el o 1S te m shle
{ classi catim  and< qely detectim , 1t s R ected
t at<ese Q& ((ed class! catim accwag ‘/m auo( oL LY
cm Q™ ts to be betta o fa 1zed o ww m cedw -
e« detection .

P otm etz @ um titres drw ¢ tex al catalogs axe af -
f® ded as addifim al deatires s = atte 9t torewe
classi catim accwmacies a d tusw Regev quQ de-
tectim . W e @1 otee etk C{aiues‘/eﬁe;etmq(ed&u e

28BS S}l atzable Staxs Database a d co cate ated as
Pant af tueuf ut deatiwes to ta e esta aticl\etﬁmp
td s o cwew b te free IS to W e e deagibils
s e matn g additio al e ote eic deatwres, al{
teeee catalogd um titres ave selected;wwm d{, ey dra
DP2 Maw apitude,tn e Ggp  Ggrp cola, a dta e
sotw &t (ydia Grp ba de amitude Wrp. Wue W ee
cmlused classes axe distu ct1< s agated . s colae-
. amitude K ace (ba( asw @ eet al. 2018, Migwe 22) 44 1]
S{m etets dhe\eﬁ/m(eﬁel eld ‘ed(1uetlaaug
1 Tt P otwm etticeatires so a dwect ce  alism ca be
¢ ade.
T 't e addifrome o't e otwe etticmdom afim e
« N alized accmac('a ‘we CEPy Al , 2 dP (W classes
ate boosted W® to & %, 93%, 93% wesx ect'u‘(d{ K e
qenau cass: catim accmac( w weases W to 99.1%.
Al ost=a Eioatmt( e q&k detectim § axloma 2 ce
<, P qed to ceatn = F; scae of 0.93. Wa's g ®dse
dm ™ steates 't ate bedded Iifa t cwefeatmes cam be
Wy ral] ‘tegated‘ﬁ 't @u otw etic deatwes dar bettex
g ulfr-tap R edome = ce.

a. COy CrFSi\O{u S

‘(e Reesm t a duai ef o atuitectwe twat allg s
W ulta eous Rann g da deatme ¢ iaction, class: ca-
tron, o dw el sm Rle detectim o ¢atzable stae Iipat
CuRg es. (ela(e cm Pwoed te cecmem tw ewalw et-
‘/ong autom coda dox fa e saties data e (ﬁosedQ ¥ aul
et al. (20I8) (T 't e aussrw giwe aw aly de-
tectro w ef o R osed Q Zo g et al. (2008).448 -
Rlzed to Iint cmrges km e ASAS-SN ¢atzable stat
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database, t ex et o s aw’s igea clasd icatim accwa
ol ~99% = d axe able to detect Rz Qe 0u&< ™ sea QE es
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