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�32019 is a special year.

Sau Lan Wu Standard Model at 50 – Discovery of the Gluon  June 2, 2018 28 

First three -jet event from PETRA shown by B. Wiik  of 
TASSO at Bergen Conference 1979 

Discovery  of the Gluon  
ATLAS Run 2

1 1 1 1

1979 2019



�42029 will be even more special!

Sau Lan Wu Standard Model at 50 – Discovery of the Gluon  June 2, 2018 28 

First three -jet event from PETRA shown by B. Wiik  of 
TASSO at Bergen Conference 1979 

Discovery  of the Gluon  

1 1 1 1

1979 2029

?

1

Where will QCD take us in the 
next 10 years?  Let’s discuss!



�5Outline

- Tagging for BSM searches (and SM measurements)
- Uncovered scenarios 
- Trigger and pileup challenges 
- Tracking / calorimeter challenges at high pT 

- Precision QCD
- Physics targets 
- Bottom-up approaches 

- Machine Learning Methods (come to ML4Jets2020!) 
- Tools 
- Fast inference 
- Anomaly detection 
- Uncertainties

https://indico.cern.ch/event/809820/
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�7Tagging for SM measurements

A growing number of measurements 
at high pT using hadronic channels.
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Can we do more?  What about a 
digluon cross section measurement?

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/TOPQ-2016-09/
https://phystev.cnrs.fr/wiki/_media/2019:jetsleshouches2019_summary_nachman.pdf


�8Tagging for SM searches
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Figure 2: The mSD distributions in data for the failing (left) and passing (right) regions and
combined pT categories. The QCD multijet background in the passing region is predicted using
the failing region and the pass-fail ratio Rp/f . The features at 166 and 180 GeV in themSD
distribution are due to the kinematic selection on r, which affects each pT category differently.
In the bottom panel, the ratio of the data to its statistical uncertainty, after subtracting the
nonresonant backgrounds, is shown.
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Figure 3: ProÞle likelihood test statistic �2D log L scan in data as a function of the Higgs and
Z bosons signal strengths (µH , µZ).

Table 2: Fitted signal strength, expected and observed signiÞcance of the Higgs and Z boson
signal. The 95% conÞdence level upper limit (UL) on the Higgs boson signal strength is also
listed.

H H no pT corr. Z
Observed signal strength 2.3+1.8

�1.6 3.2+2.2
�2.0 0.78+0.23

�0.19
Expected UL signal strength < 3.3 < 4.1 Ñ
Observed UL signal strength < 5.8 < 7.2 Ñ
Expected signiÞcance 0.7s 0.5s 5.8s
Observed signiÞcance 1.5s 1.6s 5.1s

PRL 120 (2018) 071802
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Figure 2: Postfit plot of the SM Higgs boson, V + jets, tt̄ and QCD fit comparison to data. The middle panel shows
the postfit and data distributions with the QCD and tt̄ components subtracted. The lower panel shows the same
distributions when also the V + jets component is subtracted.
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ATLAS-CONF-2018-052

Search for boosted H → bb

Better b-tagging 
won’t help here … 
need other tools!

See CMS-JME-18-002, 1807.10768, 1710.01305



�9Tagging for BSM searches

Now widespread!
…includes tagging boosted SM 

particles and boosted BSM particles.
Challenges: 
• How to calibrate BSM 
resonance tagger? 

• How to calibrate a 
tagger beyond were 
we can calibrate? 

• What is the best way 
to do mass 
decorrelation?  [GeV]
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/JETM-2018-02/fig_30a.pdf
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�11Trigger challenges
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  PreliminaryATLAS 1− = 13 TeV, 0.28 fbsData 2017, 

 > 100 GeVTELevel-1 trigger:   

 > 20 GeV
T
p = 0.2,  R  tkSubjet definition: 

All events
1 subjet
2 subjets
 3 subjets≥

| < 2.0η = 1.0  |R  tkJet definition: trimmed anti-
 = 0.2subR = 0.05,  cutftrimming:  

We need to make the online algorithms  
as close to offline as possible! 

