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The first BOOST conference: 2009

BOOST 2009

GIVING NEW PHYSICS A BOOST SLAC NATIONA

Registration

Participant List
Agenda
Accommodations
General Information
Travel and Directions

Visa Information

Social Event Giving New Physics a Boost

Thursday and Friday, July 9-10, 2009 from 8:00 am to 5:00 pm.
Kavli Auditorium

SLAC National Accelerator Laboratory

Menlo Park, California

Many signatures of new physics that could be discovered at the Tevatron or LHC
involve highly boosted objects, which can confuse standard event reconstruction
techniques due to the overlapping nature of their decay products in the detector.
SLAC is hosting a two-day workshop to bring together the leading theorists and
experimentalists in order to better understand the physics behind these novel
signatures and how to detect them. The list of topics includes "lepton jets", boosted
top jets ("t-tagging"), boosted Higgs ("fat-bottom") jets, di-tau jets, displayed-vertex
jets, and light-gluino jets. We look forward to presentations and lively discussions.
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Disclaimer: a highly personal take, focused primarily
on BSM and deep learning.

Apologies in advance that | don’t cover every topic.
Stay tuned for many interesting talks at this conference!
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Where is the new physics????

dark matter neutrino masses
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Where is the new physics????

hierarchy problem
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Where is the new physics????

hierarchy problem

And many other puzzles hint at
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Hierarchy problem

In particular, naturalness strongly motivates “top partners” at
the TeV-scale.
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Hierarchy problem

In particular, naturalness strongly motivates “top partners” at
the TeV-scale.

Example: composite Higgs
fermonic top parters

fig. from 1205.0013



Boosted jets from top partners

Decays of heavy top partners

= highly boosted tops,W/Z’s and Higgs

TLH.Z

LV H. Z




Boosted new physics

NP itself could be highly boosted as well, e.g.

ATLAS 1904.12679

+ countless other scenarios...



Boosted new physics

NP itself could be highly boosted as well, e.g.

P q
’E‘*’,qu
R
i Tq

p py

q

ATLAS 1904.12679

+ countless other scenarios...

(Can we find it if we don’t know what we’re looking for??)



Boosted new physics

NP itself could be highly boosted as well, e.g.

P q
’E’*’,qu
R
i Tq

p py

q

ATLAS 1904.12679

+ countless other scenarios...

(Can we find it if we don’t know what we’re looking for??)

Many opportunities for boosted jet substructure at the LHC!
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Where is the new physics????

