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Unfolding

An over-simplified cross-section analysis

« Unfoldingis a key part of

Data |—>| Selection | cross-section analyses
N Purity
Correction .
gound [ | [ ITISThE process of
dl=— deconvolving detector

[ Unfolding resolution effects from data

- v
" Unfolding

(deconvolution of €~ f-- - :

« (Almost) all recent results
which can be compared to
g — theory/generator

resolution effects)

—_ oredictions are unfolded
targets ]

Flux / POT | I Scaling }—' Cross Section ° Unfoldlng WI'I'hOU-I- care can
Bin Width |« bias your result
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Unfolding

«  Measure selected numberof eventsin bins of a reconstructed quantity
Efficiency correct Bkg subtract Unfolding

«  Want the total number of signal events in bins of a frue quantity

Assuming no background

Number of eventsin reco bin j

T /P)\= (Y7, Number of eventsin true bin i
&) S

True Bins,i . .
Smearing matrix

Number of eventsin true bin i Number of eventsin reco bin |

Reco Bins.J Unsmearing matrix

* Unfolding s finding U;; from §j;.

+ Simplest method: use S;;*
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Toy exomple smearing

[ - -
E 450 é True Spoce E Gaus (0,0.6) smear
%400: —: % b
CT) 350 g é g 4 L 0.6 R ’ 2I=leco4. Bins:3
4 300 EREnE S 05
o) 250 [ = B ]
a - = i 1104
£ 200 [ :‘ 0 1
2 150 3 . 03
100 B - 02
50 - E - i 0.1
0:.—l‘_|‘ | ‘|.‘.|‘.‘\_.?t .‘.I..I“‘I..:
-6 —4 -2 0 2 4 6 e 4 2 o 2 4 6
Observable of interest ' Reco. Bins
. . . c 500 ¢ \ T =
2000 eventswith bins of width 1.0 54 Reco.space 3
with a “resolution” of 0.6 %::g ! 3
> = =
.g 300 | } % t 3
* Quasi-realistic example g0 i
2 200 - | 3
> 150 + =
100 - ' ; 3
50 - ; .—i
07 P B T B B B
—4 -2 0 2 4 6
Observable of interest
Stephen Dolan Nulnt 2018, GSSI 4




E 0 Mean -1.433
Jos RMS  0.7145
g [ Integral 1
£ r == 1
2

Toy exomple smearing
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Observable of interest ' Reco. Bins
- Offenfree to moveone bindown _,, "~
so long as we move the adjacent 2« Reco.space E
bins up to compensate*:see § ot | | 3
. c |
smallchangesin the reco. space £ o o :
g 250 | E I
+ True evenwith large variations %0 | | ; r;g'fo'i Qig':gvee'eli‘e'ﬁﬁs
e E =
. : : 00 ,  ~ fromabin you can
Doesn’t bode well for solving the 0 . 2 repopulate them with
inverse problem ... O Ly a4 s thetspil over” from

Observable of interest the adjacent bins
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Infegral=1

Toy excmp\e unfolding
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. So the inverselooks fine provided 5 4 Reco.space E
that: £ 400 % E
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Infegral=1

Toy example - untolding
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« Let's try a Poisson fluctuation of R
the reco. space!
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« HUGE variationin the true space
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Infegral=1
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Infegral=1

Toy example - untolding
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+ Many fluctuations allow us to 5 45 Reco.space E

build a result with errors £ 40 | E

2 350 E
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foy example
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« This resultis the unregularisedresult, but is it correct?

« From the correlation matrix we can see that the oscillatory behaviouris
accompanied by large bin-to-bin anti-correlations.

 In this case, actually find that the #ZF = 0.44, pretty good!

* In fact, if we want to minimise bias this is probably the best thing we
can do

Stephen Dolan Nulnt 2018, GSSI



Th

n
) A 0 o
o o o o
o o o o

Number of events / bi
N
(e ]
o

100

e unregularised result

— Model 1

. —— Model 2

- —=— Unfolded Result

T

|

|

T,

T

Stephen Dolan

2

4

6

Observable of interest

« Although the result is absolutely
correct, it can be almost
meaningless without the
accompanying covarionce matrix.

« Canyou judge which of the models
on the left fits the result beste
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The unregularised result

< 600 —
8 | 7 Unfolded Result 1« Although the result is absolutely
»n 500 — —— Model 1 — .
T f — Modei2 | l - correct, it can be almost
G400 f E meaningless without the
300 - I | E accompanying covariance matrix.
€l I
2% O l g 1+ Canyou judge which of the models
100 A t Sy . on the left fits the resulf beste
0 ::vI:l:F PR R N N TR T N AN TR TR TR NN SR S T EZ
-6 —4 -2 0 2 4 6

« Evenwhenwehave the covariance
matrix “chi-by-eye” is not very
reliable ...

