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•  In the Electroweak theory of the SM, W mass is predictable  
 
 
 
 
One loop radiative correction Δr to W mass depends quadratically on the 
top mass, and logarithmically on Higgs mass. 
 
 
 
 
 
 
 
 
Measuring Mw and Mt, one can extract the information on MH, vice versa. 
 
Some new physics can contribute on the Mw  	
  
	
  
	
  

Precise	
  W	
  mass	
  measurement	
  –	
  Mo<va<on 
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With	
  the	
  discovery	
  of	
  the	
  Higgs	
  and	
  direct	
  Higgs	
  mass	
  
measurement..	
  
 
  

•  Global	
  EW	
  fi[ng	
  with	
  MH(exp)	
  indirectly	
  es<mated	
  MW	
  and	
  Δ	
  MW	
  ~	
  8	
  MeV	
  
•  Compared	
  to	
  the	
  ΔMt(exp)	
  ~	
  0.9	
  GeV,	
  precision	
  on	
  ΔMW(exp)	
  ~	
  5	
  MeV	
  is	
  required	
  

assuming	
  equivalent	
  contribu<on	
  on	
  Higgs	
  mass	
  precision.	
  
•  Both	
  values	
  	
  mo<vate	
  some	
  improvements	
  on	
  current	
  experimental	
  precision	
  on	
  ΔMW	
  ~	
  15	
  

MeV	
  è	
  Precision	
  MW	
  measurement	
  is	
  one	
  of	
  the	
  key	
  EW	
  precision	
  tests	
  for	
  the	
  SM	
  
consistency.	
  

	
  
	
  
	
  
	
  	
  



Precision	
  W	
  mass	
  measurement	
  –	
  Status 

•  World	
  average	
  :	
  80385 ± 15 MeV (sys+stat) 

•  CDF result (80375 MeV, 2012)                               D0 (80387 MeV 2012) 

 
à Systematic uncertainty, (CDF:15, D0: 22) MeV > Statistical uncertainty, (CDF:22, 

D0 : 13) MeV 

à How to reduce the systematic uncertainties? 
 
	
  
	
  
	
  
	
  
	
  	
  



Systematic uncertainties on MW measurement 
1)  Experimental	
  sources	
  

1)  Lepton	
  energy	
  scale/energy	
  resolu0on/shower	
  model/energy	
  loss/efficiencies	
  
2)  Backgrounds	
  
3)  Recoil	
  model	
  

:	
  limited	
  by	
  the	
  size	
  of	
  the	
  Z-­‐>ll	
  sample	
  =>	
  Enhanced	
  event	
  sta<s<cs	
  can	
  help.	
  
	
  

2)  W	
  and	
  Z	
  produc<on	
  and	
  decay	
  models	
  
1)  PDF	
  :	
  Boost	
  of	
  the	
  W	
  along	
  the	
  longitudinal	
  beam	
  direc<on	
  does	
  not	
  change	
  a	
  MT	
  value.	
  

However	
  uncertainty	
  on	
  the	
  PDF	
  affects	
  on	
  event	
  acceptance	
  rate,	
  in	
  par<cular	
  with	
  
respect	
  to	
  the	
  imposed	
  pseudo-­‐rapidity	
  range,	
  so	
  MT	
  distribu<on	
  is	
  also	
  changed.	
  	
  

2)  Transverse	
  momentum	
  of	
  W	
  boson	
  :	
  PT(l)	
  distribu<on	
  is	
  very	
  sensi<ve	
  on	
  the	
  non-­‐zero	
  
PT(W).	
  MT	
  distribu<on	
  is	
  also	
  affected	
  by	
  W	
  boson’s	
  PT.	
  	
  

3)  Photon	
  radia0on	
  (QED)	
  :	
  final	
  state	
  radia<on	
  from	
  lepton	
  

	
  



Measurement	
  strategy	
  and	
  sources	
  of	
  systema<c	
  uncertainty 

•  W-­‐boson	
  produc<on	
  and	
  decay	
  

	
  
•  Template	
  method,	
  using	
  MT,	
  PT(l)	
  and	
  PT(\nu)	
  variables	
  	
  

	
  

•  The	
  distribu<ons	
  of	
  the	
  variables	
  are	
  unstable	
  w.r.t	
  the	
  momentum	
  profile	
  of	
  the	
  
mother	
  par<cle,	
  W	
  produc<on	
  

	
  
•  Both	
  MT	
  and	
  PT(l)	
  distribu<ons	
  are	
  not	
  invariant	
  under	
  PT(W)	
  and	
  PDF.	
  
