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Phenomenological Models

The Standard Higgs model was the only compelling and predictive 
new physics model to be searched for at the LHC 

Consequently, the SM Higgs was the only hypothetical particle for 
which sharp (1 free par. only) theoretical predictions could be made

For all the rest, including BSM Higgs properties, no compelling 
and fully predictive model is available

Employing conventional benchmark models is not an option



Phenomenological Models

Few-parameters descriptions of a limited set of processes, 
representative of a large class of new physics scenarios

Topology-based Ph. M. EFT-based Ph. M.
Describe resonant prod./decay, e.g. 
•  Breit-Wigner

•  SUSY simplified models

•  ….


Limited set of reactions

Describe low-energy proc. ,e.g. 
•  Flavour/EWPT physics

•  Dark Matter

•  Higgs + EW sector


Limited range of energy
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Few-parameters descriptions of a limited set of processes, 
representative of a large class of new physics scenarios

Topology-based Ph. M. EFT-based Ph. M.
Describe resonant prod./decay, e.g. 
•  Breit-Wigner

•  SUSY simplified models

•  ….


Limited set of reactions

Describe low-energy proc. ,e.g. 
•  Flavour/EWPT physics

•  Dark Matter

•  Higgs + EW sector


Limited range of energy

Unavoidably, have a limited range of applicability

Exp. analyses should rely only on events to which the Ph. M. applies

OR, “good” events can be identified and selected
OR (e.g., DM EFT), no way to tell if event is good. What to do, then?

This can be automatic (e.g., high cutoff)



Beyond-cutoff Effects

EFT only holds below its cutoff: 

For reactions above, EFT looses any resemblance to UV ones:

(remark: unrestricted EFT can underestimate or overestimate signal)

Mcut ⇠ MMed

Reactions below are predictable, i.e. EFT reproduces the infinite 
set of UV theories they aim at describing

Ecm

EFT

UV1

UV2

A/E2
cm

Mcut



Beyond-cutoff Effects

Three possibilities: 

1.                  available energy: nothing to worry about

2.            can be measured in data: place a cut

3.           cannot be measured, because e.g. of invisible DM Ecm

Ecm < Mcut

of it. Namely, splitting the E
cm

integral in the regions below and above the cuto↵, we have
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The first term accounts from DM production occurring at E
cm

< M
cut

, i.e. within the domain of
validity of the EFT. We can thus compute it by using the EFT, as a function of its free parameters
(including the cuto↵), obtaining the prediction nEFT

i . The second contribution, �ni, is instead not
known from the viewpoint of the EFT because it accounts for “hard” DM production, originating
from energy scales where the EFT description no longer applies. All what we know for sure is that
it is necessarily positive, �ni � 0 8i. This being so is obvious from the definition, and physically
due to the fact that nEFT

i and �ni emerge from two kinematically di↵erent (and thus quantum-
mechanically distinguishable) processes. As such they cannot interfere, producing two positive
contributions that add up to each other. In what follows, we will denote nEFT

i as “the signal”, in
spite of the fact that it is only one of the two contributions to the total DM production rate. We
will refer to the second contribution, �ni, as “unknown additional signal”.

The statistical problem of setting limits in the presence of an unknown additional signal has
never been seriously addressed in the literature. A simple but unsatisfactory solution (adopted for
instance in ref. [24]) is to turn the experimental analysis into a cut-and-count experiment, i.e. to
measure the distribution in a single E/ T bin. Together with the estimate of the SM background,
this single measurement produces an upper limit, call it nDM

exc.

, on the total DM production signal
(or, equivalently, on the DM production cross-section) one can tolerate in the search region with a
given (typically, 95%) Confidence Level (CL). The limit is fully model-independent and it is readily
interpreted in the EFT by writing

nEFT  nDM  nDM

exc.

. (3)

This method is rigorous, but largely unsatisfactory. First because the choice of the search region
needs to be optimised not only for each given EFT model, but also for each point in the EFT
parameter space. This was shown in ref. [24], where the 4 search regions considered by ATLAS
in ref. [38] were found to have di↵erent limit-setting performances in di↵erent regions of the EFT
parameter space. Moreover, the cut-and-count approach is never fully optimal as it does not make
use of the whole available experimental information. For that, one would need to employ the entire
measured distribution, but this is not straightforward in the presence of additional signal. The
standard statistical methods to compare a binned histogram with the data crucially rely on the
ability of the model to provide a definite prediction for (at least) the shape of the distribution. The
EFT model instead gives us only a lower limit on the distribution and tells us nothing about the
shape, which is sensitive to the one of the additional signal component. A slight variation of the
standard hypothesis test methodology is needed in order to deal with this situation.

The rest of the paper is organised as follows. In sect. 2 we discuss several strategies to address the
problem of limit-setting in the presence of additional signal. We start from a complete approach,
to be adopted by the LHC experimental collaboration that have access to all the details of the
analysis, and simplify it down to a level that allows it to be performed outside the collaborations,
relying on the minimal amount of experimental information. The usage of simplified likelihoods [39]
emerges as a valid strategy, but alternatives could also be considered. In sect. 3 we return to DM
EFT and set limits on a specific d = 6 EFT operator by re-interpreting the CMS mono-jet analysis
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in ref. [38] were found to have di↵erent limit-setting performances in di↵erent regions of the EFT
parameter space. Moreover, the cut-and-count approach is never fully optimal as it does not make
use of the whole available experimental information. For that, one would need to employ the entire
measured distribution, but this is not straightforward in the presence of additional signal. The
standard statistical methods to compare a binned histogram with the data crucially rely on the
ability of the model to provide a definite prediction for (at least) the shape of the distribution. The
EFT model instead gives us only a lower limit on the distribution and tells us nothing about the
shape, which is sensitive to the one of the additional signal component. A slight variation of the
standard hypothesis test methodology is needed in order to deal with this situation.

The rest of the paper is organised as follows. In sect. 2 we discuss several strategies to address the
problem of limit-setting in the presence of additional signal. We start from a complete approach,
to be adopted by the LHC experimental collaboration that have access to all the details of the
analysis, and simplify it down to a level that allows it to be performed outside the collaborations,
relying on the minimal amount of experimental information. The usage of simplified likelihoods [39]
emerges as a valid strategy, but alternatives could also be considered. In sect. 3 we return to DM
EFT and set limits on a specific d = 6 EFT operator by re-interpreting the CMS mono-jet analysis
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spite of the fact that it is only one of the two contributions to the total DM production rate. We
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The statistical problem of setting limits in the presence of an unknown additional signal has
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instance in ref. [24]) is to turn the experimental analysis into a cut-and-count experiment, i.e. to
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nEFT  nDM  nDM

exc.

. (3)
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parameter space. This was shown in ref. [24], where the 4 search regions considered by ATLAS
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use of the whole available experimental information. For that, one would need to employ the entire
measured distribution, but this is not straightforward in the presence of additional signal. The
standard statistical methods to compare a binned histogram with the data crucially rely on the
ability of the model to provide a definite prediction for (at least) the shape of the distribution. The
EFT model instead gives us only a lower limit on the distribution and tells us nothing about the
shape, which is sensitive to the one of the additional signal component. A slight variation of the
standard hypothesis test methodology is needed in order to deal with this situation.

The rest of the paper is organised as follows. In sect. 2 we discuss several strategies to address the
problem of limit-setting in the presence of additional signal. We start from a complete approach,
to be adopted by the LHC experimental collaboration that have access to all the details of the
analysis, and simplify it down to a level that allows it to be performed outside the collaborations,
relying on the minimal amount of experimental information. The usage of simplified likelihoods [39]
emerges as a valid strategy, but alternatives could also be considered. In sect. 3 we return to DM
EFT and set limits on a specific d = 6 EFT operator by re-interpreting the CMS mono-jet analysis
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in ref. [32], for which the simplified likelihood is available. On top of serving as an illustration of
the limit-setting method, this example will give us the opportunity to introduce and to validate the
operative definition of the center of mass energy E

cm

to be employed for the E
cm

< M
cut

restriction
in the EFT signal simulation. In sect. 4 we report our conclusions and comment on the applicability
of our study outside the domain of DM searches. A validation of our limit-setting strategy and
some algebraic derivations are reported in appendices A and B, respectively.

2 Hypothesis test with unknown additional signal

2.1 The Problem

Consider measuring N observables ~O = {Oi}, i = 1, . . . N , whose joint p.d.f. (the probability model)
depends on N “known” quantities Si (the signal), plus N unknown additional signal components
�i � 0. Namely, the likelihood function is

L = L(~S, ~�; ~O ) = P( ~O |~S + ~�) . (4)

In what follows we will mostly be interested in interpreting ~O as event countings in N bins, ~S as
the expected yields as predicted by the EFT and ~� as the additional signal yield from reactions
above the EFT cuto↵, in direct correspondence with eq. (2). However ~O might also represent
parton-level di↵erential cross-section measurements, in which case ~S and ~� are the cross-section
predictions from low and high energy processes, respectively. Other parameters ~⌫, among which
the backgrounds, also influence the probability model. These are routinely treated as nuisance
parameters (see e.g., [29, 30]) and constrained by means of auxiliary measurements. Nuisance
parameters play no role for the conceptual point we are making here, we thus momentarily ignore
their presence.

In order to construct an hypothesis test one defines in some way (typically out of the likelihood
function) a test statistic

t(~S, ~�; ~O ) , (5)

which is such that a large value of t signals tension of the model with observations. The test
statistic is itself a random variable, because of its dependence on ~O. Its distribution follows from
the probability model for ~O and therefore it depends, a priori, on ~S and ~� in a highly non trivial
manner. Namely

t ⇠ f(t |~S, ~�) . (6)

The probability for the model to produce an experimental result which is equally or more incom-
patible than the one observed is quantified by the p-value

p(~S, ~�; ~O ) =

Z 1

t(~S,~�;

~O )

dt0 f(t0|~S, ~�) . (7)

The model is said to be excluded at a given CL ↵ if p < 1 � ↵, it is not excluded otherwise.
The hypothesis test defined by eq. (7) is of course not what we want. It is a test for the

probability model of ~O, which requires both ~S and ~� to be specified. Our goal is instead to test a
physics model that only predicts ~S and leaves complete freedom on what the additional signal ~�
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p-value

could be. We thus want our test to be such that the model is excluded only if its prediction are
incompatible with the data for any value of ~�, provided of course �i � 0 8i.3 In practice, we want
the model to be excluded only if it fails the “ordinary” statistical test (i.e., p < 1�↵ in eq. (7)) for
any possible choice of the �i’s. We would also like our test to exclude as much as possible, namely
we want the model not to be excluded only if there exists at least one point in the ~�-space that
would pass the ordinary test. Both these requirements are fulfilled by defining the p-value as

p
max

(~S; ~O ) = sup

�i�0

⇢

p(~S, ~�; ~O )

�

= sup

�i�0

⇢

Z 1

t(~S,~�;

~O )

dt0 f(t0|~S, ~�)

�

, (8)

and use it to set a limit in the ~S-space depending on whether p
max

7 1 � ↵.
Eq. (8) is in principle all what we need to set limits in the presence of unknown additional

signal, however it is not applicable in concrete. The main obstruction is the need of determining
the p.d.f. of the test statistic, which in general cannot be computed analytically and must be
obtained numerically by running a toy Monte Carlo. The p.d.f. depends on ~�, therefore one toy
Monte Carlo would be needed at each point in the ~�-space, resulting in a too demanding numerical
procedure. Fortunately this problem is easy to address because the standard test statistic variables
employed in LHC analyses are defined in such a way that their p.d.f.s assume a specific form
(typically, a �2 distribution) under suitable conditions, namely in the so-called Asymptotic Limit
(AL). The AL approximation relies on the assumption that a large set of data is employed in the
analysis. Further qualifications and checks of its validity are reported in the following section and
in appendix A. It su�ces here to notice that in the AL the p.d.f. of t becomes independent of ~�
(and of ~S) so that eq. (8) becomes

p
max

AL

= sup

�i�0

⇢

Z 1

t(~S+

~
�;

~O )

dt0 f(t0)

�

=

Z 1

t
min

dt0 f(t0) , where t
min

(~S; ~O ) = inf

�i�0

{t(~S, ~�; ~O )} . (9)

The problem thus reduces to the one of minimising t in the ~� space. We will show in the next
section how to treat it by a combination of analytical and numerical techniques.

Before concluding this section it is worth noticing that it would be legitimate to regard the ~�’s
as additional nuisance parameters. Exactly like the ~⌫’s, indeed, they are parameters whose values
we are not interested in testing that however enter in the probability model for the observables. We
decided not to adopt this interpretation and we introduced the terminology of “unknown additional
signal” because ordinary nuisance parameters are constrained by auxiliary measurements (or by
theoretical considerations, for theory-driven errors) while there is no way to constrain the ~�’s.

2.2 Possible solutions

We discuss now how to deal with eq. (8) (actually with its much simpler version (9)) in concrete. We
begin with the full-fledged treatment, to be carried on directly by the experimental collaborations
starting from the actual data and from the detailed knowledge of the nuisance parameters, and we
progressively simplify it.

3Each given UV-completion of the EFT model corresponds to a given value of ~�. Asking for the EFT to be
excluded for any ~� thus ensures that all its possible UV-completions are excluded.
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The first term accounts from DM production occurring at E
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validity of the EFT. We can thus compute it by using the EFT, as a function of its free parameters
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known from the viewpoint of the EFT because it accounts for “hard” DM production, originating
from energy scales where the EFT description no longer applies. All what we know for sure is that
it is necessarily positive, �ni � 0 8i. This being so is obvious from the definition, and physically
due to the fact that nEFT
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mechanically distinguishable) processes. As such they cannot interfere, producing two positive
contributions that add up to each other. In what follows, we will denote nEFT

i as “the signal”, in
spite of the fact that it is only one of the two contributions to the total DM production rate. We
will refer to the second contribution, �ni, as “unknown additional signal”.