Observable of interest
¥%/DOF = 2.7 - p = 0.0013

Xx5/DOF = 1.2-p = 0.25

 The unregularised result is ideal for calculating x?, but
potenftially very misleading for “by-eye” comparisons.
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Case s’rudy: CCOm analysis

0.98 < true cose <1.00
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%33 o4 65 66 0
Stat. correlation matrix for these three bins

Our unregularised ND280 v, CCOm
analysis shows a dip in the momentum

distribution for forward going muons at
about 1 GeV

This had some physicists excited, there
has been some discussion about what
this large “dip” could be.

But in reality the large anti-correlations
between the pertinent bins make this
result compatible with no dip.

The “dip"” may just be a statistical
effect from the unregularised unfolding
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The case for regularisation

Unregularised results with large anti-correlations are the
best option for making y* comparisons, but:

« We might want to have an idea of the result’s shape or to
compare the model in a specific region of phase-space

« We can't accurately estimate the x? from a plotin a paper
or conference

« Not enough result comparison papers / talks calculate x? ...

Perhaps producing a result which can be better interpreted
by eye could be useful too ...
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Number of events / bin

Can we |ust re-bin ite
The oscillatory unfolded results are caused by @
combination of:

» Fine binning compared to the detectorresolution

« Large statistical uncertaintyin the reco. data

Gaus (0,0.6) smear Gaus (0,0.6) smear Gaus (0,0.6) smear
1.0 bin width 1.5 bin width 1.0 bins

2000 ev ents 2000 events 10000 events
600 T T T 600 [ T T T T g S I B B
500 } Unfold Result {500 :_ ‘ L _:1800 ;_ "_‘ _;
- — Trth Ela | 11600 | | -
laoo [ 1400 — | s
1 f | | 1200 -
~300 |- —1000 | | =
1 800 — ! ! =
1200 600 — =
00 : : - 400 + | -
] -1 200 — —
o TR I . TR L f: 0: L Co L ‘ m
-6 4 -2 0 2 4 € -6 -4 -2 4 6

0 2
Observable of interest |

Can we just widen our bins until we get a smooth result?
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Can we just re-bin ite
* Yes! Many of T2K's recent results do this (see Ciro’s & Dan'’s talks)

« Thisislargely unbiased unfolding where the resolution of the
detector is clearly shown by the width of the bins

« Potenftial issues*:

« Bin widths optimised on MC, not on data
« Coarser binning can give greater model dependencies

0.87 < cds 8 <092 0.85 < cost;* < 0.9
. " .

14 B S J— Martini et al (w/o 2p2h)

314 Phys. Rev. D 98, 012004 3 T
€12 3 e 12 .
§10 E og‘é 10F Martini et al
2 g X150 3 g sf e‘\ E
T 6 s & 6F N g
| 53 * @
= Blo 4 = : i —
o 8 4 .D'Ui e
© %12 : % s 2 e 0 T s | R——
0k » = ' % 05 04 06 08 10 12 14
10-1 1 10 - . . . . . true.[Ge\/_/C]
p, [GeVic] CiroRicco'stalk | ™

* Although these could be mitigated by first extracting aresultin fine bins and then combining adjacent bins until the resultis smooth
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Tikhonov regularisation

« Rather than combining bins completely, another option is
to loosely tie them together with a penalty ferm (to be usedin
the likelihood fitting method of cross-section extraction —see backups)

(this is just one potential penalty term,
)(,%eg = pregZ(bini—bini_l)z others are possible depending on how
; exactly you want to smooth your result)

* It peq Is very large then this is equivalent fo combining bins

* The inclusion of a penalty term means that the result
moves away from the maximum likelihood solufion and is
therefore at least a little biased.

- How can we choose p,., fO give us a result we can better
compare to by-eye but avoid excessive biase
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The role of regularisation

Events

4000~ T T T ¢ 2500
= - - = | — |
3500;— preg = 0.0 —— Fit Result (truth-level) (1) —; ::j’ - preg = 0.0 Fit Result (reco.-level) (4) -
3000 f— Input Sim. Truth (2) —f 2000 :_ Input Sim. Reco. () _:
:_ E C ‘Data’ (Fake Data Reco.) (6) :
2500 - Fake Data Truth (3) E 1500 = -
2000 — B ’
1500 < 1000 E
1000 = - -
= 1 500 -
500 = - o ]
0:| L |lr-h-1_"_{_.| PR T T T ST = 0_ [ T R H | R S S | n

0 500 1000 1500 2000 0 500 1000 1500 2000 2500
Variable of interest (tr Reconstructed variable of interest

Flat input MC

Stephen Dolan

(truth and reco)
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The role of regularisation

Events

4000~ T T T T T T T g 2500 R —
L — - C B — _
3500;— preg = 0.0 —— Fit Result (truth-level) (1) —; :zj’ - preg = 0.0 Fit Result (reco.-level) (4) -
3000 f— Input Sim. Truth (2) —f 2000 :_ Measured Input Sim. Reco. (5) _:
2500 E— Fake Data Trith (3) é - data ‘Data’ (Fake Data Reco.) (6) ]
e 1 1500 —
2000 E 5 Post-fit -
1500~ 5 1000 recoresult| —
1000 — - ]
= - 500(— —
500F = . C— -
0:| L .|'-1.-l_"_{_.. PR T T T ST :. 0_ [ T R H | R S S | n
0 500 1000 1500 2000 0 0 500 1000 1500 2000 2500