ATLAS SUSY Searches* - 95% CL Lower Limits

ATLAS Preliminary

May 2017 \Vs=7,813TeV
Model ety Jets EP [Ldan) Mass limit Vi=7,8Tev | Yi=13TeV Reference
MSUGRA/CMSSM 03eu/1-27 210j01s3b Yes 203 |42 1.85TeV  migl=miz) 1507.05525
3 .;_.qu 0 26jets  Yes  36.1 miE})<200 GeV, m{1* gen. §)em{2 gen.q) ATLAS-CONF-2017.022
33, §—q¥) (compressed) monojet  1-3jets  Yes 32 migh-mit])<5GeV 1604.07773
B8, B-qaY; 0 26jets  Yes 361 miE})<200GeV ATLAS-CONF-2017-022
i#, B—qa; —ggW2k] 0 26jets  Yes  36.1 mE7)<200 GeV, m(E* 10,5k e mi)) ATLAS-CONF-2017-022
B8, Bqqlle )] 3ep 4jets . 36.1 miE)<400 GeV ATLAS-CONF-2017-030
BB, BrqqWZK, 0 711jets  Yes 361 mii]) <400 GeV ATLAS-CONF-2017-033
GMSB?’NLSP) 12r+0-1¢ 02jets  Yes 32 1607.05979
GGM (bino NLSP) 2y - Yes 32 r{NLSP)<0.1 mm 1606.09150
GGM (higgsino-bino NLSP) Y 15 Yes 203 |% 1.37 TeV miE})<950 GoV, cr(NLSP)<0.1mm, 40 1507.05493
GGM (higgsino-bino NLSP) Y 2jets  Yes 133 m{E})>880 GeV, cr{NLSP)<0.1mm, u>0 ATLAS-CONF-2016.066
GGM (higgsino NLSP) 2e,pu(2) 2jets Yes 203 |& 900 GeV m(NLSP)>430 GeV 1503.03290
Gravitino LSP 0 monojet  Yes 203 | PV scale 865 GeV m(G)>1.8x 10~ oV, m(g}=m(3)=1.5TeV 150201518
g 23, 2-bbt; 0 3b Yes  36.1 M7 <600 GeV ATLAS-CONE-2017-021
3%, Botits 01 e, 3b Yes 361 miE})<200 GeV ATLAS-CONF-2017-021
B ke @E §-obil] Oley  3b  Yes 201 |& 1.37 TeV ML) <300 GoV 1407.0600
byby, By —-bl';'.) 0 2h Yes  36.1 m{E})<420 GeV ATLAS-CONF-2017-038
byby, by -1k} 2e,u(SS) 1h Yes  36.1 miE7)<200 GeV, m(F] )= m(7)+100 GeV ATLAS-CONF-2017-030
0, [ —ht] 02e.p 12bh  Yes 47133 117-170 GeV mET) = 2m(E)), miE])=55 Gev 1209.2102, ATLAS-CONF-2016-077
Iy, - WhE] or o] 02e.u O2jets-2h Yes 20.336.1 90-198 GeV M )1 Gav 1506.08516, ATLAS-CONF-2017-020
i Tyiy, iy —ek) 0 mono-jet  Yes 32 mii; }-m(F; =5 GeV 1604.07773
i1y (natural GMSB) 2e.ul(2) 1h Yes 203 mif’)>150 Gev 14035222
}, g iy, =iy + Z Senul2) 1b Yes  36.1 miE] =0 GeV ATLAS-CONF-2017-019
iy, -y +h 12eu 4b Yes  36.1 mii})=0GeV ATLAS-CONF-2017-019
Y plig, I-07] 2eu 0 Yes  36.1 =0 ATLAS-CONF-2017-039
X1X7 X i) 2ep 0 Yes  36.1 M0, M2, 0. 5(mE o)) ATLAS-CONF-2017-039
FARL 10, X)), Ba—ir(vd) 27 - Yes 361 MET)=0, mit, $)=0.5(m(E! Jeen(E7)) ATLAS-CONF-2017-035
)?.X'b—‘hvh«m &l L) 3ep 0 Yes  36.1 m(E; )emiE3), miE])=0, (7, 7)=0.5(m(E] Jom(E})) ATLAS-CONF-2017-039
E g Bk -wize) 23eu  O2jets  Yos 361 M} J=m(ES), mUES)=0, ¢ decoupled ATLAS-CONF-2017-039
¥ ;)?3-. FihTs, h—bb/WW/et/yy emyY  02b Yes 203 MU} J=mE), mGE)0, 2 decoupied 1501.07110
KaR3, 425 Il dep 0 Yos 203 M) (E]), ()0, mIZ. $)=0.5(m{ES) (i) 1405 5086
GGM (wino NLSP) weak prod., ¥} —yG 1eu+y Yes 203 cr<imm 1507.05493
GGM (bino NLSP) weak prod., ;’,’-.,c 2y Yes 203 cretmm 1507.05493
Direct ¥1¥; prod., long-ived ¥} Disapp.trk  Tjet  Yes m{E] -m(ET)~160 MeV, r(¥{ )02 ns ATLAS-CONF-2017-017
Direct ¥1.%, prod., long-fved ¥} dE/dx trk . Yes miEs-m(ES)-160 MeV, (7 )<15 ns 1506.05332
Stable, stopped ¢ R-hadron 0 1-5jats  Yes m{ET =100 GeV, 10 ps<r($)<1000 5 13106584
Stable ¢ R-hadron trk . . 1606.05129
Metastable  R-hadron dE/dx trk - - miE] =100 GeV, r>10 ns 1604.04520
GMSB, stable 7, ¥ —#(z, i)sr(e, i) 12p . . 10<tang<50 1411.6795
GMSB, ¥ -y, long-lived ¥ 2y Yes 1<r(#)<3 ns, SPS8 model 1409.5542
BR Xy —veev/epvippy displ. ee/ep/pipt - 7 <cr(fS)< 740 mm, mig)=1.3TeV 1504.05162
GGM 3, ¥, ~26 displ. vix + jets 6 <cr(F))< 480 mm, miF)=1.1 ToV 1504.05162
LFV pp—¥; + X, ¥y —vep/et/pr epeT T . . A5,,%0.11, A133)150209%0.07 1607.08079
Bilinear RPV CMSSM 2e,u(SS) 03b Yos mF=miE), crpsp<t mm 1404 2500
IR K —WE X —eev, epv. v dep . Yes MU |>400GeV, 2,540 (& = 1,2) ATLAS-CONF-2016-075
Xixx -owib. K) 1TV, €1vs Jepu+r - Yes mE])>0.2xm(E]), 23340 1405 5085
= G i-aqq 0 4-5large-R jets - BR{()=BR{b}=BR(c}=0% ATLAS-CONF-2016-057
& N 0 45large-Rjets - m(E] }800 GeV ATLAS-CONF-2016.057
%, 00, ¥ — gag tepu 8100104 - mEi)= 1 ToV, 411220 ATLAS-CONF-2017-013
BR, B—iyt, [y —bs tep 810jts04b - mif;)= 1 TeV, 252320 ATLAS-CONF-2017-013

f\ii. fi—bs 0 2jets+25 ATLAS.CONF.2016.022, ATLAS-CONF-2016.084
iy, i =b 2e.pn 2h - BR(f, —+be/u)>20% ATLAS-CONF-2017-036
Other Scalar charm, &—c¥) 0 2¢ Yes miEL)<200 GV 1501.01325

“Only a selection of the available mass limits on new states or
phenomena is shown. Many of the limits are based on
simplified models, c.f. refs. for the assumptions made.

Mass scale [TeV]



ATLAS SUSY Searches* - 95% CL Lower Limits

Where is the new physics????