The statistical problem of setting limits in the presence of an unknown additional signal has
never been seriously addressed in the literature. A simple but unsatisfactory solution (adopted for
instance in ref. [24]) is to turn the experimental analysis into a cut-and-count experiment, i.e. to
measure the distribution in a single E/ T bin. Together with the estimate of the SM background,
this single measurement produces an upper limit, call it nDM
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, on the total DM production signal
(or, equivalently, on the DM production cross-section) one can tolerate in the search region with a
given (typically, 95%) Confidence Level (CL). The limit is fully model-independent and it is readily
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This method is rigorous, but largely unsatisfactory. First because the choice of the search region
needs to be optimised not only for each given EFT model, but also for each point in the EFT
parameter space. This was shown in ref. [24], where the 4 search regions considered by ATLAS
in ref. [38] were found to have di↵erent limit-setting performances in di↵erent regions of the EFT
parameter space. Moreover, the cut-and-count approach is never fully optimal as it does not make
use of the whole available experimental information. For that, one would need to employ the entire
measured distribution, but this is not straightforward in the presence of additional signal. The
standard statistical methods to compare a binned histogram with the data crucially rely on the
ability of the model to provide a definite prediction for (at least) the shape of the distribution. The
EFT model instead gives us only a lower limit on the distribution and tells us nothing about the
shape, which is sensitive to the one of the additional signal component. A slight variation of the
standard hypothesis test methodology is needed in order to deal with this situation.

The rest of the paper is organised as follows. In sect. 2 we discuss several strategies to address the
problem of limit-setting in the presence of additional signal. We start from a complete approach,
to be adopted by the LHC experimental collaboration that have access to all the details of the
analysis, and simplify it down to a level that allows it to be performed outside the collaborations,
relying on the minimal amount of experimental information. The usage of simplified likelihoods [39]
emerges as a valid strategy, but alternatives could also be considered. In sect. 3 we return to DM
EFT and set limits on a specific d = 6 EFT operator by re-interpreting the CMS mono-jet analysis
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In what follows we will mostly be interested in interpreting ~O as event countings in N bins, ~S as
the expected yields as predicted by the EFT and ~� as the additional signal yield from reactions
above the EFT cuto↵, in direct correspondence with eq. (2). However ~O might also represent
parton-level di↵erential cross-section measurements, in which case ~S and ~� are the cross-section
predictions from low and high energy processes, respectively. Other parameters ~⌫, among which
the backgrounds, also influence the probability model. These are routinely treated as nuisance
parameters (see e.g., [29, 30]) and constrained by means of auxiliary measurements. Nuisance
parameters play no role for the conceptual point we are making here, we thus momentarily ignore
their presence.

In order to construct an hypothesis test one defines in some way (typically out of the likelihood
function) a test statistic

t(~S, ~�; ~O ) , (5)

which is such that a large value of t signals tension of the model with observations. The test
statistic is itself a random variable, because of its dependence on ~O. Its distribution follows from
the probability model for ~O and therefore it depends, a priori, on ~S and ~� in a highly non trivial
manner. Namely

t ⇠ f(t |~S, ~�) . (6)

The probability for the model to produce an experimental result which is equally or more incom-
patible than the one observed is quantified by the p-value

p(~S, ~�; ~O ) =

Z 1

t(~S,~�;

~O )

dt0 f(t0|~S, ~�) . (7)

The model is said to be excluded at a given CL ↵ if p < 1 � ↵, it is not excluded otherwise.
The hypothesis test defined by eq. (7) is of course not what we want. It is a test for the

probability model of ~O, which requires both ~S and ~� to be specified. Our goal is instead to test a
physics model that only predicts ~S and leaves complete freedom on what the additional signal ~�
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to be employed for the E
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in the EFT signal simulation. In sect. 4 we report our conclusions and comment on the applicability
of our study outside the domain of DM searches. A validation of our limit-setting strategy and
some algebraic derivations are reported in appendices A and B, respectively.
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could be. We thus want our test to be such that the model is excluded only if its prediction are
incompatible with the data for any value of ~�, provided of course �i � 0 8i.3 In practice, we want
the model to be excluded only if it fails the “ordinary” statistical test (i.e., p < 1�↵ in eq. (7)) for
any possible choice of the �i’s. We would also like our test to exclude as much as possible, namely
we want the model not to be excluded only if there exists at least one point in the ~�-space that
would pass the ordinary test. Both these requirements are fulfilled by defining the p-value as

p
max

(~S; ~O ) = sup

�i�0

⇢

p(~S, ~�; ~O )

�

= sup

�i�0

⇢

Z 1

t(~S,~�;

~O )

dt0 f(t0|~S, ~�)

�

, (8)

and use it to set a limit in the ~S-space depending on whether p
max

7 1 � ↵.
Eq. (8) is in principle all what we need to set limits in the presence of unknown additional

signal, however it is not applicable in concrete. The main obstruction is the need of determining
the p.d.f. of the test statistic, which in general cannot be computed analytically and must be
obtained numerically by running a toy Monte Carlo. The p.d.f. depends on ~�, therefore one toy
Monte Carlo would be needed at each point in the ~�-space, resulting in a too demanding numerical
procedure. Fortunately this problem is easy to address because the standard test statistic variables
employed in LHC analyses are defined in such a way that their p.d.f.s assume a specific form
(typically, a �2 distribution) under suitable conditions, namely in the so-called Asymptotic Limit
(AL). The AL approximation relies on the assumption that a large set of data is employed in the
analysis. Further qualifications and checks of its validity are reported in the following section and
in appendix A. It su�ces here to notice that in the AL the p.d.f. of t becomes independent of ~�
(and of ~S) so that eq. (8) becomes

p
max

AL

= sup

�i�0

⇢

Z 1

t(~S+

~
�;

~O )

dt0 f(t0)

�

=

Z 1

t
min

dt0 f(t0) , where t
min

(~S; ~O ) = inf

�i�0

{t(~S, ~�; ~O )} . (9)

The problem thus reduces to the one of minimising t in the ~� space. We will show in the next
section how to treat it by a combination of analytical and numerical techniques.

Before concluding this section it is worth noticing that it would be legitimate to regard the ~�’s
as additional nuisance parameters. Exactly like the ~⌫’s, indeed, they are parameters whose values
we are not interested in testing that however enter in the probability model for the observables. We
decided not to adopt this interpretation and we introduced the terminology of “unknown additional
signal” because ordinary nuisance parameters are constrained by auxiliary measurements (or by
theoretical considerations, for theory-driven errors) while there is no way to constrain the ~�’s.

2.2 Possible solutions

We discuss now how to deal with eq. (8) (actually with its much simpler version (9)) in concrete. We
begin with the full-fledged treatment, to be carried on directly by the experimental collaborations
starting from the actual data and from the detailed knowledge of the nuisance parameters, and we
progressively simplify it.

3Each given UV-completion of the EFT model corresponds to a given value of ~�. Asking for the EFT to be
excluded for any ~� thus ensures that all its possible UV-completions are excluded.
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The first term accounts from DM production occurring at E
cm

< M
cut

, i.e. within the domain of
validity of the EFT. We can thus compute it by using the EFT, as a function of its free parameters
(including the cuto↵), obtaining the prediction nEFT

i . The second contribution, �ni, is instead not
known from the viewpoint of the EFT because it accounts for “hard” DM production, originating
from energy scales where the EFT description no longer applies. All what we know for sure is that
it is necessarily positive, �ni � 0 8i. This being so is obvious from the definition, and physically
due to the fact that nEFT

i and �ni emerge from two kinematically di↵erent (and thus quantum-
mechanically distinguishable) processes. As such they cannot interfere, producing two positive
contributions that add up to each other. In what follows, we will denote nEFT

i as “the signal”, in
spite of the fact that it is only one of the two contributions to the total DM production rate. We
will refer to the second contribution, �ni, as “unknown additional signal”.

The statistical problem of setting limits in the presence of an unknown additional signal has
never been seriously addressed in the literature. A simple but unsatisfactory solution (adopted for
instance in ref. [24]) is to turn the experimental analysis into a cut-and-count experiment, i.e. to
measure the distribution in a single E/ T bin. Together with the estimate of the SM background,
this single measurement produces an upper limit, call it nDM

exc.

, on the total DM production signal
(or, equivalently, on the DM production cross-section) one can tolerate in the search region with a
given (typically, 95%) Confidence Level (CL). The limit is fully model-independent and it is readily
interpreted in the EFT by writing

nEFT  nDM  nDM

exc.

. (3)

This method is rigorous, but largely unsatisfactory. First because the choice of the search region
needs to be optimised not only for each given EFT model, but also for each point in the EFT
parameter space. This was shown in ref. [24], where the 4 search regions considered by ATLAS
in ref. [38] were found to have di↵erent limit-setting performances in di↵erent regions of the EFT
parameter space. Moreover, the cut-and-count approach is never fully optimal as it does not make
use of the whole available experimental information. For that, one would need to employ the entire
measured distribution, but this is not straightforward in the presence of additional signal. The
standard statistical methods to compare a binned histogram with the data crucially rely on the
ability of the model to provide a definite prediction for (at least) the shape of the distribution. The
EFT model instead gives us only a lower limit on the distribution and tells us nothing about the
shape, which is sensitive to the one of the additional signal component. A slight variation of the
standard hypothesis test methodology is needed in order to deal with this situation.

The rest of the paper is organised as follows. In sect. 2 we discuss several strategies to address the
problem of limit-setting in the presence of additional signal. We start from a complete approach,
to be adopted by the LHC experimental collaboration that have access to all the details of the
analysis, and simplify it down to a level that allows it to be performed outside the collaborations,
relying on the minimal amount of experimental information. The usage of simplified likelihoods [39]
emerges as a valid strategy, but alternatives could also be considered. In sect. 3 we return to DM
EFT and set limits on a specific d = 6 EFT operator by re-interpreting the CMS mono-jet analysis
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in ref. [32], for which the simplified likelihood is available. On top of serving as an illustration of
the limit-setting method, this example will give us the opportunity to introduce and to validate the
operative definition of the center of mass energy E

cm

to be employed for the E
cm
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cut

restriction
in the EFT signal simulation. In sect. 4 we report our conclusions and comment on the applicability
of our study outside the domain of DM searches. A validation of our limit-setting strategy and
some algebraic derivations are reported in appendices A and B, respectively.

2 Hypothesis test with unknown additional signal

2.1 The Problem

Consider measuring N observables ~O = {Oi}, i = 1, . . . N , whose joint p.d.f. (the probability model)
depends on N “known” quantities Si (the signal), plus N unknown additional signal components
�i � 0. Namely, the likelihood function is

L = L(~S, ~�; ~O ) = P( ~O |~S + ~�) . (4)

In what follows we will mostly be interested in interpreting ~O as event countings in N bins, ~S as
the expected yields as predicted by the EFT and ~� as the additional signal yield from reactions
above the EFT cuto↵, in direct correspondence with eq. (2). However ~O might also represent
parton-level di↵erential cross-section measurements, in which case ~S and ~� are the cross-section
predictions from low and high energy processes, respectively. Other parameters ~⌫, among which
the backgrounds, also influence the probability model. These are routinely treated as nuisance
parameters (see e.g., [29, 30]) and constrained by means of auxiliary measurements. Nuisance
parameters play no role for the conceptual point we are making here, we thus momentarily ignore
their presence.

In order to construct an hypothesis test one defines in some way (typically out of the likelihood
function) a test statistic

t(~S, ~�; ~O ) , (5)

which is such that a large value of t signals tension of the model with observations. The test
statistic is itself a random variable, because of its dependence on ~O. Its distribution follows from
the probability model for ~O and therefore it depends, a priori, on ~S and ~� in a highly non trivial
manner. Namely

t ⇠ f(t |~S, ~�) . (6)

The probability for the model to produce an experimental result which is equally or more incom-
patible than the one observed is quantified by the p-value

p(~S, ~�; ~O ) =

Z 1

t(~S,~�;

~O )

dt0 f(t0|~S, ~�) . (7)

The model is said to be excluded at a given CL ↵ if p < 1 � ↵, it is not excluded otherwise.
The hypothesis test defined by eq. (7) is of course not what we want. It is a test for the
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physics model that only predicts ~S and leaves complete freedom on what the additional signal ~�
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could be. We thus want our test to be such that the model is excluded only if its prediction are
incompatible with the data for any value of ~�, provided of course �i � 0 8i.3 In practice, we want
the model to be excluded only if it fails the “ordinary” statistical test (i.e., p < 1�↵ in eq. (7)) for
any possible choice of the �i’s. We would also like our test to exclude as much as possible, namely
we want the model not to be excluded only if there exists at least one point in the ~�-space that
would pass the ordinary test. Both these requirements are fulfilled by defining the p-value as

p
max

(~S; ~O ) = sup

�i�0
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p(~S, ~�; ~O )

�

= sup

�i�0
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Z 1
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~O )

dt0 f(t0|~S, ~�)

�

, (8)

and use it to set a limit in the ~S-space depending on whether p
max

7 1 � ↵.
Eq. (8) is in principle all what we need to set limits in the presence of unknown additional

signal, however it is not applicable in concrete. The main obstruction is the need of determining
the p.d.f. of the test statistic, which in general cannot be computed analytically and must be
obtained numerically by running a toy Monte Carlo. The p.d.f. depends on ~�, therefore one toy
Monte Carlo would be needed at each point in the ~�-space, resulting in a too demanding numerical
procedure. Fortunately this problem is easy to address because the standard test statistic variables
employed in LHC analyses are defined in such a way that their p.d.f.s assume a specific form
(typically, a �2 distribution) under suitable conditions, namely in the so-called Asymptotic Limit
(AL). The AL approximation relies on the assumption that a large set of data is employed in the
analysis. Further qualifications and checks of its validity are reported in the following section and
in appendix A. It su�ces here to notice that in the AL the p.d.f. of t becomes independent of ~�
(and of ~S) so that eq. (8) becomes

p
max

AL

= sup

�i�0

⇢

Z 1

t(~S+

~
�;

~O )

dt0 f(t0)

�

=

Z 1

t
min

dt0 f(t0) , where t
min

(~S; ~O ) = inf

�i�0

{t(~S, ~�; ~O )} . (9)

The problem thus reduces to the one of minimising t in the ~� space. We will show in the next
section how to treat it by a combination of analytical and numerical techniques.

