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Updates from this week

e Taking a closer look at anomaly events and the reconstruction

o The network seems to do very poorly

o Anomalies seem to be correlated with multiplicity

e The network was doing so poorly that | conducted a few tests to understand

this further
o Training over Ztautau

o Training with a bigger network

o Training without padding in the loss or the AD score
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A closer look at anomalies

event: reconstruction:
[[[ ©.18945431 0.4822886 -0.30662119] [[[ ©.27721651 -2.3509588 ©.15923315]
[ 2.14006703 ©.0747449 2.48758316] [ @.09922105 -1.27206616 3.5524993 ]
[ 2.10698286 -4.408906455 2.29233575] [ 2.28455377 -3.17@8102 -©.55961454]
[ 2.10339661 -3.51014018 -0.84333491] [ ©.28034864 -2.2868004 1.5503771 ]
[ 2.23084805 4.42199375 -2.6154201 ] [ 2.27241206 -4.665706 -1.0439769 ]
[ ©.05505495 3.06775713 -2.3277216 ] [ 2.07485644 -3.398923 -0.3168471 ]
Example 1_ [ ©.25356225 4.37638283 0.78126425] [ 2.27140426 -4.121166 0.00983873]
° [ 2.04481367 -2.55221438 -0.62268186] [ 2.26736635 -3.144613 -0.42728975]
[ 2.04245868 1.20024025 2.29764962] [ ©2.26484393 -2.0061798 -0.45480698]
[ 8.23230756 2.72266507 3.05115509] [ ©.06224328 -1.5839988 -©.27955362]
W a. 9. ] [ 2.27932642 -0.80624723 2.311302 ]
[ e. Q. 9. ] [-©.20563693 -1.5024848 1.2698274 ]
[ . Q. 9. ] [ 2.510247 ©.26875934 3.2155108 ]
[ e. Q. 9. ] [ 2.21160312 -0©.35231897 ©0.63435763]
[ e. a. a. ] [ 2.02050136 -0.08960898 ©0.3395575 ]
[ e. a. 9. ] [ 2.23033541 -0.33366236 ©0.25899255]
[ @.26237572 ©.©3229186 2.51828%933] [ 2.83270582 -0.14314073 2.5033002 ]
[ 8.06237572 ©.©3229186 2.51828933] [ @.03578089 -0.18150991 2.4510999 ]
[ 2.21930252 ©.49169831 -0.34072194] [ 2.22369734 -0.41831353 1.6878198 ]
[ e. Q. 9. 111 [ ©.28133683 -1.1599902 -6.2116593 ]]]
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A closer look at anomalies

Example 2:

event:
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A closer look at anomalies

Example 3:
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Anomalies and Multiplicity

Trained over HLT Objects

Anomalies seem to be correlated
multiplicity

average number of objects in anomalies

10°# 103 1072 107 10°
False Positive Rate
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I’m not convinced | understand what the model is doing/learning

So | started running a few tests...
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Training with a larger network

Maybe the EB events are more complicated trained over HLT objects
than the 40MHz dataset, and therefore we
need a larger encoder and decoder
So | tried a new architecture: 60 —» 128 —» 2
> e
E=] 7 — auc = 50.0%
64 — 32 — 3 § 102 ;‘el_:o(l)ias (ajc():;;.z%)
@ ——— HHbbttHadHad (auc = 66.2%)
E = —— Zz4lep (auc = 60.7%)
10-* — e ”_J,f) — ?tautau (a_uc = 303_8%)
__‘7 — ﬂji: Eauc ; 223"2:
o o =Y —— a (auc = 47.2%)
e Valloss was slightly lower during | 115 (auc = 41.2%)
dark_jets (auc = 60.6%)
train i ng darkfphotons (auc = 54.0%)
e Network still performs similarly... False Positive Rate
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Training with a larger network

trained over HLT objects

10°

107!

| also tried 60 — 128 — 64 — 32 — 8

]
et
© 1072
o
w s
2

Still not great 7 seroliss ezt
g XX Q 107 zerobias (auc = 26.9%)

o HHbbttHadHad (auc = 70.3%)
E ZZ4lep (auc = 65.8%)

Ztautau (auc = 33.5%)

jiJZ4 (auc = 60.9%)

ji)Z2 (auc = 45.8%)

qqa (auc = 47.9%)

LLP (auc = 42.2%)

dark_jets (auc = 64.2%)
dark_photons (auc = 56.6%)

107

10—

107 10°3 1072 107? 10°
False Positive Rate
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Training without zero padding

e Recallthat | have been using masked trained over HLT objects
MSE loss, where | am zeroing out
parts of the MSE corresponding to
missing objects in the input

107!

._.
<
b

HLT (auc = 49.8%)
zerobias (auc = 27.2%)
HHbbttHadHad (auc = 66.4%)
ZZA4lep (auc = 63.2%)
Ztautau (auc = 35.0%)
ji)Z4 (auc = 57.4%)
ji)Z2 (auc = 45.9%)
qqa (auc = 47.8%)

LLP (auc = 43.4%)
100 b— =4 dark_jets (auc = 56.0%)

e Network seems to learn nothing dark_photons (auc = 57.4%)

107 103 1072 107? 10°
False Positive Rate

e |triedtraining without this mask,
hoping to force the network to learn
more

True Positive Rate
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Training over Ztautau

e None of these results are very encouraging.
Maybe | can do atest to ensure thereareno .
bugs in the code

trained over Ztautau

e Accordingly, | tried training over Ztautau,
which should be very different than many of
the other signals.

—— HLT data (auc = 67.3%)

10- zerobias (auc = 42.3%)
—— HHbbttHadHad (auc = 76.6%)

True Positive Rate
NI

o Itshouldn’t be hard for the network to o i
. — ji)Z2 (auc = 62.7%)
perform well over some of the signals da@ (auc = 64.25%)

—— LLP (auc = 55.0%)
dark_jets (auc = 72.9%)

10-¢
— dark_photons (auc = 68.0%)

T T T T T
10°* 1073 102 107! 10°

e Still no good performance over any signal False Postive Rate
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So what’s going on?

e |stheresome bugin my code?

o I’'mnot sure where this bug would be, since the input datasets look okay, and the
network is very straightforward

o Maybe some error keeping track of the events when calculating loss / AD scores?

o I've spend a bit of time looking and haven’t found anything

o lalsotried the 1000 year old technique of pasting the code into Chat GPT and
asking “what’s the bug in this code”, with no success

o Alsoworth noting that the network trained over L1 objects has substantially lower
val loss during training than the network trained over HLT objects

e Any advice?
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