ATLAS Preliminary

May 2017 Vs=7,813TeV
Model ety Jets EP [Ldim™) Mass limit Vi=7,8TeV [ \i=13TeV Reference

MSUGRA/CMSSM 03e.u1-27 210jets/3b Yes 203 1.85TeV  migh=miz) 1507.05525
a9, «?—'«ﬂb 0 26jets  Yes  36.1 m4E))<200 GeV, m{1* gen. )=m{2* gen. q) ATLAS-CONF-2017.022
43, §—4%, (compressed) mono-jet  1-3jets  Yes 32 migh-mii])<5 GeV 1604.07773
F3 g-.qqx, 0 26jets  Yes  36.1 mii})<200 GeV ATLAS-CONF-2017-022

g 8, Bagt; —gqWk] 0 26jets  Yes 361 miE7)<200 GeV, m(£* )=0.5(mif] }+mig)) ATLAS-CONF-2017-022
2R, B-aqUll/w)T] 3ep 4jets . 36.1 miE])<400 GeV ATLAS-CONF-2017-030
2R B ¥ 0 711jets  Yes 361 mif}) <400 GeV ATLAS-CONF-2017-033

.2 GMSB?’NLSP) 1-2r+0-1¢ 02jets  Yes 32 1607.05979

5-&.5:—-&:

2e.p(88)

"‘alkmaov m(E} )= m£7)+100 GeV

ATLAS-CONF-2017-030

Ny, h—ht] 02epu 1-2b  Yes 47133 miE;) = 2m(E}), mit])=55GeV 1209.2102, ATLAS-CONF-2016-077
i, I,-.Wb?" or ¥ 02e,p 02jets/1-2h Yes 20.3/36.1 miE})=1GeV 1506.08616, ATLAS-CONF-2017-020
iy, Iy 0 mono-jet  Yes 32 mii, ) m(E; =5 GeV 1604.07773
7y (natural GMSB) 2eu(2) 1b Yes 203 mie1)>150GeV 1403 5222
z iafy, =iy + Z Sepl2) 1h Yes  36.1 miE})e0GeV ATLAS-CONF-2017-019
iy, Lol +h 12epu ab Yes 361 mif7)=0GeV ATLAS-CONF-2017.018
lnlin, PN 2en 0 Yes  36.1 mEo)=0 ATLAS-CONF-2017-039
A".X, 'XA —o?v(lv) 2ep 0 Yes  36.1 miE; )0, miZ, S0 5(miE] Jemii))) ATLAS-CONF-2017-039
iR 0, BT = tv(T9), X —tr(v¥) 2r - Yes  36.1 miE; =0, mit, ¥)=0.5(m(E! Jem(E)) ATLAS-CONF-2017-035
X‘5 3D, G0 L) 3ep 0 Yes 361 m(E} )amiE2), miE)=0, m(Z, 7)=0 5(m(E] Jem(¥})) ATLAS-CONF-2017-039
Eg Fis Wiz 23ep  02jots  Yes 361 mE] J=m(E3), m(E?)=0, ¢ decoupled ATLAS-CONF-2017-038
Xbx"—ow VA, h—=bb/WW/rt)vy aly 025 Yes 203 miE; Jem(E3 ), m(¥})=0, 2 decoupied 1501.07110
FaR5, 425 —o?ul dep 0 Yes 203 M(ED)em(E3), m(E])=0, m(Z, )=0.5(m{E3)em(E}) 1405.5086
GGM (wino NLSP) weak prod., Xn-o)(, Tepusy Yes 203 cr<tmm 1507.05493
GGM (bino NLSP) weak prod., ¥; G = 2¥ Yes 203 cretmm 1507.05493
Direct ¥} ¥, prod., long-kved ¥ Disapp.trk  1jet  Yes  36.1 miE] m(ES)~160 MeV, 7(¥] )02 ns ATLAS-CONF-2017.017
Direct ¥1.¥| prod., long-fved | dE/dx trk Yes 184 miEs -mES)~160 MeV, =(F1 <15 ns 1506.05332
Stable, stopped ¢ R-hadron 0 1-5jets  Yes 279 m{ET =100 GeV, 10 ps<r($)<1000 5 13106584
Stable ¢ R-hadron Ik - 32 1606.05129
Metastable § R-hadron dE/dx trk 32 mi| =100 GeV, r>10 ns 1604.04520
GMSB, stable 7, ¥ —#(, i)sr(e, i) 12p . 19.1 10<tang<50 14116795
~ = GMSB, ]G, long-lived ¥] 2y Yes 203 440 GeV 1<r(¥)<3 ns, SPS8 model 1409 5542
13 x‘,’—om eprv /gy displ. ee/ep/pup - 203 7 <cr(F5)< 740 mm, miE)=1.3TeV 1504.05162
GGM i, ¥ =26 displ. vix + jets 203 6 <cr(F))< 480 mm, mig)=1.1 ToV 1504.05162
LFV pp—¥, + X, #y—vep/et/ur et T N N 32 A3 =0.91, Ay2)1582090.07 1607.08079
Bilinear RPV CMSSM 2eu(SS) 03b Yes 203 m(gh=mig), crsp<t mm 1404 2500
x.x, .x, —owx" x"_.m epv. v dep . Yes 133 MU )>400GeV, 2340 (& = 1,2) ATLAS-CONF-2016-075
XIXy K] = WE Ky =TTy, €ty Jepu+r Yes 203 mE])>0.2xm(E]), 23340 14055085
2 i 0 4-5large-Rjets - 14.8 BR(r)=BR{b)=BR(c)~0% ATLAS-CONF-2016-057
& R—Otn?') AT = a9q 0 45large-Rjets - 148 m(E])=800 GeV ATLAS-CONE-2016.057
ﬁ g—'liln 1‘,’ — qqq teu 810jts04b - 36.1 mE)= 1 TV, Ay120 ATLAS-CONF-2017-013
B3, B—iyt, T —bs leu 810jtsl04b - 36.1 miiy)= 1 TeV, Ay #0 ATLAS-CONF-2017-013
iy, fy—bs 0 2jets + 25 15.4 ATLAS-CONF-2016-022, ATLAS-CONF-2016-084
fify, [ =be 2e.p 2b 36.1 BR(f; —+be /1) >20% ATLAS-CONF-2017-036
Other Scalar charm, &—ct] 0 2¢ Yes 203 |& 510 GeV M} <200 GeV 1501.01325
‘Only a selection of the available mass limits on new states or -1
phenomena is shown. Many of the limits are based on 10 Mass scale [TeV]