•  One	
  solu<on	
  is	
  to	
  do	
  precise	
  calcula<on	
  and	
  simula<on	
  on	
  the	
  W	
  produc<on	
  

(and	
  decay)	
  to	
  reduce	
  the	
  systema<c	
  uncertain<es	
  literally.	
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Our	
  approach	
  :	
  	
  
	
  	
  	
  

Engineer	
  the	
  transverse	
  mass	
  toward	
  the	
  variable	
  
mostly	
  inherits	
  the	
  proper<es	
  of	
  BW	
  resonance,	
  
and	
  try	
  to	
  apply	
  the	
  similar	
  analysis	
  strategy	
  like	
  

the	
  MZ	
  measurement	
  !	
  	
  	
  	
  



Consider an `sampled invariant mass’ of W, where 
the missing momenta along beam direction is 
assigned by random variable 
 
 
 
 

	
  

	
  
	
  In this picture, MT is also one sampled invariant 

mass of W, but which is specially optimized to 
minimize the mass scale. 

MT (W ) ⌘ min
p̃Z

M̃W ! ⌘̃⌫ = ⌘l



We have no more constraint in an event by event 
basis. Then which information/constraints do we 
use for engineering toward a better solution ? 
 
We use whole event sample in search for the 
solution set which most resembles the shape of 
physical distribution – (weighted by PDF and 
convoluted by resolution effect) BW resonance + 
modeled BG. 
 
Engineering technology : Genetic Algorithm for the 
optimization in huge solution spaces 
 



	
  General	
  Situa<on	
  for	
  HEP	
  Event	
  Reconstruc<on 



Dimension	
  of	
  the	
  random	
  search	
  space	
  :	
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  à	
  Physical	
  target	
  
distribu<on	
  up	
  to	
  the	
  unknown	
  
model	
  parameters	
  



1.	
  Consider	
  a	
  random	
  sampling	
  of	
  the	
  unknowns	
  for	
  all	
  event	
  
blocks.	
  	
  
	
  
2.	
  Select	
  a	
  good	
  	
  collider	
  observable	
  (	
  non-­‐reconstructable	
  as	
  q	
  
&	
  C	
  are	
  unknowns	
  )	
  :	
  	
  
	
  
3.	
  Calculate	
  a	
  sampled	
  func<onal	
  value	
  using	
  the	
  sampled	
  
unknown	
  values	
  :	
  
	
  
4.	
  Es<mate	
  the	
  fitness	
  as	
  the	
  distance	
  between	
  the	
  sampled	
  
distribu<on	
  and	
  the	
  physical	
  distribu<on	
  where	
  unknown	
  model	
  
parameters	
  are	
  op<mized.	
  
	
  
	
  

f(p, q; C)

f̃(p, q̃; C̃)

{({q̃i}, C̃i) | i = 1..Nevent}

#	
  Basic	
  procedures	
  for	
  one	
  sampled	
  solu<on	
  of	
  the	
  unknowns 

Fitness = Distance between
dN

df
(~↵0 = (m0,�0, ...)) and

dN

df̃



1.	
  (Ini<ally	
  in	
  the	
  1st	
  genera<on)	
  Consider	
  a	
  popula<on	
  of	
  solu<ons	
  (=	
  a	
  set	
  of	
  
individual	
  random	
  solu<ons)	
  
	
  
2.	
  Es<mate	
  the	
  fitness	
  of	
  all	
  solu<ons	
  
	
  
3.	
  Sort	
  the	
  individuals	
  by	
  their	
  ranking	
  of	
  the	
  fitness	
  
	
  
4.	
  Select	
  a	
  por<on	
  of	
  high	
  ranked	
  solu<ons,	
  and	
  discard	
  others	
  
	
  
5.	
  Using	
  reproduc<on	
  algorithm(crossover/muta<on	
  of	
  genes)	
  of	
  GA,	
  it	
  
produces	
  children	
  solu<ons,	
  filling	
  the	
  missing	
  popula<on.	
  	