Stephen Dolan

Variable of interest (ir

Flat input MC
(truth and reco)
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The role of regularisation

Events
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3500
3000
2500
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Stephen Dolan
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E i Post-fit -
— 1000/~ recoresult | —
1 5001 =
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The role of regularisation

§4000:- L L B B 7 B4 10 o e e e L B
- —_— - = B - ]
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3000 f— Input Sim. Truth (2) —f 2000 :_ Input Sim. Reco. (5) _:
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Read p,.., Qs regularisation strength
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The role of regularisation

g4000:~--|---' T 14 g 28007
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C 3 1500 =
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Read p,.., as regularisation strength
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The role of regularisation

4000

— - C — - :
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1 1500 -
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1 500 ]
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Read p,.., as regularisation strength
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The role of regularisation

@ 4000~ A T T T g gy 2500 .
c o _ J%¢€ B _ 7
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Regularisation optimisation: The L-curve

'—IEII|IIII|IIII|IEII|IEII|IEII|IEllllllI|I[I

1

O

'§ 90F reg = 0.025 E

. . Xreg © o .
Z(bmi—bmi_l)z = « 80 —
i Preg | © - _ ]
"2 70 A\Preg = 0.05 _—

S L -

L, GO APres = 075 —

= F lp.,=01 .

o [ kPreg -

N 50 =

40;_ Dreg = 0.25 E

The quantity we want 30 |Preg =05 —
to minimise with our 20: .
regularisation - Preg = 25 D =50 7
= Preg = 075N 1% reg -

10__ Preg = Dreg = 10 7

:I 1 1 1 | | | | 11 1 | 1 1 1 | | I | L1 1 1 | | I | | I | | 11 1 I_

100 200 300 400 500 600 700 800 900
2 of fit

/

Thisis a measure of bias — basically the
deviation from the unregularised result
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Regularisation optimisation: The L-curve

‘_a‘ gOEI ;{)T;‘; I_EOJ 0I2|5I ; illmldll LI | LI | L | LI | LI | LI _E

« Balance Z 80E E
. . o - -
regulafion with :, _F E
bias by choosing & eoé E
the “kink” in the < °° ]
curve ¢ S0 E
40F =

* L-curve can be 30E- E
formed on real - -

) 20 —

data — data driven ¢ .
regUIGriSGTion 10?l 1 1 | 1111 | 1111 | 111 1 | | - | 111 1 | 111 1 | | | 11 II_:

O

100 200 300 400 500 600 700 800 900
¥2 of fit
« Well established statistical method 1o select the smoothest
of many almost degenerate solutions:

http://epubs.siam.org/doi/abs/10.1137/1034115
http://epubs.siam.org/doi/abs/10.1137/0914086 http://arxiv.org/pdf/1205.6201v4.0df- use in TUnfold

26
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http://arxiv.org/pdf/1205.6201v4.pdf
http://epubs.siam.org/doi/abs/10.1137/1034115
http://epubs.siam.org/doi/abs/10.1137/0914086

Case study: CCOm In §py

« Measure CCOrr+profons cross section in missing fransverse
momentum (8py) Phys. Rev. D 98, 032003 (2018)

« Unregularised best for y?, regularised best for actually
showing anywhere

8 8
- 0.8 é‘ fg r T T T T T T E 7
06 g
: v e LCurve °
5 02 E 12 3 O E >
4 0 E 1.0 E— — . 3 4
3 02 S g':i preg E 3
> 04 04| 3 2
06 02 . E ;
! 08 00 5 105.0 1055 1060 106.5 107.0 1075 108.0 0
% 1 > 3 4 5 6 7 8 /v -2log(L) of Fit \
-39 -39
_~ 0 o
% 9 NuWro 11q : = % 9 NuWro 11g =
0] = ® T2KFitto Data E D) = ¢ T2KFitto Data 3
- 8 E e SF Wi2p2h  ¥2=226 4 = 8 107 b e SF wi2p2h , ¥2=23.1 -
‘= EoHL | B SF wio 2p2h, 2=65.8 ElE ' - . T SF wio 2pth, 2=68.7 £
o) 7E —— RFG+RPA+2p2h  77=154.5 ] —| o 7 E ——— RFG+RPA+2p2h ,3?=172.3 ] —
@ SR T N S (i LFG+RPA+2p2h" 2=785 - J D = - . LFG+RPA+2p2h" y2=844 - 7
S 6 " == (_5) 6t 410k ! 47
z 5 M P = Z 5B S -
o~ = = N F - 4
5 4 ;—_- . . ahE £ 4 gz oo L * 13
o‘ - 3F 02 04 06 08 10 3 :D_._ 35 4 00 0z 04 o6 o5 10 7
g 2f UﬂregU|C]I’Ised E 'U|°-8 2F Regu'onsedé
1 by . = 1 . =
0 ELo e . » : 3 0 EL.o o e . - -
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0
5, (GeV) 5p_ (GeV)
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Case study: CCOm In §py