simplified models, c.f. refs. for the assumptions made.



Where is the new physics????

ATLAS SUSY Searches* - 95% CL Lower Limits ATLAS Preliminary

May 2017 Vs=7,813TeV
Model ety Jets EP [Ldim™) Mass limit Vi=7,8TeV [ {i=13TeV Reference
MSUGRA/CMSSM 03eu/1-27 210j0ts/3b Yes 203 1.85TeV  migh=miz) 1507.05525
20, §—ot) 0 26jets  Yes  36.1 miE])<200 GeV, m{1* gen. §)=m{2* gen.q) ATLAS-CONF-2017.022
33, §—4¥) (compressed) mono-jet  1-3jets  Yes = 3.2 mH-miE)<5 GaV 1604.07773
2, 2-qa; 0 26jets  Yes 36,1 miE)<200 GeV ATLAS-CONF-2017-022
8, Bagt; —gqWk] 0 26jets  Yes  36. MUE2)<200 GeV, M(E* a0 5miEmie) ATLAS-CONF-2017-022
B8, gt y)T] 3en 4 jets A m(E})<400 GeV ATLAS-CONF-2017-030
B8, B-rqqWZK} 0 711jets  Yes 361 M%) <400 GeV ATLAS-CONF-2017-033
2 Guise (i NLSP) 1274012 02jats Yes 32 1007.05079

1 1<420 Ge'
miE7)<200 GeV, m(¥; )= m(F)+100 GeV
mE;) = 2miE}), m{})=55Gev
miET)e1GeV

byby, by -1k 2e,u(SS) 1b Yes 36.1
O —Ohi’f 02e.p 1-2h Yos 4.7/13.3
Iy, fi—WhE] or ¢F] 02e,u 02jots/1-2b Yes 20.3/36.1

by
iy 17170 GeV
7 90-198 GeV

ATLAS-CONF-2017-030
1209.2102, ATLAS-CONF-2016-077
1506.08616, ATLAS-CONF-2017-020

So far no concrete evidence, only lower limits on the NP scale.

TG WELLES, h—bb/WW/rt/vy ey 02h Yes 203 |& 270 GeV miE] Jem(E3), m(E?)=0, 2 decoupied .
FORS, 035 —lt dep 0 Yes 203 i‘g 635 GeV M) =n(E3), m(E})=0, M2, #)=0.5(mE3)smiE})) 1405.5086
GGM (wino NLSP) weak p«od..ij-,«} Tepusy Yes 203 | W 115-370 GeV cr<imm 1507.05493
GGM (bino NLSP) weak prod., ¥} — 2y Yes 203 |W 590 GeV cr<imm 1507.05493
Direct ¥1.¥; prod., long-kved 7 Disapp. trk 1 jet Yes 361 mE] J-m(E )~ 160 MeV, r(F])=0.2 ns ATLAS-CONF-2017-017
Direct ¥1.¥| prod., long-ived ¥] dE/dx irk Yes 184 miEs -}~ 160 MeV, =(k1 )<15 ns 1506.05332
Stable, stopped ¢ R-hadron 0 15jets  Yes 279 miE] =100 GeV, 10 ps<r(3)<1000 s 13106584
Stable ¢ R-hadron Irik - . 32 1606.05129
% Metastable § R-hadron dE/dx trk - - 32 miE] =100 GeV, r>10 ns 1604.04520
GMSB, stable 7, ¥] —#z, i)+r(e, ) 1-2u . . 19.1 10<tang<50 1411.6795
~ GMSB, ] -y, long-lived ¥} 2y . Yes 203 440 GeV 1<r(¥)<3 ns, SPSE model 1409.5542
2%, XS —eev/euviuuy displ. ee/ep/pp - - 203 1.0 TeV 7 <cr(f})< 740 mm, mi@)=1.3TeV 1504.05162
GGM gi, X —2G displ. vix + jets - . 203 6 <er(F} )< 480 mm, mig)=1.1 ToV 1504.05162
LFV pp—¥, + X, #y—vep/et/ur cpeT T - - 32 A5 =0.91, dy3a)19820920.07 1607.08079
Bilinear RPV CMSSM 2¢.u(SS) 03k Yos 203 miGh=mig), crpsp<t mm 1404 2500
IR K —WE X —eev, epv. v dep . Yes 133 MUED)>400GeV, 2240 (k = 1,2) ATLAS-CONF-2016-075
Xix X —owifé. ¥} =TTV, €TV, Jepu+r - Yes 203 M )>0.2xm(E] ), 43340 1405 5085
2 i 0 4Slage-Rjels - 148 BRI(()=BR(b)=BR(c)=0% ATLAS-CONF-2016-057
& 2, 2-qets. & = qoq 0 45large-R jets - 148 M7 )=800 GeV ATLAS-CONF-2016-057
%, 31000, X0 — qoq tep 810j1s04b - 36.1 miE))= 1 TeV, A;5320 ATLAS-CONF-2017-013
B&, B—iyt, I —bs Tep 810jpts04b - 36.1 mif;)= 1 TeV, 2yy#0 ATLAS-CONF-2017-013
iyiy, Ty —bs 0 2jets+ 25 - 15.4 ATLAS-CONF-2016-022, ATLAS-CONF-2016-084
iy, bt 2ep 2h - 36.1 BR(f, ~+be/)>20% ATLAS-CONF-2017-036
Other Scalar charm, &—ci] 0 2¢ Yes 203 |& 510 GeV miE})<200 GeV 1501.01325
‘Only a selection of the available mass limits on new states or -1 1
phenomena is shown. Many of the limits are based on 10 Mass scale [TeV]

