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Forecas+ng

hJps://arxiv.org/pdf/1206.6288

• What is the maximum informa+on that can be in principle extracted from a 
given observa+on?  

• Informa+on gain here corresponds to the reduc+on of the uncertainty 
associated to the model parameters of interest  

• Es+ma+ng the sensi+vity of 
exis+ng or future experiments for 
the detec+on of astrophysical or 
new physics signals is a 
ubiquitous task, usually requiring 
the calcula+on of the expected 
exclusion and discovery limits 
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Equivalent Counts Method
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Speed up factor = O(10
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Poisson Point Process
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Poisson Likelihoods and Model defini+ons

Poisson Likelihood is used when considering coun+ng experiments such as the 
gamma-ray satellite Fermi

Fixed shape parameter

Normalisa+on, parameter 
we wish to set a limit on
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What is the Fisher Informa+on Matrix

• The Fisher Informa+on is a descrip+on of the curvature of the likelihood 
• Curvature of the likelihood surface gives us a descrip+on of the variance 
• The Cramér-Rao bound is based on the Fisher informa+on matrix, which 

quan+fies how ‘sharply peaked’ the likelihood func+on describing the 
observa+onal data is around its maximum value 
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• Bound is ‘asympto+cally efficient’ when the bound is saturated in the 
large sample limit  
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Equivalent Counts Method

Logic: 
• Signal to Noise of events in a single bin 

example tells us about the significance 
of the signal  

• Extend same technique to mul+-bin 
case 

• Not all signal events sta+s+cally 
contribute if they are drowned out by 
large backgrounds 

• Convenient to define significant signal 
and background events using the FIM
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Indirect DM Search - CTA Projec+ons
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1� Contsant Geodesic

2� Contsant Geodesic

95% Exclusion Limit

• Treat the FIM as a metric and use this to plot constant geodesic ellipses. The 
size and shape of the ellipses show how far in the parameter space we need to 
travel to rule out parameter space

• Previous analysis was extremely slow. 
Systema+c limits easily accounted for 
in the FIM

• Streamlines roughly depicts the 
model density of the parameter space

• Star+ng to tap into the field of 
Informa+on Geometry for useful 
parameter space visualisa+ons and 
observa+on strategies 
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Strategy Op+misa+on

• It is possible to include an addi+onal term to the likelihood that describes 
background correlated systema+cs. In addi+on we can look how the informa+on 
is distributed over you binned variable, we call this object the Effec+ve Fisher 
informa-on flux 
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• The diagonal part of the 
Fisher informa+on flux 
corresponds to the square 
of the SNR of component i, 
and the non-diagonal parts 
provide informa+on about 
the degeneracy of the 
components pairs (i, j) 

Increasing 
Exposure
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Python Package now public

h8ps://github.com/cweniger/swordfish
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WITH DOCUMENTATION



Thanks for listening!

h8ps://arxiv.org/abs/1704.05458
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What do people normally do…

• There are many methods both for calcula+ng your expected sensi+vity and 
expected signal. Most prominent is the use of Monte Carlo Simula+ons

Start with basic Physics

Create Model

Sample from Model using 
Monte Carlo methods

Calculate limits off mock data 
and repeat simula+ons to check 

validity

Bo8le neck of the 
analysis. Ogen takes a 

long +me with li8le 
flexibility
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Limit and Reach

Exclusion Limits

Discovery Reach

• Solve for 𝜽1U to calculate the 

exclusion limit 
• ⍺ is the sta+s+cal significance 
• Z(⍺) is connected to the 

desired confidence limit 
inverse of the standard 
normal cumula+ve 
distribu+on e.g. for CL=95%, 
Z(0.05)=1.64  

• Solve for 𝜽1D to calculate the 

discovery reach
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Useful proper+es of the Formalism

Proper+es: 
• Mul+plica+vity of Poisson Likelihoods 

—> Addi+ve Fisher Informa+on 

• Easily reduced 

• Simple to map to standard Dark ma8er 
searches - Direct, Indirect, Collider etc.
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• The resul+ng Fisher Informa+on 
Flux is non-local in space due to 
the appearance of the full FIM 
occurring in the Effec-ve 
Informa-on Flux  

• With non-locality, we mean that 
the informa+on flux at E depends 
in general on the past 
observa+on history of E’/=E 

• The differen+al informa+on flux 
accounts for the fact that the 
broad feature becomes 
increasingly degenerate with the 
flat background at late +mes but 
the sharp peak remains useful

Non-locality and Satura+on
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Systema+cs
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• In many cases of prac+cal importance, 
addi+onal informa+on about nuisance 
parameters is available, which must be 
included in the sensi+vity projec+ons to 
obtain realis+c results 
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• In general, systema+c uncertain+es in 
the background will be correlated as a 
func+on of energy 

• Can encode the complicated covariances 
by inser+ng a Gaussian random field 
with zero mean

Dij ⌘
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Covariance func+on
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