« Measure CCOrr+profons cross section in missing fransverse
momentum (8py) Phys. Rev. D 98, 032003 (2018)

« Unregularised best for y?, regularised best for actually
showing anywhere

8 1 8 1

U o Fufr T3 R z:z
8 0.4 e :'i: L_Curve E d 0.4
5 0.2 B 2t E 5 02
: " £0 . Preg =30 - ‘ .
3 = .
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X elc matr Physics conclusions unchanged between o

o
n
w
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<)
=
~
-y
)
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’rhe regulonsed and unregularised results

— 10 : T T ; | 1 | | | I
% 9 ; NuWro 11q é NuWr;‘Hq ) —z
9 8 10 F o M g%Kw'/:g;ghDa;a 226 — ¢ ;,Zszf:;;hDa;a =03 1 - —f
'c o % L ™ IREREEH SF wio 2p2h, =65.8 1T e _FE e | B . SF wio 2p3h, x?=68.7
o 7 - —— RFG+RPA+2p2h x =154.5 | — —— RFG+RPA+2pzh , x =172.3 1
Kol = T N S i e LFG+RPA+ 2p2h ¥2=78.5 3 ww LFGH+RPA# 2p2h =844 - 7
S O 10* g EE 173
z sEr o P T 4z splyd B E™ 3
g 4 10% * E _g ' i
~— - 3 | | \ eampamenann pramama e = = S = I I £ P E E
8‘@ 2|+ CAUTION: here we can see that whilst the unregulorlsed resul’r hos reduced =
1 correlations, interpreting a goodness of fit by eye is still challenging. E
0
@
You stlill need a covariance for a regularised result!
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*Although this method uses Bayes’ theorem, it is nota

1 M °
D O S I n I S ' ' . e O Bayesian technique (in fact it’s equivalent to the widely-
used “Expectation-maximisation algorithm”) [M.Kuusela]

« UsingBayes' theorem™ to form unsmearing matrix:

Data input
Physical output Sfeta =3 U, (NJ#t* — BMC)
I |' ______ .I-II--
. . Hilpees LG
n iterations Upr = Ssyodeghed Unfolding matrix
L 2ALeSy °
Prior distribution Smearing matrix
(initial knowledge) (detector response)

 Most commonly used method (MINERVA, MiniBooNE, T2K)
« |f prior formedfrom MC - model dependence is explicit
« Mitigate by updating prior with unfolded result and iterating

* Many iterations (typically hundreds / thousands) — unregularised result
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http://lib.tkk.fi/Dipl/2012/urn100641.pdf

*Although this method uses Bayes’ theorem, it is not a

D ' A g O S -l-i n i ! S m e -|- h O d Bayesian technique (in fact it’s equivalent to the widely-

used “Expectation-maximisation algorithm”) [M.Kuusela]

« UsingBayes' theorem™ to form unsmearing matrix:

Prior model

Data input ction model
Few iterations = big pyeq
Selection model
Physical output Sfeta =3 U, (NJ#t* — BMC) Prior model Data
IR == amEE ey - -
— TS ¢2¢ iterations
Cniterations s ”.t.- , . vYS
> tr Z_'Wri Lrtii S0 Unfolding matrix S
BUT hOW mgny iS n.e Selection model
Data
Prior distribution Smearing matrix
(initial knowledge) (detector response)

Many iterations=small py.eq

« Changing the number of iterations can change physics conclusions
« Typicallyselectnumber of iterations based on mock-data studies
« |freal data looks different, can select *wrong” number (toy example in backups)

« Benjamin will show this with a real analysis, presents a data-driven alternative

See talk from Benjamin Quilain
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Efficiency corrections

An over-simplified xsec analysis

Data —>{ Selection ‘

N Purity
Correction
"'Eackgroundnll ,| Sideband
| Subtraction | Scale Fit
Simultaneous
Unfolding
A
" Unfolding |

(deconvolution of

resolution effects)

ency |
| Correction |

¥
| Effici

Number of
targets

Flux/ POT <

£ - - - - -

Cross Section

I Scaling }—b

Bin Width [«

« After unfolding we have the
a measure of the true
number of selected signal
events

« To get to a cross secftion,
we need to correct for our
detectors acceptance

* |t's also easy to add bias

here ...

« Not entirely separate from

unfolding
« Unfoldingin too few
variables can give bias here

For more details: arXiv 1805.07378 (TENSIONS Workshop 2016)

Stephen Dolan
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Toy example

* | wantto measure a cross sectionin some range of proton momentum

..._: 04 - R i ' L D -
ko] c NuWro i -
: 0.35F —]
Q™ E —— GENIE i :
0-3§ — NEUT i —;
0.25 - : ] 3

i : : :

0.2 - —>} E

C 1 .