Before concluding this section it is worth noticing that it would be legitimate to regard the ~�’s
as additional nuisance parameters. Exactly like the ~⌫’s, indeed, they are parameters whose values
we are not interested in testing that however enter in the probability model for the observables. We
decided not to adopt this interpretation and we introduced the terminology of “unknown additional
signal” because ordinary nuisance parameters are constrained by auxiliary measurements (or by
theoretical considerations, for theory-driven errors) while there is no way to constrain the ~�’s.

2.2 Possible solutions

We discuss now how to deal with eq. (8) (actually with its much simpler version (9)) in concrete. We
begin with the full-fledged treatment, to be carried on directly by the experimental collaborations
starting from the actual data and from the detailed knowledge of the nuisance parameters, and we
progressively simplify it.

3Each given UV-completion of the EFT model corresponds to a given value of ~�. Asking for the EFT to be
excluded for any ~� thus ensures that all its possible UV-completions are excluded.
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some algebraic derivations are reported in appendices A and B, respectively.

2 Hypothesis test with unknown additional signal

2.1 The Problem

Consider measuring N observables ~O = {Oi}, i = 1, . . . N , whose joint p.d.f. (the probability model)
depends on N “known” quantities Si (the signal), plus N unknown additional signal components
�i � 0. Namely, the likelihood function is

L = L(~S, ~�; ~O ) = P( ~O |~S + ~�) . (4)

In what follows we will mostly be interested in interpreting ~O as event countings in N bins, ~S as
the expected yields as predicted by the EFT and ~� as the additional signal yield from reactions
above the EFT cuto↵, in direct correspondence with eq. (2). However ~O might also represent
parton-level di↵erential cross-section measurements, in which case ~S and ~� are the cross-section
predictions from low and high energy processes, respectively. Other parameters ~⌫, among which
the backgrounds, also influence the probability model. These are routinely treated as nuisance
parameters (see e.g., [29, 30]) and constrained by means of auxiliary measurements. Nuisance
parameters play no role for the conceptual point we are making here, we thus momentarily ignore
their presence.

In order to construct an hypothesis test one defines in some way (typically out of the likelihood
function) a test statistic

t(~S, ~�; ~O ) , (5)

which is such that a large value of t signals tension of the model with observations. The test
statistic is itself a random variable, because of its dependence on ~O. Its distribution follows from
the probability model for ~O and therefore it depends, a priori, on ~S and ~� in a highly non trivial
manner. Namely

t ⇠ f(t |~S, ~�) . (6)

The probability for the model to produce an experimental result which is equally or more incom-
patible than the one observed is quantified by the p-value

p(~S, ~�; ~O ) =

Z 1

t(~S,~�;

~O )

dt0 f(t0|~S, ~�) . (7)

The model is said to be excluded at a given CL ↵ if p < 1 � ↵, it is not excluded otherwise.
The hypothesis test defined by eq. (7) is of course not what we want. It is a test for the

probability model of ~O, which requires both ~S and ~� to be specified. Our goal is instead to test a
physics model that only predicts ~S and leaves complete freedom on what the additional signal ~�
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The first term accounts from DM production occurring at E
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, i.e. within the domain of
validity of the EFT. We can thus compute it by using the EFT, as a function of its free parameters
(including the cuto↵), obtaining the prediction nEFT

i . The second contribution, �ni, is instead not
known from the viewpoint of the EFT because it accounts for “hard” DM production, originating
from energy scales where the EFT description no longer applies. All what we know for sure is that
it is necessarily positive, �ni � 0 8i. This being so is obvious from the definition, and physically
due to the fact that nEFT

i and �ni emerge from two kinematically di↵erent (and thus quantum-
mechanically distinguishable) processes. As such they cannot interfere, producing two positive
contributions that add up to each other. In what follows, we will denote nEFT

i as “the signal”, in
spite of the fact that it is only one of the two contributions to the total DM production rate. We
will refer to the second contribution, �ni, as “unknown additional signal”.

The statistical problem of setting limits in the presence of an unknown additional signal has
never been seriously addressed in the literature. A simple but unsatisfactory solution (adopted for
instance in ref. [24]) is to turn the experimental analysis into a cut-and-count experiment, i.e. to
measure the distribution in a single E/ T bin. Together with the estimate of the SM background,
this single measurement produces an upper limit, call it nDM

exc.

, on the total DM production signal
(or, equivalently, on the DM production cross-section) one can tolerate in the search region with a
given (typically, 95%) Confidence Level (CL). The limit is fully model-independent and it is readily
interpreted in the EFT by writing

nEFT  nDM  nDM

exc.

. (3)

This method is rigorous, but largely unsatisfactory. First because the choice of the search region
needs to be optimised not only for each given EFT model, but also for each point in the EFT
parameter space. This was shown in ref. [24], where the 4 search regions considered by ATLAS
in ref. [38] were found to have di↵erent limit-setting performances in di↵erent regions of the EFT
parameter space. Moreover, the cut-and-count approach is never fully optimal as it does not make
use of the whole available experimental information. For that, one would need to employ the entire
measured distribution, but this is not straightforward in the presence of additional signal. The
standard statistical methods to compare a binned histogram with the data crucially rely on the
ability of the model to provide a definite prediction for (at least) the shape of the distribution. The
EFT model instead gives us only a lower limit on the distribution and tells us nothing about the
shape, which is sensitive to the one of the additional signal component. A slight variation of the
standard hypothesis test methodology is needed in order to deal with this situation.

The rest of the paper is organised as follows. In sect. 2 we discuss several strategies to address the
problem of limit-setting in the presence of additional signal. We start from a complete approach,
to be adopted by the LHC experimental collaboration that have access to all the details of the
analysis, and simplify it down to a level that allows it to be performed outside the collaborations,
relying on the minimal amount of experimental information. The usage of simplified likelihoods [39]
emerges as a valid strategy, but alternatives could also be considered. In sect. 3 we return to DM
EFT and set limits on a specific d = 6 EFT operator by re-interpreting the CMS mono-jet analysis

4

Ordinary bin. hist. test with                    is clearly inconsistent, as 
the EFT provides no definite prediction of signal shape

Conceptually simple way out:

1. Apply “ordinary” test for any given               :


2. Maximise:

Stot

i = Si +�i

Stot

i = Si

in ref. [32], for which the simplified likelihood is available. On top of serving as an illustration of
the limit-setting method, this example will give us the opportunity to introduce and to validate the
operative definition of the center of mass energy E

cm

to be employed for the E
cm

< M
cut

restriction
in the EFT signal simulation. In sect. 4 we report our conclusions and comment on the applicability
of our study outside the domain of DM searches. A validation of our limit-setting strategy and
some algebraic derivations are reported in appendices A and B, respectively.

2 Hypothesis test with unknown additional signal

2.1 The Problem

Consider measuring N observables ~O = {Oi}, i = 1, . . . N , whose joint p.d.f. (the probability model)
depends on N “known” quantities Si (the signal), plus N unknown additional signal components
�i � 0. Namely, the likelihood function is

L = L(~S, ~�; ~O ) = P( ~O |~S + ~�) . (4)

In what follows we will mostly be interested in interpreting ~O as event countings in N bins, ~S as
the expected yields as predicted by the EFT and ~� as the additional signal yield from reactions
above the EFT cuto↵, in direct correspondence with eq. (2). However ~O might also represent
parton-level di↵erential cross-section measurements, in which case ~S and ~� are the cross-section
predictions from low and high energy processes, respectively. Other parameters ~⌫, among which
the backgrounds, also influence the probability model. These are routinely treated as nuisance
parameters (see e.g., [29, 30]) and constrained by means of auxiliary measurements. Nuisance
parameters play no role for the conceptual point we are making here, we thus momentarily ignore
their presence.

In order to construct an hypothesis test one defines in some way (typically out of the likelihood
function) a test statistic

t(~S, ~�; ~O ) , (5)
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could be. We thus want our test to be such that the model is excluded only if its prediction are
incompatible with the data for any value of ~�, provided of course �i � 0 8i.3 In practice, we want
the model to be excluded only if it fails the “ordinary” statistical test (i.e., p < 1�↵ in eq. (7)) for
any possible choice of the �i’s. We would also like our test to exclude as much as possible, namely
we want the model not to be excluded only if there exists at least one point in the ~�-space that
would pass the ordinary test. Both these requirements are fulfilled by defining the p-value as

p
max

(~S; ~O ) = sup

�i�0

⇢

p(~S, ~�; ~O )

�

= sup

�i�0

⇢

Z 1

t(~S,~�;

~O )

dt0 f(t0|~S, ~�)

�

, (8)

and use it to set a limit in the ~S-space depending on whether p
max

7 1 � ↵.
Eq. (8) is in principle all what we need to set limits in the presence of unknown additional

signal, however it is not applicable in concrete. The main obstruction is the need of determining
the p.d.f. of the test statistic, which in general cannot be computed analytically and must be
obtained numerically by running a toy Monte Carlo. The p.d.f. depends on ~�, therefore one toy
Monte Carlo would be needed at each point in the ~�-space, resulting in a too demanding numerical
procedure. Fortunately this problem is easy to address because the standard test statistic variables
employed in LHC analyses are defined in such a way that their p.d.f.s assume a specific form
(typically, a �2 distribution) under suitable conditions, namely in the so-called Asymptotic Limit
(AL). The AL approximation relies on the assumption that a large set of data is employed in the
analysis. Further qualifications and checks of its validity are reported in the following section and
in appendix A. It su�ces here to notice that in the AL the p.d.f. of t becomes independent of ~�
(and of ~S) so that eq. (8) becomes

p
max

AL

= sup

�i�0

⇢

Z 1

t(~S+

~
�;

~O )

dt0 f(t0)

�

=

Z 1

t
min

dt0 f(t0) , where t
min

(~S; ~O ) = inf

�i�0

{t(~S, ~�; ~O )} . (9)

The problem thus reduces to the one of minimising t in the ~� space. We will show in the next
section how to treat it by a combination of analytical and numerical techniques.

Before concluding this section it is worth noticing that it would be legitimate to regard the ~�’s
as additional nuisance parameters. Exactly like the ~⌫’s, indeed, they are parameters whose values
we are not interested in testing that however enter in the probability model for the observables. We
decided not to adopt this interpretation and we introduced the terminology of “unknown additional
signal” because ordinary nuisance parameters are constrained by auxiliary measurements (or by
theoretical considerations, for theory-driven errors) while there is no way to constrain the ~�’s.

2.2 Possible solutions

We discuss now how to deal with eq. (8) (actually with its much simpler version (9)) in concrete. We
begin with the full-fledged treatment, to be carried on directly by the experimental collaborations
starting from the actual data and from the detailed knowledge of the nuisance parameters, and we
progressively simplify it.

3Each given UV-completion of the EFT model corresponds to a given value of ~�. Asking for the EFT to be
excluded for any ~� thus ensures that all its possible UV-completions are excluded.
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in ref. [32], for which the simplified likelihood is available. On top of serving as an illustration of
the limit-setting method, this example will give us the opportunity to introduce and to validate the
operative definition of the center of mass energy E

cm

to be employed for the E
cm
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cut

restriction
in the EFT signal simulation. In sect. 4 we report our conclusions and comment on the applicability
of our study outside the domain of DM searches. A validation of our limit-setting strategy and
some algebraic derivations are reported in appendices A and B, respectively.

2 Hypothesis test with unknown additional signal

2.1 The Problem

Consider measuring N observables ~O = {Oi}, i = 1, . . . N , whose joint p.d.f. (the probability model)
depends on N “known” quantities Si (the signal), plus N unknown additional signal components
�i � 0. Namely, the likelihood function is

L = L(~S, ~�; ~O ) = P( ~O |~S + ~�) . (4)

In what follows we will mostly be interested in interpreting ~O as event countings in N bins, ~S as
the expected yields as predicted by the EFT and ~� as the additional signal yield from reactions
above the EFT cuto↵, in direct correspondence with eq. (2). However ~O might also represent
parton-level di↵erential cross-section measurements, in which case ~S and ~� are the cross-section
predictions from low and high energy processes, respectively. Other parameters ~⌫, among which
the backgrounds, also influence the probability model. These are routinely treated as nuisance
parameters (see e.g., [29, 30]) and constrained by means of auxiliary measurements. Nuisance
parameters play no role for the conceptual point we are making here, we thus momentarily ignore
their presence.