(and maybe even then, that is not good enough)

https://twiki.cern.ch/twiki/pub/AtlasPublic/JetTriggerPublicResults/L1J100_ATLASprelim.pdf


�12Pileup
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Serious problem for jets, MET, and jet substructure 
(ML will help, though clearly work to do!)

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2019-028/fig_04c.pdf


�13Tracking inside jets

Truth hit residual [mm]
0.05− 0.04− 0.03− 0.02− 0.01− 0 0.01 0.02 0.03 0.04 0.05

 P
ar

tic
le

 d
en

si
ty

0

0.01

0.02

0.03

0.04

0.05

0.06

0.07

0.08 ATLAS Simulation Preliminary

 < 2.5 TeVjet
T

PYTHIA8 dijet, 1.8 < p
3-particle clusters
local X direction

Pixel endcap clusters

mµm, rms = 17.2 µ = -0.04 µ
2D Gaussian Kernel
MDN

mµm, rms = 23.2 µ = 1.70 µ
Position Network
ATLAS NN

Highly boosted resonances lead to efficiency losses 
inside jets - many of these are recoverable!

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/IDTR-2019-006/fig_05a.pdf


�14Calorimeter reconstruction inside jets

 [GeV]
T

Truth jet p
500 1000 1500 2000 2500

)
m

) /
 m

ed
ia

n(
R

m
 6

8%
 IQ

nR
(R

× 21

0

0.1

0.2

0.3

0.4
 Simulation PreliminaryATLAS

| < 0.8η = 13 TeV, W/Z-jets, |s

truth/mreco = mmRcalom
TAm

Angular resolution is a serious challenge at high pT.  Can 
we improve on both the calo side and the use of tracks?

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CONFNOTES/ATLAS-CONF-2016-035/fig_06a.pdf


�15Outline

- Tagging for BSM searches (and SM measurements)
- Uncovered scenarios 
- Trigger and pileup challenges 
- Tracking / calorimeter challenges at high pT 

- Precision QCD
- Physics targets 
- Bottom-up approaches 

- Machine Learning Methods (come to ML4Jets2020!) 
- Tools 
- Fast inference 
- Anomaly detection 
- Uncertainties
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�16Physics targets

Standard Model 
parameters (see Ian’s talk)
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(quite a broad and exciting 
program that is still in its infancy!)

https://arxiv.org/abs/1812.09283


�17Bottom up calibrations / uncertainties

efficiency

cluster energy scale

cluster energy resolution

Eur. Phys. J. C (2017) 77:26

Calibrations from resonances not directly applicable to 
QCD jets - perhaps we can calibrate from the bottom up?
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Figure 5: ROC curves for all algorithms evaluated on the same test sample, shown as the
median of multiple trainings.

similar information should be included in the ROC curve. For the background rejection we
see a sizeable variation from around 1/600 to better than 1/1000. Again, the cutting edge
ResNeXt50 and ParticleNet approaches lead to the best results, corresponding to an improve-
ment of the signal-to-background ratio by a factor ! S/ ! B > 300, and vastly exceeding the
current top tagging performance in ATLAS and CMS.

On the other hand, in Fig. 5 and Tab. 1 we see that some of the physics-motivated setups
remain competitive with the technically much more advanced ResNeXt50 and ParticleNet
networks. This suggests that even for a straightforward task like top tagging in fat jets we
can develop competitive and e�cient physics-specific tools. While their performance does not
quite match the state of the art standard networks, it is close enough to test both approaches
on key requirements in particle physics, like treatment of uncertainties, stability with respect
to detector e↵ects, etc.