simplified models, c.f. refs. for the assumptions made.



Where is the new physics????

ATLAS SUSY Searches* - 95% CL Lower Limits

ATLAS Preliminary

May 2017 Vs=7,8,13TeV
Model e,y Jets ET™ [Laqm™) Mass limit Vi=7,8TevV | i=13TeV Reference

MSUGRA/CMSSM 03e,u/1-27 210 j018/3 b Yes 203 1.85 TeV migj=miz) 1507.05525
30, 3%} 0 26jets  Yes 361 miE])<200 GeV, m{1* gen. §)=m{2* gen. §) ATLAS-CONF-2017-022
33, §—4¥) (compressed) monosjet  1-3jets  Yes 32 m(g-mii)<5 Gev 1604.07773
B, B-qa¥; 0 26jets  Yes  36.1 miE)<200 GeV ATLAS-CONF-2017-022
7, B-qqk; —qqW=k] 0 26jets  Yes  36.1 miET)<200 GaV, m(F* )=0.5(mik’ }emiz)) ATLAS-CONF-2017-022
2R, B-aqUll/w)T] 3ep 4 jets - 36.1 miE})<400 GeV ATLAS-CONF-2017-030
8, B-qqWZX, 0 7-11jets  Yes  36.1 miE}) <400GeV ATLAS-CONF-2017-033

2 GMSB (¢ NLSP) 1-2r+01¢ 0-2jets  Yes 32 1607.05979

: 2h Yos  36.1 1}<420 GeV
byby, by -t} 2e,u(SS) 1b Yes 361 | b kT )<200 GeV, m(¥} )= m(¥;)+100 GeV ATLAS-CONF-2017-030
iy, bt 02e.pu 12h Yes 47133 | #  117-170 GeV MET) = 2m(E)), miE])=55GeV 12092102, ATLAS-CONF-2016-077

miET)e1GeV 1506.08616, ATLAS-CONF-2017-020

iiy, h—WhE] or o] 02eu 02jetsN-2h Yes 203361 |f  90-198 GeV

So far no concrete evidence, only lower limits on the NP scale.

G VhX, h—=bb|WW/rt /vy Y Yes ) miE; J=m(F3 ), m(¥;)=0, 2 decoupied 1501.0711

B8 05—t dep 0 Yes 203 j",_. 635 GeV (E3)wen(E5), m(E])=0, M2, #)=0.5(m{E2)sm(E])) 1405 5086
GGM (wino NLSP) weak prod., ¥} —yG 1€y Yes 203 | W 115-370 GeV cr<imm 1507.05493
GGM (bino NLSP) weak prod., ¥1-nG  2¥ Yes 203 |W 590 GeV er<tmm 1507.05493

With stronger limits, boosted jet substructure becomes

increasingly crucial.

g 0 4-5large-R jets - :

&, 2—qat1, &) = qaq 0 45large-Rjets - 148 m(E] }800 GeV ATLAS-CONF-2016-057
8, 301, ) — qqq Tep 810jets0-4b - 36.1 meET)= 1 TeV, 411320 ATLAS-CONF-2017-013
B8, Biyt, [y —bs Tep 810jts/04b - 36.1 mii;)= 1TeV, 2;y#0 ATLAS-CONF-2017-013
0y, fj—bs 0 2jets+2bh - 154 ATLAS-CONF-2016-022, ATLAS-CONF-2016-084
ify, i =sbE 2eu 2b - 361 |q BR(F, —+be/)>20% ATLAS-CONF-2017-036

Other Scalar charm, &—c¥) 0 2¢ Yes 203 |& 510 GeV miE])<200 GeV 1501.01325

‘Only a selection of the available mass limits on new states or —1 1

phenomena is shown. Many of the limits are based on 10 Mass scale [TeV]

simplified models, c.f. refs. for the assumptions made.
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Example: stop searches
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Example: stop searches

CMS 35.9 fb' (13 TeV)
800 — = 10°
pp = tt,t —t X NLO+NLL exclusion -
/00| =Observed + 16, .
- == Expected + 1 O experiment = 10
600} . 1

N Q™ i

B X e N\ 2| ]
500: @\ /::-~.__ \\\ 1 3 1

B 4 - o8 ; S B
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C [ E | 401
300} o R
2001 .