In order to construct an hypothesis test one defines in some way (typically out of the likelihood
function) a test statistic

t(~S, ~�; ~O ) , (5)

which is such that a large value of t signals tension of the model with observations. The test
statistic is itself a random variable, because of its dependence on ~O. Its distribution follows from
the probability model for ~O and therefore it depends, a priori, on ~S and ~� in a highly non trivial
manner. Namely

t ⇠ f(t |~S, ~�) . (6)

The probability for the model to produce an experimental result which is equally or more incom-
patible than the one observed is quantified by the p-value

p(~S, ~�; ~O ) =

Z 1

t(~S,~�;

~O )

dt0 f(t0|~S, ~�) . (7)

The model is said to be excluded at a given CL ↵ if p < 1 � ↵, it is not excluded otherwise.
The hypothesis test defined by eq. (7) is of course not what we want. It is a test for the

probability model of ~O, which requires both ~S and ~� to be specified. Our goal is instead to test a
physics model that only predicts ~S and leaves complete freedom on what the additional signal ~�

5

p-value



Limits with Unknown Additional Signal

Single-bin (cut-and-count) case is trivial:

of it. Namely, splitting the E
cm

integral in the regions below and above the cuto↵, we have

nDM

i =

Z

bini

dE/ T

Z M
cut

dE
cm

d2nDM

i

dE
cm

dE/ T

+

Z

bini

dE/ T

Z

p
S

M
cut

dE
cm

d2nDM

i

dE
cm

dE/ T

⌘ nEFT

i + �ni . (2)

The first term accounts from DM production occurring at E
cm

< M
cut

, i.e. within the domain of
validity of the EFT. We can thus compute it by using the EFT, as a function of its free parameters
(including the cuto↵), obtaining the prediction nEFT

i . The second contribution, �ni, is instead not
known from the viewpoint of the EFT because it accounts for “hard” DM production, originating
from energy scales where the EFT description no longer applies. All what we know for sure is that
it is necessarily positive, �ni � 0 8i. This being so is obvious from the definition, and physically
due to the fact that nEFT

i and �ni emerge from two kinematically di↵erent (and thus quantum-
mechanically distinguishable) processes. As such they cannot interfere, producing two positive
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spite of the fact that it is only one of the two contributions to the total DM production rate. We
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never been seriously addressed in the literature. A simple but unsatisfactory solution (adopted for
instance in ref. [24]) is to turn the experimental analysis into a cut-and-count experiment, i.e. to
measure the distribution in a single E/ T bin. Together with the estimate of the SM background,
this single measurement produces an upper limit, call it nDM
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, on the total DM production signal
(or, equivalently, on the DM production cross-section) one can tolerate in the search region with a
given (typically, 95%) Confidence Level (CL). The limit is fully model-independent and it is readily
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This method is rigorous, but largely unsatisfactory. First because the choice of the search region
needs to be optimised not only for each given EFT model, but also for each point in the EFT
parameter space. This was shown in ref. [24], where the 4 search regions considered by ATLAS
in ref. [38] were found to have di↵erent limit-setting performances in di↵erent regions of the EFT
parameter space. Moreover, the cut-and-count approach is never fully optimal as it does not make
use of the whole available experimental information. For that, one would need to employ the entire
measured distribution, but this is not straightforward in the presence of additional signal. The
standard statistical methods to compare a binned histogram with the data crucially rely on the
ability of the model to provide a definite prediction for (at least) the shape of the distribution. The
EFT model instead gives us only a lower limit on the distribution and tells us nothing about the
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problem of limit-setting in the presence of additional signal. We start from a complete approach,
to be adopted by the LHC experimental collaboration that have access to all the details of the
analysis, and simplify it down to a level that allows it to be performed outside the collaborations,
relying on the minimal amount of experimental information. The usage of simplified likelihoods [39]
emerges as a valid strategy, but alternatives could also be considered. In sect. 3 we return to DM
EFT and set limits on a specific d = 6 EFT operator by re-interpreting the CMS mono-jet analysis
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in the EFT signal simulation. In sect. 4 we report our conclusions and comment on the applicability
of our study outside the domain of DM searches. A validation of our limit-setting strategy and
some algebraic derivations are reported in appendices A and B, respectively.

2 Hypothesis test with unknown additional signal

2.1 The Problem

Consider measuring N observables ~O = {Oi}, i = 1, . . . N , whose joint p.d.f. (the probability model)
depends on N “known” quantities Si (the signal), plus N unknown additional signal components
�i � 0. Namely, the likelihood function is

L = L(~S, ~�; ~O ) = P( ~O |~S + ~�) . (4)

In what follows we will mostly be interested in interpreting ~O as event countings in N bins, ~S as
the expected yields as predicted by the EFT and ~� as the additional signal yield from reactions
above the EFT cuto↵, in direct correspondence with eq. (2). However ~O might also represent
parton-level di↵erential cross-section measurements, in which case ~S and ~� are the cross-section
predictions from low and high energy processes, respectively. Other parameters ~⌫, among which
the backgrounds, also influence the probability model. These are routinely treated as nuisance
parameters (see e.g., [29, 30]) and constrained by means of auxiliary measurements. Nuisance
parameters play no role for the conceptual point we are making here, we thus momentarily ignore
their presence.

In order to construct an hypothesis test one defines in some way (typically out of the likelihood
function) a test statistic

t(~S, ~�; ~O ) , (5)

which is such that a large value of t signals tension of the model with observations. The test
statistic is itself a random variable, because of its dependence on ~O. Its distribution follows from
the probability model for ~O and therefore it depends, a priori, on ~S and ~� in a highly non trivial
manner. Namely

t ⇠ f(t |~S, ~�) . (6)

The probability for the model to produce an experimental result which is equally or more incom-
patible than the one observed is quantified by the p-value

p(~S, ~�; ~O ) =

Z 1

t(~S,~�;

~O )

dt0 f(t0|~S, ~�) . (7)

The model is said to be excluded at a given CL ↵ if p < 1 � ↵, it is not excluded otherwise.
The hypothesis test defined by eq. (7) is of course not what we want. It is a test for the
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could be. We thus want our test to be such that the model is excluded only if its prediction are
incompatible with the data for any value of ~�, provided of course �i � 0 8i.3 In practice, we want
the model to be excluded only if it fails the “ordinary” statistical test (i.e., p < 1�↵ in eq. (7)) for
any possible choice of the �i’s. We would also like our test to exclude as much as possible, namely
we want the model not to be excluded only if there exists at least one point in the ~�-space that
would pass the ordinary test. Both these requirements are fulfilled by defining the p-value as

p
max

(~S; ~O ) = sup

�i�0

⇢

p(~S, ~�; ~O )

�

= sup

�i�0

⇢

Z 1

t(~S,~�;

~O )

dt0 f(t0|~S, ~�)

�

, (8)

and use it to set a limit in the ~S-space depending on whether p
max

7 1 � ↵.
Eq. (8) is in principle all what we need to set limits in the presence of unknown additional

signal, however it is not applicable in concrete. The main obstruction is the need of determining
the p.d.f. of the test statistic, which in general cannot be computed analytically and must be
obtained numerically by running a toy Monte Carlo. The p.d.f. depends on ~�, therefore one toy
Monte Carlo would be needed at each point in the ~�-space, resulting in a too demanding numerical
procedure. Fortunately this problem is easy to address because the standard test statistic variables
employed in LHC analyses are defined in such a way that their p.d.f.s assume a specific form
(typically, a �2 distribution) under suitable conditions, namely in the so-called Asymptotic Limit
(AL). The AL approximation relies on the assumption that a large set of data is employed in the
analysis. Further qualifications and checks of its validity are reported in the following section and
in appendix A. It su�ces here to notice that in the AL the p.d.f. of t becomes independent of ~�
(and of ~S) so that eq. (8) becomes

p
max

AL

= sup

�i�0

⇢

Z 1

t(~S+

~
�;

~O )

dt0 f(t0)

�

=

Z 1

t
min

dt0 f(t0) , where t
min

(~S; ~O ) = inf

�i�0

{t(~S, ~�; ~O )} . (9)

The problem thus reduces to the one of minimising t in the ~� space. We will show in the next
section how to treat it by a combination of analytical and numerical techniques.

Before concluding this section it is worth noticing that it would be legitimate to regard the ~�’s
as additional nuisance parameters. Exactly like the ~⌫’s, indeed, they are parameters whose values
we are not interested in testing that however enter in the probability model for the observables. We
decided not to adopt this interpretation and we introduced the terminology of “unknown additional
signal” because ordinary nuisance parameters are constrained by auxiliary measurements (or by
theoretical considerations, for theory-driven errors) while there is no way to constrain the ~�’s.

2.2 Possible solutions

We discuss now how to deal with eq. (8) (actually with its much simpler version (9)) in concrete. We
begin with the full-fledged treatment, to be carried on directly by the experimental collaborations
starting from the actual data and from the detailed knowledge of the nuisance parameters, and we
progressively simplify it.

3Each given UV-completion of the EFT model corresponds to a given value of ~�. Asking for the EFT to be
excluded for any ~� thus ensures that all its possible UV-completions are excluded.
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in ref. [32], for which the simplified likelihood is available. On top of serving as an illustration of
the limit-setting method, this example will give us the opportunity to introduce and to validate the
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in the EFT signal simulation. In sect. 4 we report our conclusions and comment on the applicability
of our study outside the domain of DM searches. A validation of our limit-setting strategy and
some algebraic derivations are reported in appendices A and B, respectively.
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above the EFT cuto↵, in direct correspondence with eq. (2). However ~O might also represent
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predictions from low and high energy processes, respectively. Other parameters ~⌫, among which
the backgrounds, also influence the probability model. These are routinely treated as nuisance
parameters (see e.g., [29, 30]) and constrained by means of auxiliary measurements. Nuisance
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their presence.
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which is such that a large value of t signals tension of the model with observations. The test
statistic is itself a random variable, because of its dependence on ~O. Its distribution follows from
the probability model for ~O and therefore it depends, a priori, on ~S and ~� in a highly non trivial
manner. Namely
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The probability for the model to produce an experimental result which is equally or more incom-
patible than the one observed is quantified by the p-value
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The parameters of interest are the vector ~s, of length N , therefore

t
AL⇠ f�2

(t; N) =
1

2N/2�(N/2)
tN/2�1e�t/2 . (14)

The similarity of eq. (13) with the maximum likelihood goodness-of-fit, which is also (in the AL
limit) a �2 with N degrees of freedom, is apparent also in this respect.

The AL formula (14) is, as previously explained, essential for our construction. We must thus
discuss in details the conditions for its validity. The AL is the one in which the data sample is large,
a condition that we interprete in a restrictive manner by asking for Oi � 1 in each bin.6 Of course
one cannot check the validity of the latter condition before the experiment is performed. Therefore
for the design of the hypothesis test, prior to the experiment, we interprete the AL condition as
Mi � 1 for the expected countings in each bin. The idea is that if Oi will eventually turn out to
be much di↵erent from Mi, for instance if Mi � Oi 6� 1, the hypothesis will be excluded anyhow
and the possible unaccuracy of the AL formula in this regime will not be an issue. Of course
Mi depends on ~⌫, however the nuisance parameters are normally well constrained by the auxiliary
measurements so that their variation within few sigmas around the central value ~⌫

0

does not change
Mi radically. The Mi � 1 condition can thus be enforced at ~⌫ = ~⌫

0

. The Mi’s also depend on the
unknown additional signal components �i, and clearly we need the AL formula to hold for any �i.
Since �i � 0, asking for Mi � 1 at �i = 0, i.e.

Si(~s,~⌫0

) + Bi(~⌫0

) � 1 , (15)

is the necessary and su�cient condition for the validity of the AL formula in the entire ~�-space.
One might ask how large Si + Bi concretely needs to be for the AL to hold with good accuracy.
In appendix A we address this question quantitatively in a toy example and we find that values
as small as 3 are su�cient. Thousands of countings are expected in the mono-jet DM search we
study in the next section, therefore the number of events is never an issue. The situation might be
di↵erent for other applications of our method.

In order to construct a ~�-independent hypothesis test we define p
max

like in eq. (8) and we use
the AL formula (14) to express it, similarly to eq. (9), as

p
max

AL

=

Z 1

t
min

dt0 f�2

(t0; N) , where t
min

(~s; ~O ) = inf

�i�0

{t(~s, ~�; ~O )} , (16)

with t given in eq. (13). Notice that t is itself the result of a minimisation, with respect to ~⌫. We
must further minimise, with respect to ~�, in order to obtain t

min

. However it is convenient to
invert the order of the two minimisations, because the one with respect to ~�, if performed first, can
be done analytically. The point is that the terms in the round brackets of eq. (13) have a unique
minimum (equal to zero) at Mi = Oi and monotonically increase (decrease) for Mi larger (smaller)
than Oi. The �i’s, one for each bin, are positive shifts of Mi with respect to their minimal values
Si + Bi (see eq. (10)), therefore two possibilities are given. If Si + Bi  Oi, i.e. if the observed
counting over-fluctuates with respect to the prediction, a positive value of �i exists that makes
Mi = Oi and the absolute minimum is reached in the corresponding bin. If instead Si+Bi > Oi, i.e.
in an under-fluctuating bin, there is no way to reach Mi = Oi with a positive �i. The minimum

6A similar condition must hold for the auxiliary measurements that constrain ~⌫.
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could be. We thus want our test to be such that the model is excluded only if its prediction are
incompatible with the data for any value of ~�, provided of course �i � 0 8i.3 In practice, we want
the model to be excluded only if it fails the “ordinary” statistical test (i.e., p < 1�↵ in eq. (7)) for
any possible choice of the �i’s. We would also like our test to exclude as much as possible, namely
we want the model not to be excluded only if there exists at least one point in the ~�-space that
would pass the ordinary test. Both these requirements are fulfilled by defining the p-value as
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Eq. (8) is in principle all what we need to set limits in the presence of unknown additional

signal, however it is not applicable in concrete. The main obstruction is the need of determining
the p.d.f. of the test statistic, which in general cannot be computed analytically and must be
obtained numerically by running a toy Monte Carlo. The p.d.f. depends on ~�, therefore one toy
Monte Carlo would be needed at each point in the ~�-space, resulting in a too demanding numerical
procedure. Fortunately this problem is easy to address because the standard test statistic variables
employed in LHC analyses are defined in such a way that their p.d.f.s assume a specific form
(typically, a �2 distribution) under suitable conditions, namely in the so-called Asymptotic Limit
(AL). The AL approximation relies on the assumption that a large set of data is employed in the
analysis. Further qualifications and checks of its validity are reported in the following section and
in appendix A. It su�ces here to notice that in the AL the p.d.f. of t becomes independent of ~�
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theoretical considerations, for theory-driven errors) while there is no way to constrain the ~�’s.

2.2 Possible solutions

We discuss now how to deal with eq. (8) (actually with its much simpler version (9)) in concrete. We
begin with the full-fledged treatment, to be carried on directly by the experimental collaborations
starting from the actual data and from the detailed knowledge of the nuisance parameters, and we
progressively simplify it.

3Each given UV-completion of the EFT model corresponds to a given value of ~�. Asking for the EFT to be
excluded for any ~� thus ensures that all its possible UV-completions are excluded.
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Limits with Unknown Additional Signal

We identified four possible ways to proceed:
1. Full Story: Poisson likelihood with exact nuisance profiling

is thus at �i = 0, i.e. Mi = Si + Bi. The position of the minimum in the ~�-space and the
corresponding formula for t

min

are

[�i(~s,~⌫)]
min

=

(

Oi � Si(~⌫,~s ) � Bi(~⌫) , if Si(~⌫,~s ) + Bi(~⌫)  Oi

0 , if Si(~⌫,~s ) + Bi(~⌫) > Oi

,

+

t
min

= inf

~⌫

2

4

X

{Si+Bi>Oi}

2

✓

Si(~s,~⌫) + Bi(~⌫) � Oi � Oi log
Si(~s,~⌫) + Bi(~⌫)

Oi

◆

� 2 log
L~⌫

L~⌫
0

3

5 . (17)

The result is trivial for its simplicity. Over-fluctuating bins do not contribute to t
min

because for
them we set Mi = Oi. The very simple reason for this is that Oi � Si +Bi is perfectly compatible
with the hypothesis, the over-fluctuation of the observed being possibly due to some amount of
additional signal. Under-fluctuating bins do instead contribute to t

min

, and their contribution is
conservatively evaluated at �i = 0. Notice that in spite of the fact that they do not contribute
to t

min

, over-fluctuating bins are implicitly taken into account in our procedure. All the bins are
indeed counted in the number of degrees of freedom N of the �2 distribution by which compatibility
or incompatibility is established. An over-fluctuating (and thus perfectly compatible with the
hypothesis, as explained) bin does not contribute to t

min

but contributes to N and thus it increases
the p-value making the model more compatible with data as it should.