The obvious question in any deep-learning analysis is if the tagger captures all relevant
information. As a starting point we can test how correlated the classifier output of the di↵erent
taggers are. We show the pair-wise correlations for a subset of classifier outputs in Fig. 6, with
the correlation matrix given in Tab. 2. As expected from strong classifier performances, most
jets are clustered in the bottom left and top right corners, corresponding to identification as
background and signal, respectively. The largest spread is observed for correlations with the
EFP. The two strongest individual classifier outputs — ResNeXt50 and ParticleNet — are
not perfectly correlated.

Given that we find the outputs of the di↵erent algorithms not to be fully correlated, we can

14

Figure 5: (top) ROC and (bottom) SIC curves of the FLD and the deep convolutional

network trained on (left) 200GeV and (right) 1000GeV Pythia jet images with and without

color compared to baseline jet observables and a BDT of the five jet observables.

e�ciency at 50% quark jet classification e�ciency for each of the jet variables and the CNN

are listed in Table 1. To combine the jet variables into more sophisticated discriminants, a

boosted decision tree (BDT) is implemented with scikit-learn. The convolutional network

outperforms the traditional variables and matches or exceeds the performance of the BDT of

all of the jet variables. The performance of the networks trained on images with and without

color is shown in Figure 6.

5.1 Colored jet images

The benchmarks in the previous section were compared to the jet images with and without

color, where the three color channels correspond to separating out the charge and multiplicity

information as described in Section 3.3. Figure 6 shows the SIC curves of the neural network

performances with and without color on Pythia jet images. For the 100GeV and 200GeV

images, only small changes in the network performance were observed by adding in color of

this form. For the 500GeV and 1000GeV jet images, performance increases were consistently

– 13 –

ROC Comparison 
DeepDoubleBvL
Figure 1. Performance of the double-b and
the DeepDoubleBvL quark-antiquark pair jet
identification algorithms demonstrating the
probability of misidentifying QCD jets as a
function of the tagging efficiency. These
receiver operating characteristic curves are
obtained from a combined sample of QCD
and Hbb.
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Figure 4 . The expected significance as a function of the integrated luminosity for the analysis with
and without machine learning. The vertical red dashed line corresponds to the dataset size from the
current CMS result [19] while the purple and blue dashed lines indicate the sizes required to reach 3‡
with and without machine learning, respectively. The full Run 2 (2015–2018) dataset will be about
150 fb≠1 and the full LHC dataset (up to 2023), prior to the HL-LHC, will be about 300 fb≠1.

with the application of the neural network, evidence may be achievable with the full Run 2
(2015–2018) dataset (about 150 fb≠1) and observation may be possible well before the end of
the LHC. This represents one of the main results of this paper, and emphasizes the possible
gains to be had with ML.

3.3 What is the Neural Network Learning?

With a significant improvement from the neural network, it is interesting to investigate in
more detail what information the machine is exploiting beyond the existing search. This
section follows some of the procedures for such a study described in Ref. [50].

First, Fig. 5 shows the (first layer) convolutional filters from both streams of the network.
Since both streams are actually three-channel images, there are three sets of filters for each
case. While it is di�cult to immediately recognize what the network is learning from these
filters, there are some hints upon careful inspection. In particular, the event images have
a small number of “hot spots.” This may indicate that the network is learning to compute
distances between prongs within jets and between jets. In contrast, the jet image filters have
many active pixels with complex shapes. These filters are too small to span the typical subjet
distance and so may be identifying the pattern of radiation between or around subjets. The
following sections examine the two streams of the network in more detail.

– 9 –
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Figure 5: ROC curves for all algorithms evaluated on the same test sample, shown as the
median of multiple trainings.

similar information should be included in the ROC curve. For the background rejection we
see a sizeable variation from around 1/600 to better than 1/1000. Again, the cutting edge
ResNeXt50 and ParticleNet approaches lead to the best results, corresponding to an improve-
ment of the signal-to-background ratio by a factor ! S/ ! B > 300, and vastly exceeding the
current top tagging performance in ATLAS and CMS.