- s | A 107
1004 boosted tops e

7 . o
O y R h 1 . L 10—3
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95% CL upper limit on cross section [pb]

Top quark tagging efficiency

AKS jets

mspe(105,210), T32<0.65

(CMS 1710.11188)
’ (13 TeV)
0_95_ CMS ¢ Combined
= Simulation % Monojet
0'85 Top quark tagger efficiency + .?'!?t
0.7 i v Trijet
- measured in T2tt(850,100)
06? -""'Vo¢’é§é+
0.5F R L
0.4 C° .
0.3 ° . .
0.2F ' !
= 4 At oa ’ v
_ A
0.1E s . A XXy a,aara i
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Search relies heavily on a (not very sophisticated) boosted top tagger.
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AKS jets

Example: StQP searches mspe(105,210), T32<0.65

8OOCMS 35.9 fb' (13 TeV) - (CMS 1710.11188)
pp — t 1,1 —t X2 NLO+NLL exclusion E g 1 (13 TeV)
700 = + J = = =
TObserved; 1 Cineory S5 2 0.9E CMS ¢ Combined
=== Expected £ 1 Oexperiment = 10 S -2 E Simulation * Monojet
6001 7 3 o .© 08F - 4 Dijet
- @?\» 1 «n % - Top quark tagger efficiency ¢ Trijet
5000 v | § o) 0-75_ measured in T2tt(850,100)
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Search relies heavily on a (not very sophisticated) boosted top tagger.

How would reach improve with state-of-the-art tagger?




Example: squark RPV
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S T T T T T T
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t = qq' (A"3,)
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----- Top squark pair production

10° .
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Boosted search
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Number of jets > 2
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1 < 0.45
T30 > 0.57
An <15

b-tagged two loose b-tagged jets




Example: squark RPV

1072

107°
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35.9 fb™ (
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N

L Z
L Z
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L Z
L Z
L 2
L 2
L2
.h
L 2

search

.Q
L 4
~§
L2

Inclusive selection

t = qq' (A"3,)

95% CL upper limits
—e— Observed

----- Median expected

I 68% expected
] 95% expected

Boosted

----- Top squark pair production

Resolved
search

CMS

Selection

Boosted search
60 < m < 450 GeV
(80 < my < 400 GeV)

Inclusive
and

b-tagged

b-tagged

AKS jets
jet pr > 150 GeV
jet || < 2.5
Number of jets > 2
HAKS > 900 GeV
Masym < 0.1
1 < 0.45
T30 > 0.57
An <15

two loose b-tagged jets

Relatively simple 2-prong substructure tagger...




Example: squark RPV

1808.03124 35.9 fb' (13 TeV
ISY - Lll Boosted 'Resolved CMS - Selection Boosted search
107 search search = 60 < 771 < 450 GeV
'gﬁ f_ ~~~~~~~ _: (80 < my < 400 GeV)
1 10 = = Inclusive AKS jets
o 10F X _ and et pr > 150 GeV
Z s b-tagged jet|n| <25
© 1 = Inclusive selection E Number of jets > 2
4 C t-qq (A"312) - H?KS > 900 GeV
107" £ 95% CL upper limits = Masym < 0.1
-~ —e— Observed _
102 & === Median expected - 1 < 0.45
= [ 68% expected 3 Tap > 0.57
[ [ 95% expected -
10 ° g_ — Top squark pair production | \ —§ A77 <15
|102 | | — |103 B b-tagged two loose b-tagged jets
m: [GeV

Relatively simple 2-prong substructure tagger...

How would reach improve with state-of-the-art tagger?




Example: vectorlike quark searches

1808.01771
> | | I I I I | I I I I I I I I | I I I ]
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% 1 —— pp—QQ Cross Section | © 0.08_— 150 < p_ < 2000 GeV — Top-tagged .
Theory Uncertainty § L Background jet
B(T - I-.It).= 1 7 0.06
95% CL limits .

Boosted Higgs AND top 44
107 |
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VRC jet mass [GeV]

Uses variable-cone jets and DNN to identify boosted W/Z, Higgs and tops!



Future of the LHC
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Future of the LHC

i 1
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How do we maximize the discovery potential of this enormous dataset??



Stop Search Projections
20—

mn W
—__———_
-—
————
-
-
-
-
-
-
-
-
-
=

95% CL il

————— 50 Discovery

0 500 1000 1500 2000 2500 3000
Integrated Luminosity (fb™")

Naive projections of future search sensitivity, assuming analyses maintain the status quo

Salam & Weiler http://collider-reach.web.cern.ch/collider-reach/



http://collider-reach.web.cern.ch/collider-reach/

Stop Search Projections
20—

mn W
—__———_
-—
————
-
-
-
-
-
-
-
-
-
=

95% CL il

————— 50 Discovery

0 500 1000 1500 2000 2500 3000
Integrated Luminosity (fb™")

Naive projections of future search sensitivity, assuming analyses maintain the status quo

Salam & Weiler http://collider-reach.web.cern.ch/collider-reach/



http://collider-reach.web.cern.ch/collider-reach/

Stop Search Projections
20:|||..

mn W
—__———_
-—
————
-
-
-
-
-
-
-
-
-
=

95% CL il

————— 50 Discovery

0 500 1000 1500 2000 2500 3000
Integrated Luminosity (fb™")

Naive projections of future search sensitivity, assuming analyses maintain the status quo

Salam & Weiler http://collider-reach.web.cern.ch/collider-reach/



http://collider-reach.web.cern.ch/collider-reach/

Stop Search Projections
20:|||..