Having defined the test for a generic model, with arbitrary parton-level cross-section in each
bin, we can now straightforwardly restrict it to the model of interest, in which ~s depends on a single
signal-strength parameter µ as si(µ) = µ si.7 We just have to set, in eq. (17)

Si(~s,~⌫) = Si(~s(µ),~⌫) = µSi(~⌫) . (18)

We stress once again that this step does not require us to first compute ~S as a function of ~s and
next compute and plug-in ~s as a function of µ. Everything can be done in one step by simulating
the model with the benchmark value for its parameters, that corresponds to µ = 1, compute Si

and eventually rescale by µ. Once this is done, the substitution in eq. (18) makes t
min

become a
function of µ (and of the observations) only and the exclusion limit on µ, call it µ

exc

, is set by
solving the equation

p
exc.

(µ
exc

; ~O ) =

Z 1

t
min

(µ
exc

;

~O)

dt0 f�2

(t0; N) = 1 � ↵ , (19)

like for an ordinary hypothesis test.
We described the steps needed to apply our method in a rather pedantic manner, with the

purpose of outlining that it does not require more work than the standard LHC limit-setting
strategy. It requires signal simulations at di↵erent points of the ~⌫-space, in order to assess the
impact of nuisance on the signal, the determination of the backgrounds in control regions and the
numerical minimisation over the nuisance parameters. All these steps are equally necessary for a

7We are assuming here that there is no interference between the signal and the SM, otherwise the dependence of
s on µ is not just a rescaling. We will see in section 2.2.5 how to include interference in the discussion.
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2. Chi-Squared: Gaussian countings and nuisance (large stat.)

The third assumption is that the countings are approximately Gaussian distributed, with mean
and variance Mi, so that the ~�-dependent test statistic in eq. (13) becomes

t(~s, ~�; ~O ) = inf

~⌫

(

N
X

i=1

(Mi � Oi)2

Mi
+ (~⌫ � ~⌫

0

)tV �1(~⌫ � ~⌫
0

)

)

. (22)

Poisson countings automatically become Gaussian in the large-Mi limit we already assumed in
eq. (15) in order to obtain a �2-distributed test statistic as in eq. (14). However the Gaussian
approximation for the Poisson distribution becomes accurate enough only for values of Mi which
are larger (above around few tenths, see appendix A) than those needed for the validity of eq. (14).

Few straightforward manipulations, reported for completeness in appendix B, allow us to com-
pute eq. (22) analytically in the �Mi ⌧ Mi limit of eq. (21). The result is the familiar �2 formula

t ' �2 =
N

X

i,j=1

(M0

i � Oi)(⌃
�1

tot

)ij(M
0

j � Oj) , ⌃
tot

= ⌃M + ⌃⌫ , (23)

where the total covariance matrix ⌃
tot

is the sum of statistical (⌃M) and systematical (⌃⌫) errors.
Let us discuss them in turn. The statistical error is the variance of the Poisson distribution in each
bin, evaluated at the central value of the nuisance parameters ~⌫ = ~⌫

0

, i.e.

(⌃M)ij = M0

i �ij . (24)

Obviously it is diagonal, since statistical errors are uncorrelated. The systematical component de-
pends on the nuisance covariance matrix V and on how sensitive the Mi’s are to nuisance departures
from the central value. It is given by a formula

(⌃⌫)ij =


X

â,ˆb=1

@âM
0

i Vâˆb@ˆbM
0

j , (25)

which seems, at first sight, complicated to apply in a concrete analysis where often neither V nor the
functional dependence of ~M on ~⌫ are known explicitly. However by the standard error propagation
formula we can rewrite it as

(⌃⌫)ij =

Z

d⌫ L~⌫ · (Mi(~⌫) � M0

i )(Mj(~⌫) � M0

j ) = E
⇥

(Mi � M0

i )(Mj � M0

j )
⇤

, (26)

where “E” denotes the expectation value over the nuisance parameters, treated here as random
variables with p.d.f. L~⌫ . By sampling the ~⌫-space with weight L~⌫ , computing ~M by means of
simulations and taking averages, ⌃⌫ is easily obtained with no need of determining V and @âMi as
an intermediate step.8

Having expressed t(~s, ~�; ~O ) analytically by the �2 formula, we should now minimise it over
the additional signal components �i � 0, as prescribed by eq. (16). While this minimisation
will in general be performed numerically, it is important to get an analytical understanding of

8A similar logic can be applied to M0

i , which is equal to E[Mi]. However the approach of first computing ~⌫
0

as
the maximum of L~⌫ and next using it to obtain the M0

i ’s is probably more convenient.
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the dependence of t on ~�, the way it emerges from the various elements that compose the �2

formula (23). The first element is M0

i , which is given by

M0

i = µSi(~⌫0

) + Bi(~⌫0

) + �i , (27)

having made use of eq. (18) to restrict the signal to the one predicted by our model in terms of the
unique signal-strength parameter µ. The Mi’s depend on ~�, but in a trivial (additive) manner.
The terms S0

i and B0

i are of course independent of ~� and thus they can be computed once and for
all by setting the nuisance parameters to their central values. For the nuisance that correspond to
instrumental e↵ects (e.g., trigger or reconstruction), this amounts to perform one single signal and
background simulation with the nuisance set to their nominal values. For nuisance associated with
backgrounds, it amounts to compute the background at the central value obtained from the fit in
the control regions. The dependence on µ of the signal is included by rescaling the benchmark
simulation. The second element we need in the �2 formula is ⌃⌫ which, importantly enough, is
independent of ~�. This being the case is obvious from its definition, but also from rewriting eq. (26)
explicitly as

(⌃⌫)ij = µ2 E[(Si � S0

i )(Sj � S0

j )] + µ E[(Si � S0

i )(Bj � B0

j ) + i $ j]

+E
⇥

(Bi � B0

i )(Bj � B0

j )
⇤

. (28)

This equation allows us to compute ⌃⌫ as a function of the signal strength parameter by sampling
the nuisance space as previously explained. Together with eq. (27), it provides us with t as function
of µ and ~�. After minimising over ~� we obtain t

min

(µ; ~O) and in turn µ
exc

by solving eq. (19).
The minimisation of t will have to be performed numerically, but this does not pose any con-

ceptual di�culty as the �2 is an infinitely di↵erential function of ~�. The procedure can however be
rather slow because each function call requires the inversion of ⌃

tot

, which depends on ~� through
⌃M. A considerable simplification is obtained by replacing eq. (23) with the “modified” �2 formula

t ' �2

mod

=
N

X

i,j=1

(M0

i � Oi)(⌃
�1

tot

)ij(M
0

j � Oj) , ⌃
tot

= ⌃O + ⌃⌫ , (29)

where ⌃O is the statistical error matrix computed with the observed countings rather than with
the expected ones. The logic behind this simplification is that Mi cannot be much di↵erent from
Oi, in the limit of high statistic, for configurations that are not trivially excluded. The modified
�2 is a simple quadratic function of ~�, which can minimised either analytically (though with
some complication due to the condition �i � 0) or numerically with a fast procedure since no ~�-
dependent matrix inversion is involved in the evaluation of the function. The modified �2 is known
to be a poor approximation of the exact one, that requires large statistics to become accurate. We
verify this fact explicitly with our toy example in appendix A. However eq. (29) is useful also when
the statistics is not large in order to get a first estimate of the location of the minimum in the
~�-space, to be used as a convenient starting point for the minimisation of the exact �2 formula.

2.2.3 Simplified likelihood

The limit-setting strategies outlined above require complete knowledge of the data and full control of
the sources of systematic uncertainty. Thus they must be carried on internally by the experimental
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3. Simplified Likelihood:                   (good for recasting) ⌃⌫ = ⌃B

4. Cross-section Measurements:

B0

i , will also be reported, while the evaluation of S0

i is again left to theory estimate. The potential
limitation of this method is that it relies on an accurate simulation of the detector-level signal
S0

i and, even worse, of ⌃S , if not negligible. In section 3 we will apply the simplified likelihood
method to the CMS mono-jet search, and we will argue that it should be reasonably accurate for
our purpose. Validation from a full-fledged EFT experimental analysis would however be welcome.

2.2.4 Cross-section measurements

The last case which is worth discussing is the one in which the experimental collaborations report, as
the result of the analysis, measurements of unfolded parton-level di↵erential cross-sections. When
accurate theoretical predictions of the SM backgrounds are available, this makes setting limits on
the EFT a very simple task. Clearly this approach is not applicable to DM searches, where the
background cannot be predicted.10 However it could be useful for other EFT studies such as the
ones proposed in refs. [26, 42]. The logic outlined in section 2.1 straightforwardly applies to cross-
section measurements. The signal ~S in eq. (4) represents now the parton-level EFT cross-sections
~�EFT, in N bins, computed within the EFT with the habitual E

cm

< M
cut

restriction. ~� is the
additional signal cross-section from reactions above the EFT cuto↵ and the observations ~O are the
measured cross-sections ~�m. The test statistic is just the �2

t(~S, ~�; ~O ) = �2 =
N

X

i,j=1

(~�EFT+ ~� +~b � ~�m)i⌃
�1

ij (~�EFT+ ~� +~b � ~�m)j , (31)

where ⌃ is the covariance matrix of the measurements. The SM background ~b is taken here to
be predicted with infinite accuracy, but of course it would not be hard to include the theory
uncertainties on the background prediction in the �2 formula by proceeding like in the previous
section. The test statistic is distributed as a �2 with N d.o.f., and it is very easy to maximise over
�i � 0, being just a quadratic function. The limit is thus set as a trivial application of eq. (9).

2.2.5 Dealing with interference

Until now we described our limit-setting strategy having implicitly (or even explicitly, see eq. (18))
in mind the case in which the EFT produces a phenomenon (e.g., DM production) that does not
occur in the SM. If this is the case, no quantum mechanical interference is present between the SM
and the EFT Feynman diagrams and a clear distinction can be made between the “background”
and the “signal”, to be further split into the proper EFT signal and the unknown additional signal
from high-energy reactions. Specifically, in DM mono-X searches the background is the complete
SM contribution to the E/ T distribution, emerging from SM processes with arbitrarily high E

cm

.
The signal is instead DM production from E

cm

< M
cut

, to be computed starting from the EFT
diagrams evaluated with the E

cm

< M
cut

restriction on the phase space. The additional signal is
the UV contribution to DM production.

Other interesting EFT’s are those that describe BSM e↵ects in the EW plus Higgs sector. These
EFT’s normally produce BSM corrections to processes that do occur also in the SM, and as such

10In principle, one might consider providing both a measurement of the E/ T distribution and a measurement of
the SM background from control regions. Addressing the feasibility of this strategy goes beyond the purpose of the
present article.
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1. Full Story: Poisson likelihood with exact nuisance profiling

is thus at �i = 0, i.e. Mi = Si + Bi. The position of the minimum in the ~�-space and the
corresponding formula for t

min

are

[�i(~s,~⌫)]
min

=

(

Oi � Si(~⌫,~s ) � Bi(~⌫) , if Si(~⌫,~s ) + Bi(~⌫)  Oi

0 , if Si(~⌫,~s ) + Bi(~⌫) > Oi

,

+

t
min

= inf

~⌫

2

4

X

{Si+Bi>Oi}

2

✓

Si(~s,~⌫) + Bi(~⌫) � Oi � Oi log
Si(~s,~⌫) + Bi(~⌫)

Oi

◆

� 2 log
L~⌫

L~⌫
0

3

5 . (17)

The result is trivial for its simplicity. Over-fluctuating bins do not contribute to t
min

because for
them we set Mi = Oi. The very simple reason for this is that Oi � Si +Bi is perfectly compatible
with the hypothesis, the over-fluctuation of the observed being possibly due to some amount of
additional signal. Under-fluctuating bins do instead contribute to t

min

, and their contribution is
conservatively evaluated at �i = 0. Notice that in spite of the fact that they do not contribute
to t

min

, over-fluctuating bins are implicitly taken into account in our procedure. All the bins are
indeed counted in the number of degrees of freedom N of the �2 distribution by which compatibility
or incompatibility is established. An over-fluctuating (and thus perfectly compatible with the
hypothesis, as explained) bin does not contribute to t

min

but contributes to N and thus it increases
the p-value making the model more compatible with data as it should.

Having defined the test for a generic model, with arbitrary parton-level cross-section in each
bin, we can now straightforwardly restrict it to the model of interest, in which ~s depends on a single
signal-strength parameter µ as si(µ) = µ si.7 We just have to set, in eq. (17)

Si(~s,~⌫) = Si(~s(µ),~⌫) = µSi(~⌫) . (18)

We stress once again that this step does not require us to first compute ~S as a function of ~s and
next compute and plug-in ~s as a function of µ. Everything can be done in one step by simulating
the model with the benchmark value for its parameters, that corresponds to µ = 1, compute Si

and eventually rescale by µ. Once this is done, the substitution in eq. (18) makes t
min

become a
function of µ (and of the observations) only and the exclusion limit on µ, call it µ

exc

, is set by
solving the equation

p
exc.

(µ
exc

; ~O ) =

Z 1

t
min

(µ
exc

;

~O)

dt0 f�2

(t0; N) = 1 � ↵ , (19)

like for an ordinary hypothesis test.
We described the steps needed to apply our method in a rather pedantic manner, with the

purpose of outlining that it does not require more work than the standard LHC limit-setting
strategy. It requires signal simulations at di↵erent points of the ~⌫-space, in order to assess the
impact of nuisance on the signal, the determination of the backgrounds in control regions and the
numerical minimisation over the nuisance parameters. All these steps are equally necessary for a

7We are assuming here that there is no interference between the signal and the SM, otherwise the dependence of
s on µ is not just a rescaling. We will see in section 2.2.5 how to include interference in the discussion.