On the other hand, in Fig. 5 and Tab. 1 we see that some of the physics-motivated setups
remain competitive with the technically much more advanced ResNeXt50 and ParticleNet
networks. This suggests that even for a straightforward task like top tagging in fat jets we
can develop competitive and e�cient physics-specific tools. While their performance does not
quite match the state of the art standard networks, it is close enough to test both approaches
on key requirements in particle physics, like treatment of uncertainties, stability with respect
to detector e↵ects, etc.

The obvious question in any deep-learning analysis is if the tagger captures all relevant
information. As a starting point we can test how correlated the classifier output of the di↵erent
taggers are. We show the pair-wise correlations for a subset of classifier outputs in Fig. 6, with
the correlation matrix given in Tab. 2. As expected from strong classifier performances, most
jets are clustered in the bottom left and top right corners, corresponding to identification as
background and signal, respectively. The largest spread is observed for correlations with the
EFP. The two strongest individual classifier outputs — ResNeXt50 and ParticleNet — are
not perfectly correlated.

Given that we find the outputs of the di↵erent algorithms not to be fully correlated, we can
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�21Practical matters

• Fast inference (see recent FNAL workshop) 
• Specialized hardware (GPUs, …) 
• Integration into ATLAS/CMS software 
• Publishing NNs (for recasting, etc.) 
• Sufficient training stats. / transfer learning

https://indico.cern.ch/event/822126/


�22

Three 
possibilities 

(1) There is nothing new

(2) Patience!  (new stuff is just rare)

(3) We are just not looking in the right place

We have performed hundreds of hypothesis tests and 
have never rejected the null (the Standard Model)

Model ! , " Jets† Emiss
T

∫
L dt[fb−1] Limit Reference

E
xt

ra
di

m
en

si
on

s
G

au
ge

bo
so

ns
C

I
D

M
LQ

H
ea

vy
qu

ar
ks

E
xc

ite
d

fe
rm

io
ns

O
th

er

ADD GKK + g/q 0 e, µ 1 − 4 j Yes 36.1 n = 2 1711.033017.7 TeVMD

ADD non-resonant γγ 2 γ − − 36.7 n = 3 HLZ NLO 1707.041478.6 TeVMS

ADD QBH − 2 j − 37.0 n = 6 1703.092178.9 TeVMth

ADD BH high
!
pT ≥ 1 e, µ ≥ 2 j − 3.2 n = 6 , MD = 3 TeV, rot BH 1606.022658.2 TeVMth

ADD BH multijet − ≥ 3 j − 3.6 n = 6 , MD = 3 TeV, rot BH 1512.025869.55 TeVMth

RS1 GKK → γγ 2 γ − − 36.7 k/MPl = 0.1 1707.041474.1 TeVGKK mass

Bulk RS GKK →WW /ZZ multi-channel 36.1 k/MPl = 1.0 CERN-EP-2018-1792.3 TeVGKK mass

Bulk RS gKK → tt 1 e, µ ≥ 1 b, ≥ 1J/2j Yes 36.1 ! /m = 15% 1804.108233.8 TeVgKK mass

2UED / RPP 1 e, µ ≥ 2 b, ≥ 3 j Yes 36.1 Tier (1,1), B(A(1,1) → tt) = 1 1803.096781.8 TeVKK mass

SSM Z ′ → ℓℓ 2 e, µ − − 36.1 1707.024244.5 TeVZ′ mass

SSM Z ′ → ττ 2 τ − − 36.1 1709.072422.42 TeVZ′ mass

Leptophobic Z ′ → bb − 2 b − 36.1 1805.092992.1 TeVZ′ mass

Leptophobic Z ′ → tt 1 e, µ ≥ 1 b, ≥ 1J/2j Yes 36.1 ! /m = 1% 1804.108233.0 TeVZ′ mass