12037

mn W
—_——_——
-—
————
-
. |
-
-
-
-
-
-
=

95% CL

————— 50 Discovery

0 500 1000 1500 2000 2500 3000
Integrated Luminosity (fb™")

Naive projections of future search sensitivity, assuming analyses maintain the status quo

Salam & Weiler http://collider-reach.web.cern.ch/collider-reach/



http://collider-reach.web.cern.ch/collider-reach/

Stop Search Projections
20:|||..

12037

_—_
]
—__———
-

-7 Growth in sensitivity is
logarithmic with luminosity.

95% CL

----- 50 Discovery

0 500 1000 1500 2000 2500 3000
Integrated Luminosity (fb™")

Naive projections of future search sensitivity, assuming analyses maintain the status quo

Salam & Weiler http://collider-reach.web.cern.ch/collider-reach/



http://collider-reach.web.cern.ch/collider-reach/

Texas oil boom

The Lucas gusher at Spindletop, the first major
gusher in Texas

Date 1901 — 1940s
Location Texas, United States

Also known as Gusher Age

In the early days of LHC, progress was
relatively easy.

Energy increase (8 TeV— 13 TeV) and
rapid luminosity gains led to huge gains in
sensitivity.

Analyses did not need to be very
sophisticated.

Could go after many low-hanging fruits.



In the future, the status quo will mean much slower progress. The
data-taking rate will plateau, and no increases in energy are foreseen.

To maintain the rapid growth in sensitivity, we need new, more
sophisticated analysis techniques.

Also, with this enormous dataset, we need to make sure we haven’t
overlooked any subtle and unexpected signals of new physics.

We need new ideas for how to look for new physics in the data!
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Purpose of this talk

Inspiration



Potential of Deep Learning

Machine Learning

&k 137

Input Feature extraction Classification Output

Deep Learning

& — szt — [

Input Feature extraction + Classification Output

® High-level concepts from low-level inputs
® Automated feature engineering

® Robust against overfitting

02" 3DUIIDSDIDPSPIDMO] LLIOI



Big Data and Deep Learning

FACEBOOK YEARLY
UPLOADS

https://www.wired.com/20 | 3/04/bigdata/
Pasquale Musella, ETH-Zurich seminar
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Big Data and Deep Learning

Key prerequisite to successful deep learning:
large, complex, well-understood dataset.
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UPLOADS
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Big Data and Deep Learning

Key prerequisite to successful deep learning:
large, complex, well-understood dataset.

Ability to cheaply generate realistic simulations
also very beneficial for supervised ML.

FACEBOOK YEARLY
UPLOADS

https://www.wired.com/20 | 3/04/bigdata/

Pasquale Musella, ETH-Zurich seminar
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Big Data and Deep Learning

FACEBOOK YEARLY
UPLOADS

https://www.wired.com/20 | 3/04/bigdata/

Pasquale Musella, ETH-Zurich seminar

Key prerequisite to successful deep learning:
large, complex, well-understood dataset.

Ability to cheaply generate realistic simulations
also very beneficial for supervised ML.

The LHC is the perfect setting for
deep learning!
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Deep Learning Papers

INSPIRE search: ("machine learning" or "deep learning" or neural)
and (hep-ex or hep-ph)
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Year

An explosion of interest in machine learning!



Deep Learning at BOOST

DL @ BOOST
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Jet substructure is a natural arena for deep learning!



The Landscape of DL @ LHC

Autoencoders
PCA
CaloGAN pile-up reduction
LaGAN
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Unsupervised Machine Supervised
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ilegoﬁii':qgs (unlabeled data) (labeled data)
top tagging
b tagging
WI/Z tagging
Autoencoders q/g tagging
CWola strange tagging

Triggering full event tagging



The Landscape of DL @ LHC

Autoencoders
PCA
CaloGAN pile-up reduction
LaGAN
JUNIPR

Regression

Unsupervised Machine Supervised
Learning Learning Learning

Classification

t findi
ilego;:lhl:ﬁi (unlabeled data) (labeled data)
top tagging
@@g?? ; b tagging
Sl W /Z tagging
Autoencoders oty q/g tagging

CWola o strange tagging
Triggering full event tagging



Deep Learning @ BOOST ‘I8

® Deep Learning for Jet Tagging at CMS and ATLAS New ideas for

® Recursive NNs for Jet Tagging jet tagging

® Autoencoders

® (Classification Without Labels Unsupervised

® Jet Topics deep learning
e JUNIPR
® Energy Flow Networks Learning from

® New observables from DL deep learning
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Beyond tagging: mass decorrelation

Raw tagger performance not the only consideration.

For robust background estimation, often need to ensure
tagger does not bias the background mass distribution.

State of the art in mass decorrelation methods was presented
by ATLAS for W-tagging at BOOST ’ |8 (ATL-PHYS-PUB-2018-014)
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Alternatives to adversaries

Work in progress with Gregor Kasieczka

Adversaries are notoriously tricky to train — saddle point optimization

min max Leit (y(0eir)) — ALaav (Y(0aie), m; Oagy) — v: NN prediction
Ocir Oaav m: mass

Would be great if we could achieve the same performance but with a convex
regularizer term

min Lclf (y(eclf)) + >\Creg (y(eclf)a m)

Oc1t

First idea: can we just use Pearson correlation coefficient?