10

2. Chi-Squared: Gaussian countings and nuisance (large stat.)

The third assumption is that the countings are approximately Gaussian distributed, with mean
and variance Mi, so that the ~�-dependent test statistic in eq. (13) becomes

t(~s, ~�; ~O ) = inf

~⌫

(

N
X

i=1

(Mi � Oi)2

Mi
+ (~⌫ � ~⌫

0

)tV �1(~⌫ � ~⌫
0

)

)

. (22)

Poisson countings automatically become Gaussian in the large-Mi limit we already assumed in
eq. (15) in order to obtain a �2-distributed test statistic as in eq. (14). However the Gaussian
approximation for the Poisson distribution becomes accurate enough only for values of Mi which
are larger (above around few tenths, see appendix A) than those needed for the validity of eq. (14).

Few straightforward manipulations, reported for completeness in appendix B, allow us to com-
pute eq. (22) analytically in the �Mi ⌧ Mi limit of eq. (21). The result is the familiar �2 formula

t ' �2 =
N

X

i,j=1

(M0

i � Oi)(⌃
�1

tot

)ij(M
0

j � Oj) , ⌃
tot

= ⌃M + ⌃⌫ , (23)

where the total covariance matrix ⌃
tot

is the sum of statistical (⌃M) and systematical (⌃⌫) errors.
Let us discuss them in turn. The statistical error is the variance of the Poisson distribution in each
bin, evaluated at the central value of the nuisance parameters ~⌫ = ~⌫

0

, i.e.

(⌃M)ij = M0

i �ij . (24)

Obviously it is diagonal, since statistical errors are uncorrelated. The systematical component de-
pends on the nuisance covariance matrix V and on how sensitive the Mi’s are to nuisance departures
from the central value. It is given by a formula

(⌃⌫)ij =


X

â,ˆb=1

@âM
0

i Vâˆb@ˆbM
0

j , (25)

which seems, at first sight, complicated to apply in a concrete analysis where often neither V nor the
functional dependence of ~M on ~⌫ are known explicitly. However by the standard error propagation
formula we can rewrite it as

(⌃⌫)ij =

Z

d⌫ L~⌫ · (Mi(~⌫) � M0

i )(Mj(~⌫) � M0

j ) = E
⇥

(Mi � M0

i )(Mj � M0

j )
⇤

, (26)

where “E” denotes the expectation value over the nuisance parameters, treated here as random
variables with p.d.f. L~⌫ . By sampling the ~⌫-space with weight L~⌫ , computing ~M by means of
simulations and taking averages, ⌃⌫ is easily obtained with no need of determining V and @âMi as
an intermediate step.8

Having expressed t(~s, ~�; ~O ) analytically by the �2 formula, we should now minimise it over
the additional signal components �i � 0, as prescribed by eq. (16). While this minimisation
will in general be performed numerically, it is important to get an analytical understanding of

8A similar logic can be applied to M0

i , which is equal to E[Mi]. However the approach of first computing ~⌫
0

as
the maximum of L~⌫ and next using it to obtain the M0

i ’s is probably more convenient.
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the dependence of t on ~�, the way it emerges from the various elements that compose the �2

formula (23). The first element is M0

i , which is given by

M0

i = µSi(~⌫0

) + Bi(~⌫0

) + �i , (27)

having made use of eq. (18) to restrict the signal to the one predicted by our model in terms of the
unique signal-strength parameter µ. The Mi’s depend on ~�, but in a trivial (additive) manner.
The terms S0

i and B0

i are of course independent of ~� and thus they can be computed once and for
all by setting the nuisance parameters to their central values. For the nuisance that correspond to
instrumental e↵ects (e.g., trigger or reconstruction), this amounts to perform one single signal and
background simulation with the nuisance set to their nominal values. For nuisance associated with
backgrounds, it amounts to compute the background at the central value obtained from the fit in
the control regions. The dependence on µ of the signal is included by rescaling the benchmark
simulation. The second element we need in the �2 formula is ⌃⌫ which, importantly enough, is
independent of ~�. This being the case is obvious from its definition, but also from rewriting eq. (26)
explicitly as

(⌃⌫)ij = µ2 E[(Si � S0

i )(Sj � S0

j )] + µ E[(Si � S0

i )(Bj � B0

j ) + i $ j]

+E
⇥

(Bi � B0

i )(Bj � B0

j )
⇤

. (28)

This equation allows us to compute ⌃⌫ as a function of the signal strength parameter by sampling
the nuisance space as previously explained. Together with eq. (27), it provides us with t as function
of µ and ~�. After minimising over ~� we obtain t

min

(µ; ~O) and in turn µ
exc

by solving eq. (19).
The minimisation of t will have to be performed numerically, but this does not pose any con-

ceptual di�culty as the �2 is an infinitely di↵erential function of ~�. The procedure can however be
rather slow because each function call requires the inversion of ⌃

tot

, which depends on ~� through
⌃M. A considerable simplification is obtained by replacing eq. (23) with the “modified” �2 formula

t ' �2

mod

=
N

X

i,j=1

(M0

i � Oi)(⌃
�1

tot

)ij(M
0

j � Oj) , ⌃
tot

= ⌃O + ⌃⌫ , (29)

where ⌃O is the statistical error matrix computed with the observed countings rather than with
the expected ones. The logic behind this simplification is that Mi cannot be much di↵erent from
Oi, in the limit of high statistic, for configurations that are not trivially excluded. The modified
�2 is a simple quadratic function of ~�, which can minimised either analytically (though with
some complication due to the condition �i � 0) or numerically with a fast procedure since no ~�-
dependent matrix inversion is involved in the evaluation of the function. The modified �2 is known
to be a poor approximation of the exact one, that requires large statistics to become accurate. We
verify this fact explicitly with our toy example in appendix A. However eq. (29) is useful also when
the statistics is not large in order to get a first estimate of the location of the minimum in the
~�-space, to be used as a convenient starting point for the minimisation of the exact �2 formula.

2.2.3 Simplified likelihood

The limit-setting strategies outlined above require complete knowledge of the data and full control of
the sources of systematic uncertainty. Thus they must be carried on internally by the experimental
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4. Cross-section Measurements:

B0

i , will also be reported, while the evaluation of S0

i is again left to theory estimate. The potential
limitation of this method is that it relies on an accurate simulation of the detector-level signal
S0

i and, even worse, of ⌃S , if not negligible. In section 3 we will apply the simplified likelihood
method to the CMS mono-jet search, and we will argue that it should be reasonably accurate for
our purpose. Validation from a full-fledged EFT experimental analysis would however be welcome.

2.2.4 Cross-section measurements

The last case which is worth discussing is the one in which the experimental collaborations report, as
the result of the analysis, measurements of unfolded parton-level di↵erential cross-sections. When
accurate theoretical predictions of the SM backgrounds are available, this makes setting limits on
the EFT a very simple task. Clearly this approach is not applicable to DM searches, where the
background cannot be predicted.10 However it could be useful for other EFT studies such as the
ones proposed in refs. [26, 42]. The logic outlined in section 2.1 straightforwardly applies to cross-
section measurements. The signal ~S in eq. (4) represents now the parton-level EFT cross-sections
~�EFT, in N bins, computed within the EFT with the habitual E

cm

< M
cut

restriction. ~� is the
additional signal cross-section from reactions above the EFT cuto↵ and the observations ~O are the
measured cross-sections ~�m. The test statistic is just the �2

t(~S, ~�; ~O ) = �2 =
N

X

i,j=1

(~�EFT+ ~� +~b � ~�m)i⌃
�1

ij (~�EFT+ ~� +~b � ~�m)j , (31)

where ⌃ is the covariance matrix of the measurements. The SM background ~b is taken here to
be predicted with infinite accuracy, but of course it would not be hard to include the theory
uncertainties on the background prediction in the �2 formula by proceeding like in the previous
section. The test statistic is distributed as a �2 with N d.o.f., and it is very easy to maximise over
�i � 0, being just a quadratic function. The limit is thus set as a trivial application of eq. (9).

2.2.5 Dealing with interference

Until now we described our limit-setting strategy having implicitly (or even explicitly, see eq. (18))
in mind the case in which the EFT produces a phenomenon (e.g., DM production) that does not
occur in the SM. If this is the case, no quantum mechanical interference is present between the SM
and the EFT Feynman diagrams and a clear distinction can be made between the “background”
and the “signal”, to be further split into the proper EFT signal and the unknown additional signal
from high-energy reactions. Specifically, in DM mono-X searches the background is the complete
SM contribution to the E/ T distribution, emerging from SM processes with arbitrarily high E

cm

.
The signal is instead DM production from E

cm

< M
cut

, to be computed starting from the EFT
diagrams evaluated with the E

cm

< M
cut

restriction on the phase space. The additional signal is
the UV contribution to DM production.

Other interesting EFT’s are those that describe BSM e↵ects in the EW plus Higgs sector. These
EFT’s normally produce BSM corrections to processes that do occur also in the SM, and as such

10In principle, one might consider providing both a measurement of the E/ T distribution and a measurement of
the SM background from control regions. Addressing the feasibility of this strategy goes beyond the purpose of the
present article.
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Limits with Unknown Additional Signal

We identified four possible ways to proceed:
1. Full Story: Poisson likelihood with exact nuisance profiling

is thus at �i = 0, i.e. Mi = Si + Bi. The position of the minimum in the ~�-space and the
corresponding formula for t

min

are

[�i(~s,~⌫)]
min

=

(

Oi � Si(~⌫,~s ) � Bi(~⌫) , if Si(~⌫,~s ) + Bi(~⌫)  Oi

0 , if Si(~⌫,~s ) + Bi(~⌫) > Oi

,

+

t
min

= inf

~⌫

2

4

X

{Si+Bi>Oi}

2

✓

Si(~s,~⌫) + Bi(~⌫) � Oi � Oi log
Si(~s,~⌫) + Bi(~⌫)

Oi

◆

� 2 log
L~⌫

L~⌫
0

3

5 . (17)

The result is trivial for its simplicity. Over-fluctuating bins do not contribute to t
min

because for
them we set Mi = Oi. The very simple reason for this is that Oi � Si +Bi is perfectly compatible
with the hypothesis, the over-fluctuation of the observed being possibly due to some amount of
additional signal. Under-fluctuating bins do instead contribute to t

min

, and their contribution is
conservatively evaluated at �i = 0. Notice that in spite of the fact that they do not contribute
to t

min

, over-fluctuating bins are implicitly taken into account in our procedure. All the bins are
indeed counted in the number of degrees of freedom N of the �2 distribution by which compatibility
or incompatibility is established. An over-fluctuating (and thus perfectly compatible with the
hypothesis, as explained) bin does not contribute to t

min

but contributes to N and thus it increases
the p-value making the model more compatible with data as it should.

Having defined the test for a generic model, with arbitrary parton-level cross-section in each
bin, we can now straightforwardly restrict it to the model of interest, in which ~s depends on a single
signal-strength parameter µ as si(µ) = µ si.7 We just have to set, in eq. (17)

Si(~s,~⌫) = Si(~s(µ),~⌫) = µSi(~⌫) . (18)

We stress once again that this step does not require us to first compute ~S as a function of ~s and
next compute and plug-in ~s as a function of µ. Everything can be done in one step by simulating
the model with the benchmark value for its parameters, that corresponds to µ = 1, compute Si

and eventually rescale by µ. Once this is done, the substitution in eq. (18) makes t
min

become a
function of µ (and of the observations) only and the exclusion limit on µ, call it µ

exc

, is set by
solving the equation

p
exc.

(µ
exc

; ~O ) =

Z 1

t
min

(µ
exc

;

~O)

dt0 f�2

(t0; N) = 1 � ↵ , (19)

like for an ordinary hypothesis test.
We described the steps needed to apply our method in a rather pedantic manner, with the

purpose of outlining that it does not require more work than the standard LHC limit-setting
strategy. It requires signal simulations at di↵erent points of the ~⌫-space, in order to assess the
impact of nuisance on the signal, the determination of the backgrounds in control regions and the
numerical minimisation over the nuisance parameters. All these steps are equally necessary for a

7We are assuming here that there is no interference between the signal and the SM, otherwise the dependence of
s on µ is not just a rescaling. We will see in section 2.2.5 how to include interference in the discussion.
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2. Chi-Squared: Gaussian countings and nuisance (large stat.)

3. Simplified Likelihood:                   (good for reinterpretation) ⌃⌫ = ⌃B

4. Cross-section Measurements:

B0

i , will also be reported, while the evaluation of S0

i is again left to theory estimate. The potential
limitation of this method is that it relies on an accurate simulation of the detector-level signal
S0

i and, even worse, of ⌃S , if not negligible. In section 3 we will apply the simplified likelihood
method to the CMS mono-jet search, and we will argue that it should be reasonably accurate for
our purpose. Validation from a full-fledged EFT experimental analysis would however be welcome.

2.2.4 Cross-section measurements

The last case which is worth discussing is the one in which the experimental collaborations report, as
the result of the analysis, measurements of unfolded parton-level di↵erential cross-sections. When
accurate theoretical predictions of the SM backgrounds are available, this makes setting limits on
the EFT a very simple task. Clearly this approach is not applicable to DM searches, where the
background cannot be predicted.10 However it could be useful for other EFT studies such as the
ones proposed in refs. [26, 42]. The logic outlined in section 2.1 straightforwardly applies to cross-
section measurements. The signal ~S in eq. (4) represents now the parton-level EFT cross-sections
~�EFT, in N bins, computed within the EFT with the habitual E

cm

< M
cut

restriction. ~� is the
additional signal cross-section from reactions above the EFT cuto↵ and the observations ~O are the
measured cross-sections ~�m. The test statistic is just the �2

t(~S, ~�; ~O ) = �2 =
N

X

i,j=1

(~�EFT+ ~� +~b � ~�m)i⌃
�1

ij (~�EFT+ ~� +~b � ~�m)j , (31)

where ⌃ is the covariance matrix of the measurements. The SM background ~b is taken here to
be predicted with infinite accuracy, but of course it would not be hard to include the theory
uncertainties on the background prediction in the �2 formula by proceeding like in the previous
section. The test statistic is distributed as a �2 with N d.o.f., and it is very easy to maximise over
�i � 0, being just a quadratic function. The limit is thus set as a trivial application of eq. (9).