SSM W ′ → ℓν 1 e, µ − Yes 79.8 ATLAS-CONF-2018-0175.6 TeVW′ mass

SSM W ′ → τν 1 τ − Yes 36.1 1801.069923.7 TeVW′ mass

HVT V ′ →WV → qqqq model B 0 e, µ 2 J − 79.8 gV = 3 ATLAS-CONF-2018-0164.15 TeVV′ mass

HVT V ′ →WH/ZH model B multi-channel 36.1 gV = 3 1712.065182.93 TeVV′ mass
LRSM W ′

R
→ tb multi-channel 36.1 CERN-EP-2018-1423.25 TeVW′ mass

CI qqqq − 2 j − 37.0 η−LL 1703.0921721.8 TeVΛ

CI ℓℓqq 2 e, µ − − 36.1 η−LL 1707.0242440.0 TeVΛ

CI tttt ≥1 e,µ ≥1 b, ≥1 j Yes 36.1 |C4t | = 4 π CERN-EP-2018-1742.57 TeVΛ

Axial-vector mediator (Dirac DM) 0 e, µ 1 − 4 j Yes 36.1 gq=0.25, gχ=1.0, m(χ) = 1 GeV 1711.033011.55 TeVmmed

Colored scalar mediator (Dirac DM) 0 e, µ 1 − 4 j Yes 36.1 g=1.0, m(χ) = 1 GeV 1711.033011.67 TeVmmed

VVχχ EFT (Dirac DM) 0 e, µ 1 J, ≤ 1 j Yes 3.2 m(χ) < 150 GeV 1608.02372700 GeVM∗

Scalar LQ 1st gen 2 e ≥ 2 j − 3.2 β = 1 1605.060351.1 TeVLQ mass

Scalar LQ 2nd gen 2 µ ≥ 2 j − 3.2 β = 1 1605.060351.05 TeVLQ mass

Scalar LQ 3rd gen 1 e, µ ≥1 b, ≥3 j Yes 20.3 β = 0 1508.04735640 GeVLQ mass

VLQ TT → Ht/Zt/Wb + X multi-channel 36.1 SU(2) doublet ATLAS-CONF-2018-0321.37 TeVT mass

VLQ BB →Wt/Zb + X multi-channel 36.1 SU(2) doublet ATLAS-CONF-2018-0321.34 TeVB mass

VLQ T5/3T5/3|T5/3 →Wt + X 2(SS)/≥3 e,µ ≥1 b, ≥1 j Yes 36.1 B(T5/3 →Wt)= 1, c(T5/3Wt)= 1 CERN-EP-2018-1711.64 TeVT5/ 3 mass

VLQ Y →Wb + X 1 e, µ ≥ 1 b, ≥ 1j Yes 3.2 B(Y →Wb)= 1, c(YWb)= 1/
√

2 ATLAS-CONF-2016-0721.44 TeVY mass

VLQ B → Hb + X 0 e,µ, 2 γ ≥ 1 b, ≥ 1j Yes 79.8 κB= 0.5 ATLAS-CONF-2018-0241.21 TeVB mass

VLQ QQ →WqWq 1 e, µ ≥ 4 j Yes 20.3 1509.04261690 GeVQ mass

Excited quark q∗ → qg − 2 j − 37.0 only u∗ and d∗, " = m(q∗) 1703.091276.0 TeVq∗ mass

Excited quark q∗ → qγ 1 γ 1 j − 36.7 only u∗ and d∗, " = m(q∗) 1709.104405.3 TeVq∗ mass

Excited quark b∗ → bg − 1 b, 1 j − 36.1 1805.092992.6 TeVb∗ mass

Excited lepton ℓ∗ 3 e, µ − − 20.3 " = 3.0 TeV 1411.29213.0 TeV! ∗ mass

Excited lepton ν∗ 3 e, µ, τ − − 20.3 " = 1.6 TeV 1411.29211.6 TeV#∗ mass

Type III Seesaw 1 e, µ ≥ 2 j Yes 79.8 ATLAS-CONF-2018-020560 GeVN0 mass
LRSM Majorana ν 2 e, µ 2 j − 20.3 m(WR ) = 2.4 TeV, no mixing 1506.060202.0 TeVN0 mass
Higgs triplet H±± → ℓℓ 2,3,4 e, µ (SS) − − 36.1 DY production 1710.09748870 GeVH±± mass