0.15 E i i € =777 =
0.1E ! ! =

C ! -

0.05 £ ] : =

= 1 =

(o L | | II I BT ! TR T 4 (T

0 200 400 600 00 1000 1200 1400

P, (MeV/c)

« But my detectionefficiency dependson both protfon momentum
and angle (and on other particles, but let’s focus on the angle for the moment)

« | can’'t know the efficiency (e€) without knowing the distribution of
proton angle within the bin
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Toy example

* | wantto measure a cross sectionin some range of proton momentum

w— 04
©

o 0.35

0.3

0.25

0.2

0.15

o
-

0.05

and the predicted cross section
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- i } >
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- 1 ] -]
= ——>] 3
— i i 3
- 1 ] -
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ull 1 1 ]
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- 1 ]
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Toy example

* | wantto measure a cross sectionin some range of proton momentum

..._50-4: L B B S B BN 3 H—:0'25_"""""""'"""""""""_
O 435F NuWro i E 'g_ - —— GENIE .
e ™ E —— GENIE | : 2 o — GiBUU ]
03 —— NEUT i = > - —s— Efficiency oo

25 : l E c - —— NEUT - ]
025 F i ; - > © 015 -
02 E i i 3 2 _ | GENIE predicts a or ]

“E i‘_ ’i E T, 01: higher e than GiBUU! - g
0.15 |- = A -
01 | i 5 1 e :
A= 1 ! = E + - _:
0.05 ! : 3 0'05%‘ F[}H}F [I”I]'[I]Fd}' "ﬂl‘_‘:]- - :

= |.|.:l.|...!l..|..- L L ]

0 200 400 600 800 1000 120& 1\4}00 0 05 .06 0402 0 02 04 08 08 1

pp( eVic) cos(ep)

« The efficiency in the momentum bin a convolution of the efficiency
and the predicted cross section

« Comparedto GiBUU, GENIE predicts a higher cross sectionin the high
efficiency region — GENIE predicts a higher (~5-10%) efficiency

- Efficiency depends on the input model — Bias
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Kinemartic constraints

- Placing kinematic constraints on outgoing particles (p,, .6, ,) can
leave us with a relatively flaf efficiency in a specific region of cos 8,

o
~

. T T T T T T
—-— .
.

e
o

—— NuWro

= T T .~

— (rrrrrr7TrrrTrTT T T T - ]
% F — GENE T2 : B sk i p, > 250 MeV =
G o5F — GiBUU ﬁf—JiE\ = Q - —— GENIE ' cosO. > 04 1
~ - —— Efficiency (after kinematic constraints) I 03F NEUT ! p 3
S g4 F — NEUT ] i i cos6, > —0.6 3
q:) 0.4 ? 7: 0.25 o . : =
S \ob — *02f — € =30% -
— - 1 1 -
I 045 |- ! ! =
02 . : : : :

N 0.1F 1 ! —

0.1 0.05 - : i =

0 Covovo by v by v v by b by gy g E A L1 :1 PRI T TR i - (- E

0.4 0.5 0.6 0.7 0.8 0.9 1 0 200 400 600 800 1000 1200 1400
cos(t,) p, (MeVic)

* In this case the shape of the input modeldoesn’t alter the efficiency —
model independent correction!

« T2K analyses try to ensure integration only over flat-efficienciesin
observables where simulations hav e poor predictive pOWEr (exampie in backups
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Summary

« Unfolding / efficiency correcting without bias is hard — but our
analyses have some innovative ways to mitigate the problem

« All methods (not just on T2K) giveresults withsome correlations
« x? (or similar) is usually essential to validate physics conclusions

Unregularised Result
v Gives correct y? with no unfolding bias

X Potentially useless for anything other than y? without corresponding
covariance, and even then we can'’t frust “chi-by-eye”

» Useful part of data release and as a reference to check bias of
regularised results

Regularisation
v Smoother results, easier to interpret

X Adds at least some bias — worse for getting reliable x?2

» Not easy to choose a regularisation strength that suits data based on MC
— Use data-driven methods
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Just don't unfold!

« Producing an unfolded result that can be interpreted
by-eye with is hard! But maybe there's another way ...

Reco Level

Theorist’s Unfolded
Truth Level >
hew model Result

Sounds easy!
Right, Lukas...2
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Thank you for listening
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Efficiency correction example

Phys. Rev. D 98, 032003

Measuring épy relies on integrating the efficiency overp,, ,,, 6, ,,

We set kinematic constraintsin each to keep efficiency relatively

flat, especially in regions of phase space where models have low

Efficiency

0.6

0.5

0.4

0.3

0.2

0.1

predictive power (proton kinematics)
kinematics
0.6 L B T | L
- ! Errors are only simulation s’rc’nsflcg
- —GENIE T
04 A
S 03| T R R
o1 e T
aﬂ'_._._._M..l...l...l...l...i'
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0.0

Still not perfect, ideally should efficiency correct in all relevant

—t NEUT Squares pre kmemo’rlc c@ns’rrom’r_s

—*GENIE
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I U T AU IR D DL
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*Although this method uses Bayes’ theorem, it

D ! Ag OS -|-i n i ! S m e -l- h O d is nota Bayesian te"chnique (ir/z fact it’s

equivalent to the widely-used “Expectation-
maximisation algorithm”) [M.Kuusela]

« UsingBayes' theorem™ to form unsmearing matrix:

Smearing Matrix MC 1o MC
\ MC Prior P(rf'lti) = N;;~ /T;

Unsmearing Matrix ——‘\/ Prel(rjlti) — :(7}|t)
\/ l]j lT;l(r(lt | ;)(tl) Z] r NMC/TiMC
“P(ri|t;)Po(ty)

Prior
N;; - number of eventsin true bin i and reco bin j Py(t;) = ‘
. . 1=N¢ T Prior
T; - number of eventsin true bin i i=1 ‘i

1j/t; - reco/true bin j/i

« Mostcommonly used method (MINERVA, MiniBooNE, T2K)
« If priorformed from MC (as it typicallyis), model dependence is explicit
« Mitigate by updating prior with unfolded result and iterating

* Many iterations (typically many hundreds / thousands) — unregularised result

Selection model ~ Prior model \
Prior model Data

_ IE__B Selection model But typically thisis
ion model | not provided for

Data .
#Iterations | D'Agostini-based
-

Step #0 Step infinite analyses ...

Prior model
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ow many iterationse — Choose via MC

Gaus (0.1,1.0) smear,1.0 bin width, 2000 ev ents, Truthis a BW(0.4,3.0), Inputis a BW(0.3,2.5)

600 [

L e 0o e R
- — Unfold Result ] C

c ] T L — L | E——
5 o ] i +
O 400 Input Truth ‘\‘ e - ] ] 3505— E
= ;3003_ 300 : E
5 1 - | 2of a E
E 200 o0 - 200 — =
“ 100} = —+ n | 1s0p —+— o E
o= T +— —:‘°°;£ VO o S ;
| SRR YOULIRNGE I - S RUUUURURNIN === > v Su RO UO =
Observable of interest 6 4 -2 0 2 4 6
500 iterations (~unreg) , oUirerations 4 iterations
= . = 2 — 2 _
X?Tuth = 12’Xi2nput = 26 Atruth 18’)(”12?1“ 27 Xtruth = 299»Xinput = 212
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ow many iterationse — Choose via MC

Gaus (0.1,1.0) smear,1.0 bin width, 2000 ev ents, Truthis a BW(0.4,3.0), Inputis a BW(0.3,2.5)

.5600?"‘U‘f'k'j"‘|"“'"""t500—“'“‘""""“"'—450_7“""“';‘_"w"wf_
£ - —— Unfold Result ] B ] - 3
@ 5000 Toyth =P + ] 40F — E
S S + - 400 — 350 3
Q 400 nput Truth - N ] B ]
e F N 300 % =
8 300? ER: + S 20 —+ E
5 =0 200 - 20F —
< 00 = + 1 1 10F - — E
o + —~ 100 ~ 100 ] 3
é"“""""“""“"‘é Ozll.|u...,.|.:’=1|:’.:?_?é50;:'=’tffl | | ‘:‘=I:—“_:E
6 4 2 0 2 4 6 % L L, » A O L e (R
Observable of interest| s A 2 0 2 4 6
500 iterations (~unreg) ) 50 |’rer0’rlzons 4 iterations
2 2 = ; = 2 — 2 —
Xeruth = 12, Xinpyr = 26 Xtruth = 18, Xinpur = 27 Xeruth = 299, Xinpur = 212

Too many iterations and we get an oscillafing (but correct) result,
too few and we bias to the input

= = -
| [
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Number of events / bin

ow many iterationse — Choose via MC

Gaus (0.1,1.0) smear,1.0 bin width, 2000 ev ents, Truthis a Gaus(0,2.0), Inputis a BW(0.3,2.5)

L "‘55007"‘I‘ T I 7 450 B B =
800 - — Unfold Result = L + 1 a00F —+
700 - Truth ~ 400 — - -
600 — — Input Truth | E | :ZZ ; ]
E - 300 = 3 —+
I % o250 o -
o Jao | I
L w -
o IR S
e e Of_‘.—.‘lw‘\”‘|..‘\”‘|‘..; 52;_—!__1 I | \ :!EE}—TV;
-6 -4 -2 0 2 4 6 -6 4 -2 0 2 4 6 et — '_ — —t L L
Observable of interest| s 2 0 2 4 6
2000 iterations (~unreg) , 50 |Ter0’;|ons 4 iterations
= = 2 _ 2 _
Xeruen = 2.9 Xipgue = 134 Xeruen = 32 Xinpur = 254 Xtruth = 9606, Xy = 1568
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ow many iterationse — Choose via MC

Gaus (0.1,1.0) smear,1.0 bin width, 2000 ev ents, Truthis a Gaus(0,2.0), Inputis a BW(0.3,2.5)

A (small) change to the modelled truth and 50 iterafions doesn’t seem so good!