2.2.5 Dealing with interference

Until now we described our limit-setting strategy having implicitly (or even explicitly, see eq. (18))
in mind the case in which the EFT produces a phenomenon (e.g., DM production) that does not
occur in the SM. If this is the case, no quantum mechanical interference is present between the SM
and the EFT Feynman diagrams and a clear distinction can be made between the “background”
and the “signal”, to be further split into the proper EFT signal and the unknown additional signal
from high-energy reactions. Specifically, in DM mono-X searches the background is the complete
SM contribution to the E/ T distribution, emerging from SM processes with arbitrarily high E

cm

.
The signal is instead DM production from E

cm

< M
cut

, to be computed starting from the EFT
diagrams evaluated with the E

cm

< M
cut

restriction on the phase space. The additional signal is
the UV contribution to DM production.

Other interesting EFT’s are those that describe BSM e↵ects in the EW plus Higgs sector. These
EFT’s normally produce BSM corrections to processes that do occur also in the SM, and as such

10In principle, one might consider providing both a measurement of the E/ T distribution and a measurement of
the SM background from control regions. Addressing the feasibility of this strategy goes beyond the purpose of the
present article.
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The third assumption is that the countings are approximately Gaussian distributed, with mean
and variance Mi, so that the ~�-dependent test statistic in eq. (13) becomes

t(~s, ~�; ~O ) = inf

~⌫

(

N
X

i=1

(Mi � Oi)2

Mi
+ (~⌫ � ~⌫

0

)tV �1(~⌫ � ~⌫
0

)

)

. (22)

Poisson countings automatically become Gaussian in the large-Mi limit we already assumed in
eq. (15) in order to obtain a �2-distributed test statistic as in eq. (14). However the Gaussian
approximation for the Poisson distribution becomes accurate enough only for values of Mi which
are larger (above around few tenths, see appendix A) than those needed for the validity of eq. (14).

Few straightforward manipulations, reported for completeness in appendix B, allow us to com-
pute eq. (22) analytically in the �Mi ⌧ Mi limit of eq. (21). The result is the familiar �2 formula

t ' �2 =
N

X

i,j=1

(M0

i � Oi)(⌃
�1

tot

)ij(M
0

j � Oj) , ⌃
tot

= ⌃M + ⌃⌫ , (23)

where the total covariance matrix ⌃
tot

is the sum of statistical (⌃M) and systematical (⌃⌫) errors.
Let us discuss them in turn. The statistical error is the variance of the Poisson distribution in each
bin, evaluated at the central value of the nuisance parameters ~⌫ = ~⌫

0

, i.e.

(⌃M)ij = M0

i �ij . (24)

Obviously it is diagonal, since statistical errors are uncorrelated. The systematical component de-
pends on the nuisance covariance matrix V and on how sensitive the Mi’s are to nuisance departures
from the central value. It is given by a formula

(⌃⌫)ij =


X

â,ˆb=1

@âM
0

i Vâˆb@ˆbM
0

j , (25)

which seems, at first sight, complicated to apply in a concrete analysis where often neither V nor the
functional dependence of ~M on ~⌫ are known explicitly. However by the standard error propagation
formula we can rewrite it as

(⌃⌫)ij =

Z

d⌫ L~⌫ · (Mi(~⌫) � M0

i )(Mj(~⌫) � M0

j ) = E
⇥

(Mi � M0

i )(Mj � M0

j )
⇤

, (26)

where “E” denotes the expectation value over the nuisance parameters, treated here as random
variables with p.d.f. L~⌫ . By sampling the ~⌫-space with weight L~⌫ , computing ~M by means of
simulations and taking averages, ⌃⌫ is easily obtained with no need of determining V and @âMi as
an intermediate step.8

Having expressed t(~s, ~�; ~O ) analytically by the �2 formula, we should now minimise it over
the additional signal components �i � 0, as prescribed by eq. (16). While this minimisation
will in general be performed numerically, it is important to get an analytical understanding of

8A similar logic can be applied to M0

i , which is equal to E[Mi]. However the approach of first computing ~⌫
0

as
the maximum of L~⌫ and next using it to obtain the M0

i ’s is probably more convenient.
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the dependence of t on ~�, the way it emerges from the various elements that compose the �2

formula (23). The first element is M0

i , which is given by

M0

i = µSi(~⌫0

) + Bi(~⌫0

) + �i , (27)

having made use of eq. (18) to restrict the signal to the one predicted by our model in terms of the
unique signal-strength parameter µ. The Mi’s depend on ~�, but in a trivial (additive) manner.
The terms S0

i and B0

i are of course independent of ~� and thus they can be computed once and for
all by setting the nuisance parameters to their central values. For the nuisance that correspond to
instrumental e↵ects (e.g., trigger or reconstruction), this amounts to perform one single signal and
background simulation with the nuisance set to their nominal values. For nuisance associated with
backgrounds, it amounts to compute the background at the central value obtained from the fit in
the control regions. The dependence on µ of the signal is included by rescaling the benchmark
simulation. The second element we need in the �2 formula is ⌃⌫ which, importantly enough, is
independent of ~�. This being the case is obvious from its definition, but also from rewriting eq. (26)
explicitly as

(⌃⌫)ij = µ2 E[(Si � S0

i )(Sj � S0

j )] + µ E[(Si � S0

i )(Bj � B0

j ) + i $ j]

+E
⇥

(Bi � B0

i )(Bj � B0

j )
⇤

. (28)

This equation allows us to compute ⌃⌫ as a function of the signal strength parameter by sampling
the nuisance space as previously explained. Together with eq. (27), it provides us with t as function
of µ and ~�. After minimising over ~� we obtain t

min

(µ; ~O) and in turn µ
exc

by solving eq. (19).
The minimisation of t will have to be performed numerically, but this does not pose any con-

ceptual di�culty as the �2 is an infinitely di↵erential function of ~�. The procedure can however be
rather slow because each function call requires the inversion of ⌃

tot

, which depends on ~� through
⌃M. A considerable simplification is obtained by replacing eq. (23) with the “modified” �2 formula

t ' �2

mod

=
N

X

i,j=1

(M0

i � Oi)(⌃
�1

tot

)ij(M
0

j � Oj) , ⌃
tot

= ⌃O + ⌃⌫ , (29)

where ⌃O is the statistical error matrix computed with the observed countings rather than with
the expected ones. The logic behind this simplification is that Mi cannot be much di↵erent from
Oi, in the limit of high statistic, for configurations that are not trivially excluded. The modified
�2 is a simple quadratic function of ~�, which can minimised either analytically (though with
some complication due to the condition �i � 0) or numerically with a fast procedure since no ~�-
dependent matrix inversion is involved in the evaluation of the function. The modified �2 is known
to be a poor approximation of the exact one, that requires large statistics to become accurate. We
verify this fact explicitly with our toy example in appendix A. However eq. (29) is useful also when
the statistics is not large in order to get a first estimate of the location of the minimum in the
~�-space, to be used as a convenient starting point for the minimisation of the exact �2 formula.

2.2.3 Simplified likelihood

The limit-setting strategies outlined above require complete knowledge of the data and full control of
the sources of systematic uncertainty. Thus they must be carried on internally by the experimental
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Limits with Unknown Additional Signal

We identified four possible ways to proceed:
1. Full Story: Poisson likelihood with exact nuisance profiling

is thus at �i = 0, i.e. Mi = Si + Bi. The position of the minimum in the ~�-space and the
corresponding formula for t

min

are

[�i(~s,~⌫)]
min

=

(

Oi � Si(~⌫,~s ) � Bi(~⌫) , if Si(~⌫,~s ) + Bi(~⌫)  Oi

0 , if Si(~⌫,~s ) + Bi(~⌫) > Oi

,

+

t
min

= inf

~⌫

2

4

X

{Si+Bi>Oi}

2

✓

Si(~s,~⌫) + Bi(~⌫) � Oi � Oi log
Si(~s,~⌫) + Bi(~⌫)

Oi

◆

� 2 log
L~⌫

L~⌫
0

3

5 . (17)

The result is trivial for its simplicity. Over-fluctuating bins do not contribute to t
min

because for
them we set Mi = Oi. The very simple reason for this is that Oi � Si +Bi is perfectly compatible
with the hypothesis, the over-fluctuation of the observed being possibly due to some amount of
additional signal. Under-fluctuating bins do instead contribute to t

min

, and their contribution is
conservatively evaluated at �i = 0. Notice that in spite of the fact that they do not contribute
to t

min

, over-fluctuating bins are implicitly taken into account in our procedure. All the bins are
indeed counted in the number of degrees of freedom N of the �2 distribution by which compatibility
or incompatibility is established. An over-fluctuating (and thus perfectly compatible with the
hypothesis, as explained) bin does not contribute to t

min

but contributes to N and thus it increases
the p-value making the model more compatible with data as it should.

Having defined the test for a generic model, with arbitrary parton-level cross-section in each
bin, we can now straightforwardly restrict it to the model of interest, in which ~s depends on a single
signal-strength parameter µ as si(µ) = µ si.7 We just have to set, in eq. (17)

Si(~s,~⌫) = Si(~s(µ),~⌫) = µSi(~⌫) . (18)

We stress once again that this step does not require us to first compute ~S as a function of ~s and
next compute and plug-in ~s as a function of µ. Everything can be done in one step by simulating
the model with the benchmark value for its parameters, that corresponds to µ = 1, compute Si

and eventually rescale by µ. Once this is done, the substitution in eq. (18) makes t
min

become a
function of µ (and of the observations) only and the exclusion limit on µ, call it µ

exc

, is set by
solving the equation

p
exc.

(µ
exc

; ~O ) =

Z 1

t
min

(µ
exc

;

~O)

dt0 f�2

(t0; N) = 1 � ↵ , (19)

like for an ordinary hypothesis test.
We described the steps needed to apply our method in a rather pedantic manner, with the

purpose of outlining that it does not require more work than the standard LHC limit-setting
strategy. It requires signal simulations at di↵erent points of the ~⌫-space, in order to assess the
impact of nuisance on the signal, the determination of the backgrounds in control regions and the
numerical minimisation over the nuisance parameters. All these steps are equally necessary for a

7We are assuming here that there is no interference between the signal and the SM, otherwise the dependence of
s on µ is not just a rescaling. We will see in section 2.2.5 how to include interference in the discussion.
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2. Chi-Squared: Gaussian countings and nuisance (large stat.)

3. Simplified Likelihood:                   (good for reinterpretation) ⌃⌫ = ⌃B

4. Cross-section Measurements:

B0

i , will also be reported, while the evaluation of S0

i is again left to theory estimate. The potential
limitation of this method is that it relies on an accurate simulation of the detector-level signal
S0

i and, even worse, of ⌃S , if not negligible. In section 3 we will apply the simplified likelihood
method to the CMS mono-jet search, and we will argue that it should be reasonably accurate for
our purpose. Validation from a full-fledged EFT experimental analysis would however be welcome.

2.2.4 Cross-section measurements

The last case which is worth discussing is the one in which the experimental collaborations report, as
the result of the analysis, measurements of unfolded parton-level di↵erential cross-sections. When
accurate theoretical predictions of the SM backgrounds are available, this makes setting limits on
the EFT a very simple task. Clearly this approach is not applicable to DM searches, where the
background cannot be predicted.10 However it could be useful for other EFT studies such as the
ones proposed in refs. [26, 42]. The logic outlined in section 2.1 straightforwardly applies to cross-
section measurements. The signal ~S in eq. (4) represents now the parton-level EFT cross-sections
~�EFT, in N bins, computed within the EFT with the habitual E

cm

< M
cut

restriction. ~� is the
additional signal cross-section from reactions above the EFT cuto↵ and the observations ~O are the
measured cross-sections ~�m. The test statistic is just the �2

t(~S, ~�; ~O ) = �2 =
N

X

i,j=1

(~�EFT+ ~� +~b � ~�m)i⌃
�1

ij (~�EFT+ ~� +~b � ~�m)j , (31)

where ⌃ is the covariance matrix of the measurements. The SM background ~b is taken here to
be predicted with infinite accuracy, but of course it would not be hard to include the theory
uncertainties on the background prediction in the �2 formula by proceeding like in the previous
section. The test statistic is distributed as a �2 with N d.o.f., and it is very easy to maximise over
�i � 0, being just a quadratic function. The limit is thus set as a trivial application of eq. (9).

2.2.5 Dealing with interference

Until now we described our limit-setting strategy having implicitly (or even explicitly, see eq. (18))
in mind the case in which the EFT produces a phenomenon (e.g., DM production) that does not
occur in the SM. If this is the case, no quantum mechanical interference is present between the SM
and the EFT Feynman diagrams and a clear distinction can be made between the “background”
and the “signal”, to be further split into the proper EFT signal and the unknown additional signal
from high-energy reactions. Specifically, in DM mono-X searches the background is the complete
SM contribution to the E/ T distribution, emerging from SM processes with arbitrarily high E

cm

.
The signal is instead DM production from E

cm

< M
cut

, to be computed starting from the EFT
diagrams evaluated with the E

cm

< M
cut

restriction on the phase space. The additional signal is
the UV contribution to DM production.

Other interesting EFT’s are those that describe BSM e↵ects in the EW plus Higgs sector. These
EFT’s normally produce BSM corrections to processes that do occur also in the SM, and as such

10In principle, one might consider providing both a measurement of the E/ T distribution and a measurement of
the SM background from control regions. Addressing the feasibility of this strategy goes beyond the purpose of the
present article.
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The third assumption is that the countings are approximately Gaussian distributed, with mean
and variance Mi, so that the ~�-dependent test statistic in eq. (13) becomes

t(~s, ~�; ~O ) = inf

~⌫

(

N
X

i=1

(Mi � Oi)2

Mi
+ (~⌫ � ~⌫

0

)tV �1(~⌫ � ~⌫
0

)

)

. (22)

Poisson countings automatically become Gaussian in the large-Mi limit we already assumed in
eq. (15) in order to obtain a �2-distributed test statistic as in eq. (14). However the Gaussian
approximation for the Poisson distribution becomes accurate enough only for values of Mi which
are larger (above around few tenths, see appendix A) than those needed for the validity of eq. (14).