Higgs triplet H±± → ℓτ 3 e, µ, τ − − 20.3 DY production, B(H±±
L
→ ℓτ) = 1 1411.2921400 GeVH±± mass

Monotop (non-res prod) 1 e, µ 1 b Yes 20.3 anon−res = 0.2 1410.5404657 GeVspin-1 invisible particle mass

Multi-charged particles − − − 20.3 DY production, |q| = 5 e 1504.04188785 GeVmulti-charged particle mass

Magnetic monopoles − − − 7.0 DY production, |g | = 1 gD , spin 1/2 1509.080591.34 TeVmonopole mass

Mass scale [TeV]10−1 1 10
√
s = 8 TeV

√
s = 13 TeV

ATLAS Exotics Searches* - 95% CL Upper Exclusion Limits
Status: July 2018

ATLAS Preliminary
"
L dt = (3.2 Ð 79.8) fb−1

√
s = 8, 13 TeV

*Only a selection of the available mass limits on new states or phenomena is shown.

†Small-radius (large-radius) jets are denoted by the letter j (J).

Model Signature
∫
L dt [fb −1] Lifetime limit Reference

S
U

S
Y

H
ig

g
s

B
R

=
1

0
%

S
ca

la
r

O
th

e
r

RPV χ01 → eeν/eµν/µµν displaced lepton pair 20.3 1504.051627-740 mmχ
0
1

lifetime m(g̃)= 1.3 TeV, m(χ01)= 1.0 TeV

GGM χ01 → ZG̃ displaced vtx + jets 20.3 1504.051626-480 mmχ
0
1

lifetime m(g̃)= 1.1 TeV, m(χ01)= 1.0 TeV

GGM χ01 → ZG̃ displaced dimuon 32.9 CERN-EP-2018-1730.029-18.0 mχ
0
1

lifetime m(g̃)= 1.1 TeV, m(χ01)= 1.0 TeV

GMSB non-pointing or delayed γ 20.3 1409.55420.08-5.4 mχ
0
1

lifetime SPS8 with Λ= 200 TeV

AMSB pp → χ±1χ
0
1,χ

+
1 χ
−
1 disappearing track 20.3 1310.36750.22-3.0 mχ

±
1

lifetime m(χ±1 )= 450 GeV

AMSB pp → χ±1χ
0
1,χ

+
1 χ
−
1 disappearing track 36.1 1712.021180.057-1.53 mχ

±
1

lifetime m(χ±1 )= 450 GeV

AMSB pp → χ±1χ
0
1,χ

+
1 χ
−
1 large pixel dE/dx 18.4 1506.053321.31-9.0 mχ

±
1

lifetime m(χ±1 )= 450 GeV

Stealth SUSY 2 ID/MS vertices 19.5 1504.036340.12-90.6 m÷S lifetime m(g̃)= 500 GeV

Split SUSY large pixel dE/dx 36.1 CERN-EP-2018-198> 0.9 m÷g lifetime m(g̃)= 1.8 TeV, m(χ01)= 100 GeV

Split SUSY displaced vtx + Emiss
T 32.8 1710.049010.03-13.2 m÷g lifetime m(g̃)= 1.8 TeV, m(χ01)= 100 GeV

Split SUSY 0 ℓ, 2 − 6 jets +Emiss
T 36.1 ATLAS-CONF-2018-0030.0-2.1 m÷g lifetime m(g̃)= 1.8 TeV, m(χ01)= 100 GeV

H → s s 2 low-EMF trackless jets 20.3 1501.040200.41-7.57 ms lifetime m(s)= 25 GeV