  
	
  
6.	
  Es<mate	
  the	
  fitness	
  of	
  new	
  individual	
  solu<ons,	
  and	
  sort	
  them	
  again	
  by	
  
their	
  ranking.	
  
	
  
7.	
  If	
  not	
  converged,	
  goto	
  #5	
  again	
  as	
  the	
  next	
  genera<on.	
  

	
  

	
  The	
  Gene<c	
  Algorithm	
  does	
  opera<ons,	
  genera<on	
  by	
  
genera<on.. 



1.	
  (Ini<ally	
  in	
  the	
  1st	
  genera<on)	
  Consider	
  a	
  popula<on	
  of	
  solu<ons	
  (=	
  a	
  set	
  of	
  
individual	
  random	
  solu<ons)	
  
	
  
2.	
  Es<mate	
  the	
  fitness	
  of	
  all	
  solu<ons	
  
	
  
3.	
  Sort	
  the	
  individuals	
  by	
  their	
  ranking	
  of	
  the	
  fitness	
  
	
  
4.	
  Select	
  a	
  por<on	
  of	
  high	
  ranked	
  solu<ons,	
  and	
  discard	
  others	
  
	
  
5.	
  Using	
  reproduc<on	
  algorithm(crossover/muta<on	
  of	
  genes)	
  of	
  GA,	
  it	
  
produces	
  children	
  solu<ons,	
  filling	
  the	
  missing	
  popula<on.	
  	
  
	
  
6.	
  Es<mate	
  the	
  fitness	
  of	
  new	
  individual	
  solu<ons,	
  and	
  sort	
  them	
  again	
  by	
  
their	
  ranking.	
  
	
  
7.	
  If	
  not	
  converged,	
  goto	
  #5	
  again	
  as	
  the	
  next	
  genera<on.	
  

	
  

	
  The	
  Gene<c	
  Algorithm	
  does	
  opera<ons,	
  genera<on	
  by	
  
genera<on.. 



	
  
à Then,	
  the	
  best	
  solu<on	
  in	
  each	
  genera<on-­‐(k),	
  fiqed	
  into	
  the	
  
physical	
  target	
  distribu<on	
  which	
  is	
  op<mized	
  w.r.t	
  unknown	
  
model	
  parameters,	
  evolves	
  toward	
  the	
  true	
  distribu<on,	
  	
  

if	
  the	
  shape	
  of	
  our	
  physical	
  distribu<on	
  possesses	
  enough	
  non-­‐
trivial	
  physical	
  informa<on.	
  	
  
	
  
à We	
  apply	
  this	
  idea	
  on	
  the	
  measurement	
  of	
  W	
  boson	
  mass,	
  
assuming	
  pure	
  Breit-­‐Wigner	
  shaped	
  physical	
  target	
  distribu<on.	
  
	
  
	
  

lim
k!1

dN

df
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dN
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Reconstruction of the Breit-Wigner resonance peak 
of the W boson using genetic algorithm 	
  

	
  
	
  
	
  
	
  

-­‐  Unknown	
  :	
  Pz	
  or	
  rapidity	
  of	
  neutrino	
  

-­‐  Encoding	
  representa<on	
  for	
  a	
  gene	
  :	
  real	
  con<nous	
  value	
  

-­‐  Chromosome	
  :	
  a	
  set	
  of	
  qz,	
  {qz}	
  for	
  whole	
  event	
  

-­‐  Popula<on	
  :	
  randomly	
  generated	
  Npop	
  -­‐	
  chromosomes	
  

-­‐  Fitness	
  (of	
  a	
  chromosome	
  =	
  a	
  solu<on	
  )	
  :	
  calculated	
  by	
  various	
  probability	
  
measures	
  like	
  as	
  chi2,	
  loglikelihoods,	
  rela<ve	
  entropy	
  ..	
  

-­‐  Using	
  the	
  BW	
  shape	
  as	
  the	
  model	
  of	
  the	
  op<mized	
  physical	
  target	
  
distribu<on.	
  	