Few straightforward manipulations, reported for completeness in appendix B, allow us to com-
pute eq. (22) analytically in the �Mi ⌧ Mi limit of eq. (21). The result is the familiar �2 formula

t ' �2 =
N

X

i,j=1

(M0

i � Oi)(⌃
�1

tot

)ij(M
0

j � Oj) , ⌃
tot

= ⌃M + ⌃⌫ , (23)

where the total covariance matrix ⌃
tot

is the sum of statistical (⌃M) and systematical (⌃⌫) errors.
Let us discuss them in turn. The statistical error is the variance of the Poisson distribution in each
bin, evaluated at the central value of the nuisance parameters ~⌫ = ~⌫

0

, i.e.

(⌃M)ij = M0

i �ij . (24)

Obviously it is diagonal, since statistical errors are uncorrelated. The systematical component de-
pends on the nuisance covariance matrix V and on how sensitive the Mi’s are to nuisance departures
from the central value. It is given by a formula

(⌃⌫)ij =


X

â,ˆb=1

@âM
0

i Vâˆb@ˆbM
0

j , (25)

which seems, at first sight, complicated to apply in a concrete analysis where often neither V nor the
functional dependence of ~M on ~⌫ are known explicitly. However by the standard error propagation
formula we can rewrite it as

(⌃⌫)ij =

Z

d⌫ L~⌫ · (Mi(~⌫) � M0

i )(Mj(~⌫) � M0

j ) = E
⇥

(Mi � M0

i )(Mj � M0

j )
⇤

, (26)

where “E” denotes the expectation value over the nuisance parameters, treated here as random
variables with p.d.f. L~⌫ . By sampling the ~⌫-space with weight L~⌫ , computing ~M by means of
simulations and taking averages, ⌃⌫ is easily obtained with no need of determining V and @âMi as
an intermediate step.8

Having expressed t(~s, ~�; ~O ) analytically by the �2 formula, we should now minimise it over
the additional signal components �i � 0, as prescribed by eq. (16). While this minimisation
will in general be performed numerically, it is important to get an analytical understanding of

8A similar logic can be applied to M0

i , which is equal to E[Mi]. However the approach of first computing ~⌫
0

as
the maximum of L~⌫ and next using it to obtain the M0

i ’s is probably more convenient.
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the dependence of t on ~�, the way it emerges from the various elements that compose the �2

formula (23). The first element is M0

i , which is given by

M0

i = µSi(~⌫0

) + Bi(~⌫0

) + �i , (27)

having made use of eq. (18) to restrict the signal to the one predicted by our model in terms of the
unique signal-strength parameter µ. The Mi’s depend on ~�, but in a trivial (additive) manner.
The terms S0

i and B0

i are of course independent of ~� and thus they can be computed once and for
all by setting the nuisance parameters to their central values. For the nuisance that correspond to
instrumental e↵ects (e.g., trigger or reconstruction), this amounts to perform one single signal and
background simulation with the nuisance set to their nominal values. For nuisance associated with
backgrounds, it amounts to compute the background at the central value obtained from the fit in
the control regions. The dependence on µ of the signal is included by rescaling the benchmark
simulation. The second element we need in the �2 formula is ⌃⌫ which, importantly enough, is
independent of ~�. This being the case is obvious from its definition, but also from rewriting eq. (26)
explicitly as

(⌃⌫)ij = µ2 E[(Si � S0

i )(Sj � S0

j )] + µ E[(Si � S0

i )(Bj � B0

j ) + i $ j]

+E
⇥

(Bi � B0

i )(Bj � B0

j )
⇤

. (28)

This equation allows us to compute ⌃⌫ as a function of the signal strength parameter by sampling
the nuisance space as previously explained. Together with eq. (27), it provides us with t as function
of µ and ~�. After minimising over ~� we obtain t

min

(µ; ~O) and in turn µ
exc

by solving eq. (19).
The minimisation of t will have to be performed numerically, but this does not pose any con-

ceptual di�culty as the �2 is an infinitely di↵erential function of ~�. The procedure can however be
rather slow because each function call requires the inversion of ⌃

tot

, which depends on ~� through
⌃M. A considerable simplification is obtained by replacing eq. (23) with the “modified” �2 formula

t ' �2

mod

=
N

X

i,j=1

(M0

i � Oi)(⌃
�1

tot

)ij(M
0

j � Oj) , ⌃
tot

= ⌃O + ⌃⌫ , (29)

where ⌃O is the statistical error matrix computed with the observed countings rather than with
the expected ones. The logic behind this simplification is that Mi cannot be much di↵erent from
Oi, in the limit of high statistic, for configurations that are not trivially excluded. The modified
�2 is a simple quadratic function of ~�, which can minimised either analytically (though with
some complication due to the condition �i � 0) or numerically with a fast procedure since no ~�-
dependent matrix inversion is involved in the evaluation of the function. The modified �2 is known
to be a poor approximation of the exact one, that requires large statistics to become accurate. We
verify this fact explicitly with our toy example in appendix A. However eq. (29) is useful also when
the statistics is not large in order to get a first estimate of the location of the minimum in the
~�-space, to be used as a convenient starting point for the minimisation of the exact �2 formula.

2.2.3 Simplified likelihood

The limit-setting strategies outlined above require complete knowledge of the data and full control of
the sources of systematic uncertainty. Thus they must be carried on internally by the experimental
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CMS DM Mono-jet Reinterpretation

Figure 2: Limits in the m
DM

-M⇤ plane at fixed M
cut

(left panel) and g⇤ (right panel), obtained from
the reinterpretation of ref. [32]. The dashed lines on the right plot represent the boundaries of the
theoretically forbidden region 2 m

DM

> M
cut

= g⇤M⇤ at fixed g⇤. In this region, DM production
never occurs within the range of validity of the EFT and no limit can be set. The meaning of the
“Pure EFT” line on the left plot is explained in the text.

where L = 12.9 fb�1 is the nominal integrated luminosity and ✏i is the e�ciency in each bin.
E�ciencies are calculated as interpolating functions in the m

DM

-M
cut

plane, using the 7 ⇥ 7 grid of
simulations described above. This allows a fast exploration of the parameter space.

The last step is the minimisation of the �2 over the unknown additional signal components
�i � 0. Out of �2

min

= t
min

one obtains the ↵ = 95% limit by solving eq. (19). What plays the role
of the signal strength µ here is 1/M4

⇤ , therefore the upper exclusion limits on µ will be reported
as lower limits, M exc

⇤ , on the e↵ective interaction scale M⇤. The minimisation of �2 is performed
numerically, using as staring point of the minimisation algorithm the minimum of the modified
�2 in eq. (29). Being a quadratic function, the location of the minimum of �2

mod

can be obtained
analytically and it is found to be a very good approximation of the true one. The result of this
procedure is shown in figure 2 in the m

DM

-M⇤ plane at fixed M
cut

(left panel) and g⇤ (right panel).
On the left plot, all the points below the curves are excluded, while in the one on the right what is
excluded is the interior of the curves. This peculiar behaviour [24] is due to the fact that at fixed
g⇤ (see eq. (35)) low values of M⇤ correspond to small M

cut

and the analysis is not sensitive to very
small M

cut

because of the E/ T > 200 GeV cut (see eq. (37)) on the signal region.
The meaning of the black curve on the right panel of figure 2, labeled as “Pure EFT” needs to

be explained. The statistical treatment of the unknown additional signal, which eventually led us to
our limit-setting strategy, aims at taking rigorously into account the possible contamination of the
EFT signal due to high-energy DM production, occurring and E

cm

> M
cut

. However it legitimate
to assume that high-energy contributions are small or absent, for instance because the mass of the
mediator particles, and in turn the EFT cuto↵, is above the total LHC energy of 13 TeV.12 Under

12Actually it is legitimate to assume M
cut

> 13 TeV only if M⇤ & /4⇡ = 1 TeV, since M
cut

. 4⇡M⇤ by per-
turbativity. Given that M⇤ = 1 TeV is right at the boundary of the region that can be excluded by the analysis,
M

cut

> 13 TeV is a rather marginal configuration. However the considerations that follow also apply to mediators

21

we encounter if we consider very large (positive) values for the additional signal �i, much above
the µSi contribution from the EFT and the observed Oi. In this configuration, the total expected
is much larger than the observed and the model is in tension with observations for any value of
µ. Moreover the likelihood is nearly constant in µ because µSi ⌧ �i, therefore the likelihood
divided by its maximum is nearly 1, i.e. t ' 0, and the signal-strength-based test returns perfect
compatibility. Thus a signal-strength-based test cannot be applied in the presence of additional
signal because the minimisation of t over ~� would always return t

min

= 0, with the minimum
reached at ~� ! 1.

3 CMS mono-jet search reinterpretation

As a simple example of DM EFT, we consider DM being a Majorana particle � in the singlet of
the EW group. If DM (with mass m

DM

) is the lightest particle of its sector, and for energies below
the mass “M

med

” of the other new particles (where M
med

� m
DM

), its interactions with the quarks
are universally described by a set of d = 6 e↵ective operators

L
int

=
1

M2

⇤

X

i

ciOi , (33)

classified in ref. [10]. The e↵ective operator Wilson coe�cients are conveniently parametrised in
terms of dimensionless parameters ci and of an overall interaction scale M⇤. The latter scale should
not be confused with the EFT cuto↵ M

cut

or with the mass M
med

of the heavy particles mediating
the quark-DM interaction. In order to avoid confusion it would have been convenient to trade it for
a parameter G⇤ ⌘ 1/M2

⇤ , analog to the Fermi constant. We will nevertheless adopt the standard
notation and use M⇤ instead. A comprehensive study of all the operators in eq. (33) would be
interesting, and straightforward with our methodology. However for the sake of simplicity we
restrict here to a single axial-axial operator

L
int

= � 1

M2

⇤
(X�µ�5X)(

X

q

q̄�µ�5q) , (34)

where q runs over the six species of SM quarks. This specific operator is not particularly motivated
from a BSM perspective, still it has been extensively studied in the literature and several mediator
models have been proposed for its microscopic origin. References can be found in [24].

The EFT we will study is thus endowed with a 3-dimensional parameter space, the parameters
being the DM mass m

DM

, the interaction scale M⇤ and the cuto↵ of the EFT M
cut

. The latter
should be regarded and treated, for all practical purposes, as one of the free parameters of the
EFT [24]. Notice that there is no way to define rigorously M

cut

, nor to get a hint of its value,
before the UV-completion is specified. This is why it is important to treat it as a free parameter
and show how the limits change as a function of M

cut

. Qualitatively, M
cut

is of the order of the
mass of the mediator particles, M

med

, but it does not necessarily coincides with that. M
cut

is the
maximal energy at which the EFT predictions resemble those of the UV model, and thus it will
typically have to be taken slightly below M

med

. Deciding how much below, and thus choosing
the relevant M

cut

exclusion contour among the ones we will draw, is left to model-builders aimed
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mDM [GeV] 1 100 200 400 600 800 1000

�̄ [pb] 25 16 11 5.1 2.6 1.3 0.68

Table 1: Total DM pair-production cross-section, for M⇤ = 1 TeV at the 13 TeV LHC.

at using our results to set limits on their specific UV model. On top of displaying limits in the
m

DM

-M⇤ plane at fixed M
cut

, one can also visualise exclusions at fixed g⇤, with g⇤ defined as

G⇤ =
1

M2

⇤
=

g2

⇤
M2

cut

. (35)

The advantage is that g⇤ ranges in a finite domain because basic perturbativity considerations
require g⇤ . 4⇡ and g⇤ 6⌧ 1 is expected for WIMP-like DM [24].

In what follows, limits are derived on this specific EFT by re-interpreting the CMS 13 TeV
mono-jet search [32], for which the Simplified Likelihood is available, as an application of the
methodology developed in the previous section.

3.1 Signal simulation

We simulated the DM production signal with MadGraph 5 [44], interfaced with PYTHIA 6 [45]
for showering and hadronization and with Delphes [46] for the simulation of the detector response.
DM pair-production pp ! �� is simulated with up to two parton-level jets in the final state and the
resulting event samples are combined by the MLM showering/parton-level matching implemented
in MadGraph. The e↵ective operator scale has been set to M⇤ = 1 TeV and seven simulations have
been performed at the m

DM

points listed in table 3.1. The values reported in the table represent
the total production cross-section, inclusive in the number of jets, with no cuts.

In a conventional BSM search, the only cuts to be imposed on the generated event sample would
be those related with trigger, acceptance and selection that define the search region employed in
the experimental analysis.11 For an EFT-based signal instead, the E

cm

< M
cut

restriction must
also be put in place and the question arises of how the center of mass energy E

cm

should be
concretely defined. If the signal was uniquely associated to a single parton-level hard process we
would naturally define E

cm

as the center of mass energy of that partonic process. If for instance
the signal was entirely produced by pp ! ��j, E

cm

would be the total DM-pair plus parton-level
jet invariant mass. Extra low-pT jets emitted by parton showering must be excluded from the
calculation of E

cm

because those emissions are low virtuality QCD processes, whose occurrence
does not invalidate the accuracy of the EFT prediction. While pp ! ��j is indeed the dominant
process in our sample, after restricting it to the mono-jet search region, the contribution from other
partonic configurations is not completely negligible and a more refined definition of E

cm

is needed.
This is constructed by noticing that the purpose of matching algorithms is precisely to distinguish
hard jet emissions, that do contribute to E

cm

, from soft ones that do not. The definition of E
cm

is particularly straightforward to construct within the MLM matching algorithm [47], because this

11 In our case [32], the cut that define the signal region are E/ T > 200 GeV, pT > 100 GeV and |⌘| < 2.5 for the
leading jet in pT .
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Conclusions

• EFT’s can be also used under extreme conditions where
1. Beyond-cutoff effects can be large
2. Center-of-mass energy not experimentally detectable

• Our dedicated stat. method only needed in these extreme cases 

• No assumption whatsoever made on beyond-cutoff contribution
Hence limits always weaker than those for            , even if Mcut=1�i=0
Whenever possible, standard limit-setting should performed