H → s s 2 ID/MS vertices 19.5 1504.036340.31-25.4 ms lifetime m(s)= 25 GeV

FRVZ H → 2γd + X 2 e−,µ−jets 20.3 1511.055420-3 mmγd lifetime m(γd )= 400 MeV

FRVZ H → 2γd + X 2 e−, µ−,π−jets 3.4 ATLAS-CONF-2016-0420.022-1.113 mγd lifetime m(γd )= 400 MeV

FRVZ H → 4γd + X 2 e−, µ−,π−jets 3.4 ATLAS-CONF-2016-0420.038-1.63 mγd lifetime m(γd )= 400 MeV

H → ZdZd displaced dimuon 32.9 CERN-EP-2018-1730.009-24.0 mZd lifetime m(Zd )= 40 GeV

VH with H → ss → bbbb 1 − 2ℓ + multi-b-jets 36.1 1806.073550-3 mms lifetime B(H → ss)= 1, m(s)= 60 GeV

Φ(300 GeV)→ s s 2 low-EMF trackless jets 20.3 1501.040200.29-7.9 ms lifetime σ × B= 1 pb, m(s)= 50 GeV

Φ(300 GeV)→ s s 2 ID/MS vertices 19.5 1504.036340.19-31.9 ms lifetime σ × B= 1 pb, m(s)= 50 GeV

Φ(600 GeV)→ s s 2 low-EMF trackless jets 3.2 ATLAS-CONF-2016-1030.09-2.7 ms lifetime σ × B= 1 pb, m(s)= 50 GeV

Φ(900 GeV)→ s s 2 low-EMF trackless jets 20.3 1501.040200.15-4.1 ms lifetime σ × B= 1 pb, m(s)= 50 GeV

Φ(900 GeV)→ s s 2 ID/MS vertices 19.5 1504.036340.11-18.3 ms lifetime σ × B= 1 pb, m(s)= 50 GeV

Φ(1 TeV)→ s s 2 low-EMF trackless jets 3.2 ATLAS-CONF-2016-1030.78-16.0 ms lifetime σ × B= 1 pb, m(s)= 400 GeV

HV Z ′(1 TeV)→ qvqv 2 ID/MS vertices 20.3 1504.036340.1-4.9 ms lifetime σ × B= 1 pb, m(s)= 50 GeV

HV Z ′(2 TeV)→ qvqv 2 ID/MS vertices 20.3 1504.036340.1-10.1 ms lifetime σ × B= 1 pb, m(s)= 50 GeV

cτ [m]0.01 0.1 1 10 100

√
s = 8 TeV

√
s = 13 TeV

ATLAS Long-lived Particle Searches* - 95% CL Exclusion
Status: July 2018

ATLAS Preliminary
!
L dt = (3.2 – 36.1) fb−1

√
s = 8, 13 TeV

*Only a selection of the available lifetime limits on new states is shown. (γβ = 1)

Anomaly detection



�23Anomaly detection
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CWoLa Hunting (1805.02664), auto encoders 
(1808.08992, 1808.08979, É), LDA (1904.04200 ), 

+ methods that depend strongly on MC + É



�24Uncertainties

“But what are the uncertainties on the NN”?
- question asked by every review board
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“But what are the uncertainties on the NN”?



�26Uncertainties II

What if you are using a NN to extrapolate into a SR?

1910.08606

…we need to do 
better than Pythia 
versus Herwig!



�27Summary

- Tagging for BSM searches (and SM measurements)
- Uncovered scenarios 
- Trigger challenges 
- Tracking / calorimeter challenges at high pT 

- Precision QCD
- Physics targets 
- Bottom-up approaches 

- Machine Learning Methods (come to ML4Jets2020!) 
- Tools 
- Fast inference 
- Anomaly detection 
- Uncertainties

https://indico.cern.ch/event/809820/
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