c
2 8oo - — Unfold Result ER: + 1 400C - E
£ 700 — Truth — 400 :— _: é E
% 600 — InputTruth | ER: | o: ;
5 500 F - 300 - + { 300F — ] E
& 400 = F 1] 20 E
E 300" 3200~ | 200F 1 L E
= 200 = —‘,—+ © 150 ' I E
100 |- el | 100 ; == E
of o= 50 | ﬁaﬁi
e N T E R R T R S—— -
6 4 2 0 2 4 6 5 4 -2 0 2 4 6 %% . P
Observable of interest| s 2 0 2 4 6
2000 iterations (~unreg) , 50 |Ter0’;|ons 4 iterations
— — 2 2
X?ruth = 2'9'Xi2nput = 134 Xtruth = 32’Xinput =254 Xtruth = 9606'Xinput = 1568
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ow many iterationse — Choose via MC

Gaus (0.1,1.0) smear,1.0 bin width, 2000 ev ents, Truth is a Gaus(0,2.0), Inputis a BW(0.3,2.5)

« Too few iterations can give a result which looks okay but is
actually biased to the shape of the input

« Adjacent bins are correlated, even though we binned
close to our detector resolution

« Early termination of D'Agostini can give unrealistically
small errors

First test for this: Check that the y? preference in model
comparisons is similar to the unregularised results

—T 1 71 —— Unfold Result

\ Tt

2 I —— Input Truth
3 — '
3 —+

| | IR S S N 4‘\'7;

2000 iterations (~unreg) _ OQiterafions
X?ruth = 2'9’Xi2nput = 134 Xeruth = 32, Xinput = 254

12 1 12 1

« Changing the number of iterations can change physics
conclusions

« MC-driven methods of optimising the numiber of iterations
(esp. without the above test) are dangerous — can easily

get a biased result if the prior used was far from the truth.

% 2 4 6 8 10 2 % 2 4 6 8 10 2

4 iterations
Xiruen = 9606, x5, = 1568
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ow many iterations¢ — Choose via data

« To mitigate thisissue two recent T2K analyses utilising D'Agostini’s
method employ a data-driven regularisation

0 B
350 | Too many iterations A
« Similarapproach to L-Curve: /' 3 E
« Balance the impact of the smoothing (Y) 2'2? E
« With the distance to the unregularisedresult (X) 15_ About right _

'

1:
X = z (N — Nioo)(Cov")_l(Nj" ~N®) 05

O_I

bini,j  (Usesome suitably large number in place of o)

n—num.iterafions Cov - covariance matrix N-num. unfolded signal events

Case Study: On-axis CC1m measurement

« Number of iterations chosen via fake data: 3 -7
See talk from

Benjamin Quilain

« Number of interactions chosen viadata: 16
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What it my L-curve isn't L-shaped?

|S -I-he Condi‘l'ion On ‘I'he Y_ ﬁa 90;_!! ITIE‘; I=I[)I.()IZI5I I | LI | UL | L | L | LI | LI ll_;
axis reasonable? o C .
kS 80 =
 If the form of the % 703_%107-@9 = 0.05 E
penalty pushes the o ]
resultsomewhere thatis % 60 #Pres = 075 =
incompatible withthe 2. _ £ 4preg =01 -
no regularisationcase, @ S0F E
the drop on the y-axis 405 =
can be limitedto very - .
smallvalues of p,..4 30— =
20 E
102_ I I I I I I I I _i

0 100 200 300 400 500 600 700 800 900

How did you form the x-axise

> .
* Thisneeds to be a measure of bias. x” offit

What is the first value on the x-axis?
« How does this compare with the x-axis value of the unregulairsedresulte If
they're very different considersmaller p,..
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Aestheftic regularisation

« Aresult with a carefully chosen regularisation strength
shouldn’t significantly alter the physics conclusions with

respect to the unregularised case —

10 F
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(o ¢]
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Unregularised result as a reference

for regularised result bias

TABLE IX. The full and shape-only y* comparisons to the §py result with nominal and no regularization. The
table is ordered by the size of the no-regularization shape-only y*. More details of these models can be found in

Sec. IVA.
Full Shape Only

Generator No Reg. Nom. Reg. No Reg. Nom. Reg.
NEUT 5.4.0 (LFGy + 2p2hy) 31.6 30.4 3.38 2.60
NEUT 5.3.2.2 (SF+2p2hy + 2 x FSI) 15.9 14.8 11.0 10.1
NEUT 5.3.2.2 (SF +2p2hy) 31.9 30.3 16.6 15.5
NuWro I1q (SF+2p2hy) 22.6 23.1 16.8 15.6
NuWro 11q (LFG + 2p2hy) 81.5 81.7 39.0 15.6
NuWro 11q (LFG + RPA + 2p2hy) 78.5 84.4 39.9 36.3
NEUT 5.3.2.2 (SF+2p2hy + No FSI) 114 112 429 41.4
GENIE 2.12.4 (RFG + 2p2hp) 92.9 92.4 479 47.7
NuWro 11q (SF w/o 2p2h) 65.8 68.7 554 54.8
NEUT 5.3.2.2 (SF w/o 2p2h) 93.3 91.5 61.2 59.6
GiBUU 2016 (LFG + 2p2hg) 77.0 78.9 66.1 59.6
NuWro 11q (RFG + 2p2hy) 150 155 67.2 69.0
NuWro 11q (RFG + RPA +2p2hy) 155 172 68.6 70.4
GENIE 2.12.4 (RFG w/o 2p2h) 94.6 97.8 74.1 76.2