Creg — R y, OC Zyzmz

Problem: this only measures linear correlatlons



Distance (de)correlation

Work in progress with Gregor Kasieczka

Promising idea: “distance correlation” (Szekely, Rizzo, Bakirov 2007; Szekely & Rizzo 2009)
Xz'j — ‘XZ — Xj‘, Y7;j — |Y; — }/J’ Matrix of distances

X — CXC) )A/ — (OY( Double-centering

dCov?(X,Y) =tr XY

Distance covariance

® /ero iff X,Y are independent; positive otherwise!
® Computationally tractable!

® Doesn’t require binning!



Distance (de)correlation

Work in progress with Gregor Kasieczka
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Beyond tagging: unsupervised ML

Jet tagging is a prime example of supervised machine learning.

Perfect when you know what you're looking for.

Increasing interest in applications of unsupervised ML to LHC.

® | earning without labels
® |earning directly from the data
® Anomaly detection

® Triggering



Classification WithOut Labels (CVVola)

Dery et al 1702.00414, Cohen, Freytsis & Ostdiek 1706.09451, Metodiev, Nachman & Thaler 1708.02949,
Komiske et al 1801.10158, Collins, Howe & Nachman 1805.02664, 1902.02634

Mixed Sample 1 Mixed Sample 2

N N stgnal  psignal
OO A
OO®O®®

OeO®®®
OCO®OO®
GJO]6]6]0,

\o

from 1708.02949

s

Plbackground _ PQbackground

Suppose we are given two mixtures of

\.

signal and background.

If signal and background are drawn from

Classifier the same distributions in each sample,

then under certain mild assumptions, one
can train a classifier to distinguish signal
from background directly from the data.



CWola Hunting

Collins, Howe & Nachman 1805.02664, 1902.02634
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Can look for anomalies in the data without a detailed signal hypothesis in mind



Unsupervised anomaly detection with deep

autoencoders

Heimel et al 1808.08979; Farina, Nakai & DS 1808.08992

T. Encoder

Latent layer

Decoder

& o

An autoencoder maps an input into a “latent representation” and then
attempts to reconstruct the original input from it.

The encoding is lossy, so the decoding cannot be perfect.

See also:

Hajer et al “Novelty Detection Meets Collider Physics” 1807.10261

Cerri et al “Variational Autoencoders for New Physics Mining at the Large Hadron Collider” 1811.10276




Can use reconstruction error as an anomaly threshold.
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Bump hunt with deep autoencoder
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Can train directly on data that contains 400 GeV gluinos,

use the AE to clean away “boring” SM events,

and improve S/N by a lot.

Could potentially discover new physics this way!




ML4Jets2020

15-17 January 2020 Search... jo,

Europe/Zurich timezone

Overview LHCOlympics2020

Timetable
Participant List

LHCOlympics2020

Slack channel

Come join us for the LHC Olympics 2020!

vespi aerice 1ol rnew
particles produced in high-energy collisions. At the same time, there has been a growing interest in machine learning
techniques to enhance potential signals using all of the available information.

In the spirit of the first LHC Olympics (circa 2005-2006) [151, 24, 37¢, 4], we are organizing the 2020 LHC Olympics. Our
goal is to ensure that the LHC search program is sufficiently well-rounded to capture "all" rare and complex signals. The final
state for this olympics will be focused (generic dijet events) but the observable phase space and potential BSM parameter
space(s) are large: all hadrons in the event can be used for learning (be it "cuts”, supervised machine learning, or
unsupervised machine learning).

For setting up, developing, and validating your methods, we provide background events and a benchmark signal model. You
can download these from this page. To help get you started, we have also prepared simple python scripts to read in the data
and do some basic processing.

The final test will happen 2 weeks before the ML4Jets2020 workshop. We will release a new dataset where the "background”
will be similar to but not identical to the one in the development set (as is true in real data!). The goal of the challenge is to
see who can "best" identify BSM (yes/no, what mass, what cross-section) in the dataset. There are many ways to quantify
"best" and we will use all of the submissions to explore the pros/cons of the various approaches.



Conclusions/Outlook

Boosted jet substructure is a crucial ingredient in the search for NP.

Deep learning is an exciting new tool with enormous potential to enhance the
sensitivity to jet substructure and NP in the HL-LHC era.

Boosted heavy resonance tagging is being greatly accelerated by deep learning,
along with many other tasks. Important higher-order questions such as mass

decorrelation are now being actively investigated.

Besides boosted tops,W/Z’s and Higgses, new physics itself could be highly
boosted. Could NP be hiding in jet substructure! Can we find it if we don’t
know what we're looking for?



Thanks for your attention!



HL-LHC projections

Can make simple yet accurate projections for growth of sensitivity with
Iuminosity. Salam & Weiler http://collider-reach.web.cern.ch/collider-reach/

Assume future sensitivity set by

Nsig(Mfuturea quture) — Nsig(Mnowa Lnow)

Ngig(M,L) ~ o(M) x L

1
U(M) ~ Wfparton(aj — QM/ECM)

Assume future background negligible with comparable signal efficiency.


http://collider-reach.web.cern.ch/collider-reach/
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Distance correlation vs Pearson
correlation
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