  	
  

	
  
	
  



First	
  genera<on	
  with	
  random	
  sampling	
  for	
  qz	
  











A	
  snapshot	
  on	
  the	
  effect	
  of	
  
non-­‐zero	
  PT(W)	
  
à Stable	
  convergence	
  w.r.t	
  

the	
  mother	
  par<cles	
  
momentum	
  profile	
  

à Also	
  shows	
  stable	
  
convergence	
  w.r.t	
  various	
  
ini<al	
  star<ng	
  solu<on	
  



	
  
à	
  The	
  quality	
  of	
  evolu<on	
  depends	
  on	
  the	
  kind	
  of	
  the	
  measure	
  
of	
  the	
  distance	
  between	
  probability	
  distribu<ons.	
  
	
  



Conclusions 

•  We	
  are	
  tes<ng	
  various	
  collec<ve	
  stochas<c	
  op<miza<ons	
  by	
  
employing	
  gene<c	
  algorithms	
  (GA),	
  in	
  search	
  for	
  the	
  best	
  
random	
  sequence	
  (of	
  HEP	
  event	
  unknowns)	
  which	
  fits	
  the	
  best	
  
into	
  physical	
  target	
  distribu<ons.	
  

	
  
•  In	
  this	
  process,	
  the	
  best	
  random	
  sequence	
  can	
  have	
  good	
  

correla<on	
  with	
  the	
  true	
  sequence.	
  We	
  demonstrated	
  that	
  such	
  
a	
  good	
  solu<on	
  (as	
  an	
  extremum	
  searched	
  by	
  GA)	
  really	
  exists,	
  in	
  
the	
  case	
  of	
  sampled	
  invariant	
  mass	
  func<ons	
  of	
  a	
  random	
  
sequence	
  realizing	
  the	
  Breit-­‐Wigner	
  distribu<on	
  of	
  the	
  Mw,	
  
collec<vely.	
  

	
  
	
  



Conclusions 

	
  
•  In	
  this	
  way,	
  we	
  engineer	
  our	
  sampled	
  invariant	
  mass	
  distribu<on	
  

to	
  have	
  the	
  proper<es	
  of	
  BW	
  resonance.	
  

•  The	
  GA,	
  based	
  on	
  the	
  principe	
  of	
  Natural	
  Selec<on,	
  is	
  found	
  to	
  
be	
  very	
  effcient	
  and	
  powerful	
  for	
  implemen<ng	
  the	
  
(complicated)	
  collec<ve	
  stochas<c	
  op<miza<ons	
  for	
  HEP	
  event	
  
reconstruc<on.	
  

•  Developing	
  more	
  efficient	
  GA	
  algorithm	
  is	
  required.	
  

	
  

	
  
	
  



Backup	
  



Genetic Algorithm 
•  Gene<c	
  algorithm	
  is	
  a	
  search	
  and	
  op<miza<on	
  technique	
  based	
  on	
  

Darwin’s	
  Principle	
  of	
  Natural	
  Selec<on.	
  

•  “Select	
  the	
  best	
  individuals	
  with	
  good	
  fitness,	
  and	
  Exchange	
  good	
  
genes,	
  and	
  Select	
  ..”	
  

	
  
•  Op<mizes	
  a	
  large	
  number	
  of	
  (con<nuous/discrete)	
  parameters	
  with	
  

extremely	
  complex	
  objec<ve	
  func<on.	
  It	
  can	
  rather	
  easily	
  jump	
  out	
  of	
  
a	
  local	
  minimum,	
  in	
  compared	
  to	
  the	
  usual	
  gradient-­‐based	
  search	
  
algorithms.	
  

•  Does	
  not	
  require	
  deriva<ve	
  informa<on.	
  

•  May	
  encode	
  the	
  parameters	
  so	
  that	
  the	
  op<miza<on	
  is	
  done	
  with	
  the	
  
encoded	
  parameters	
  
	
  





Flow-chart of Genetic Algorithm 



From	
  ‘Prac<cal	
  Gene<c	
  
Algorithms’	
  by	
  Haupt.	
  