« Thesenumbersare very similar— No change of physics conclusions form
regularisation.Important test. Phys. Rev. D 98, 032003
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Do | really need a c:ovoncmc:e2

Example by L. P:ckenng

5 Ol T T T T T ] D: o1sF- ~ T~ T T T T T
Guess which MC fits ¢ —— Do < —e— Duap

3 MC A MC A
each data better S St o
bettere o 0.1

0.05 0.05

Something (A.U.) Something (A.U.)
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Do | really need a c:ovonc:r\c:e2

Example by L P:ckenng

—0.15

S 015 S015F
How about now? < | =—e—Daaca < [ —e—Daap
2 z2
) S MC B St MC B
Can you do chi- 0.1 4 7 oaf ]
by-eyee .
0.05 0.05— 7
0 0
Something (A.U.) Something (A.U.)
2 @ ..GE 25 1 3
= & g 09 <
2 2
= = 20 0.8
= = 0.7
15 0.6
0.5
10 0.4
0.3
5 0.2
0.1
— 0 0
0 5 10 15 20 25 0 5 10 15 20 25

Bin number Bin number
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Chi-by-eye®e

Example by L. Pickering
T T | T T T | T ]

. So0lsE T T T T T T ' 1 SoasF
Interpreting any <= | —e—nDma 1z —e— Data B
result-simulation E MC A x* =26 E MCA = 22310

. i S r MC B % = 1.6x10° 3 MC B 2= 1.1x10°
comparison without ~ ol 0.1

a covariance matrix
and a goodness of

fitis dangerous. 00

0.05

If you really must, o

Then The regUIOrised Something (A.U.) Something (A.U.)
resultis better, but
may still be § ~ .2 1~
misleading. E ST 09 S
= = 20 0.8
@ = 0.7
If you make a s 0
conclusionby eye, 05
checkthe )(2 tell 10 0.4
the same story. 03
5 0.2
0.1
0 0
0 5 10 15 20 25 0 5 10 15 20 25
Bin number Bin number
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But the result looks awfulle

« Consider a two bin result:

2 . . . . T . . . . 2 1

o8

06

0.4

0z

a

| - 0.8 -0z
| - 0.6 0.4
0.4 - 0.6

0.2 -0.4a

pull —_— Nfit _ Nt?‘ue Xz = (Nfit - Ntrue)(vcov)_l(Nfit - Ntrue)
' Error ,
1] x* =169 | Good y2
putio = Fairly awful .
pull, = puuy  Need to see the correlation
| =

martrix to tell whether the
result is good or not.

Stephen Dolan Nulnt 2018, GSSI

53




But the result looks awfulle

« Consider a two bin result:

2 . . . . | : |
.................. Truth 18 08
—+— Result 06
1 04
0.2
I
Y L e, } ............................ ] 1
08 -0.2
06 4
0.4 -0.6
02 0.8
% ' ' ' ' ; ' ' ' ' 2 o 02 04 06 08 e T
J— 2 _ -1
pull — Nflt Ntrue X = (Nfit — Ntrue)(Vcov) (Nfit - Ntrue)
i —
Error

x* =20 F Worse y?

pull, =
’ } Better pull «  Pulls/bin-to-bin bias doesn’t
tell the whole story
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Unfolding at T2K: likelihood fitting

» True bin - Reco. femplate —
& E

. Vary MC template norms "t
(c;) and compare to data of

- Maximise Poisson .« 3

likelihood + syst. i

penalty term "] .
(using max. gradient decent)  «r 5:
m:f_ b to0 b0 b "

Truth z

7 SN SO

Rec o,
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ow does it worke
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ow does it worke

« Scale tfemplate weights
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ow does it worke

210005 T - « Alter background systematic
R oarameters
- = RES
~ EDsS  These should |deQ”y be
constrainable by control

regions
ﬂ 1000 :' L L I I ot I 1 I ':
15 2 25 3 € 9o0kE =
do(radians) Q@ = -
T L e 1
© 700 & ’=
O = -
« Overallcan alter: 2 500 & —— E
« Template weights @ 400 =+— —+ E
« BG Model parameters zgg = E
* Flux 100 - E
« Detector response 0t T N N B
0 0.5 1 1.5 2 2.5 3
oo (radians)
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ow does it worke

» 1000 T

B DIS

& 900E- —-—GENIE . .
R « Keep iterating to
= p o . . .
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Regularisation in the likelihood fitter

« The best fit parameters are those that minimise the
following:

2 2 2 2
X = Xstat(fit goodness) + Xsyst(penalty) + Xreg'

recobins obs
Xstat _ Z 9 NMC Nobs -|-N0bsln
J

NMC')

2 - t = ¢
Xsyst = (asyst _;gfor)(%%%St) (asyst o 618211{507')

« With an optional regularisafion term (other terms are possible
exact choice of term is beyond the scope of this talk):

—_ _ reg
X?geg = DPreg Z(Ci_ci—l)z = Preg (C R Cprior)Vcov (C o Cprior)
[
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