arXiv:0904.0128v2 [hep-ph] 2 Apr 2009

Stochastic resolution of the LHC inverse problem

Csaba Balázs^∗ School of Physics, Monash University, Melbourne Victoria 3800, Australia

Dilani Kahawala^† Jefferson Physical Laboratory, Harvard University, Cambridge Massachusetts 02138, USA

(Dated: March 31, 2009)

In this work the LHC inverse problem is quantified in the Bayesian context by clarifying the relation between the mapping from the theory parameter space to experimental signature space and the inverse map. We demonstrate that, after complementing the LHC data by existing astrophysical, collider, and low energy measurements, a simple likelihood analysis is able to significantly reduce the inverse problem. The presented approach offers a robust, economical, and extendable way to extract theoretical parameters from the LHC, and other experimental, data.

PACS numbers: 12.60.Jv,14.80.Ly,95.35.+d

I. INTRODUCTION

The CERN Large Hadron Collider (LHC) will soon start colliding protons at 14 TeV center of mass energy. The LHC data is expected to shed light on the origin of mass of elementary particles, and discover precursors of a wider theory beyond the standard particle model (SM). Whatever this new theory might be, it is expected to be described by a Lagrangian having several unknown parameters. Our goal is the extraction of these theoretical parameters from experimental data.

The feasibility of this goal was studied quantitatively within the context of the minimal supersymmetric standard model (MSSM) in Ref. [1]. The authors found that a significant proportion of LHC signatures map to the theoretical parameter space with a large uncertainty. They isolated pairs of points located relatively far from each other in the MSSM parameter space producing indistinguishable LHC signals. This implies that the LHC would not be able to resolve certain model parameter regions with sufficient precision. The difficulty was coined as the LHC inverse problem.

Meanwhile, the task of parameter extraction has been attacked from another direction. Numerous authors perform global fits of supersymmetric models using presently available experimental data [2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15]. These global analyses typically evaluate the likelihood of certain experimental outcomes assuming the constrained version of the MSSM as the theoretical model, spanned by a few parameters. The calculated likelihoods determine the probability distributions of each of the theoretical parameters through marginalization. Even though this procedure maps the signature space to the theoretical parameter space, so far there has been no explicit connection established with the inverse

∗Electronic address: Csaba.Balazs@sci.monash.edu.au †Electronic address: kahawala@physics.harvard.edu

problem.

In this work, we point out that the inverse problem can be rigorously quantified, and simply connected to the likelihood analyses within the framework of Bayesian probability theory. First, we quantify a map from signature to theory space by introducing the probability that the theoretical parameters are restricted to certain ranges by a given set of experimental data. Then, we represent the map from theory to signature space by the likelihood that a certain set of data is predicted by a theory with a given set of parameters. Since Bayes’ theorem explicitly connects the two probabilities, the stochastic framework offers us a robust way to attack the inverse problem. Utilizing this statistical formulation, we demonstrate a simple way in which the inverse problem can be substantially reduced by using results from the LHC and other colliders, electroweak precision experiments, rare b-decays, and various astrophysical observations.

II. THE INVERSE PROBLEM IN THE STOCHASTIC FRAMEWORK

In this section, we recapture the problem of theoretical parameter extraction within the context of probability theory. We begin by defining a mapping from the experimental signature space to the theoretical parameter space. In the context of the inverse problem this is referred to as the inverse map.

Given a theoretical model T and a set of experimental data D, we introduce the probability P(P |T ; D) that the theoretical model describes the data with the theory parameters set to values P . In the theory of probabilities P(P |T ; D) is known as the conditional probability of the occurrence of P provided that T is assumed while D holds. According to Bayes’ theorem, this probability can be simply calculated as P(P |T ; D) = P(D|T ; P ) P(T ; P ) P(D) . (1)

Here P(D|T ; P ) is the likelihood that a certain set of data is predicted by a theoretical model with a specified set of theory parameters. The probability P(T ; P ) gives the a-priori distribution of the parameters within the theory, fixed by only theoretical considerations independently from the data. Finally, the evidence P(D) gives the integrated likelihood of the theory T in terms of the data alone. From unitarity it follows that P(D) = ∫ P(D|T ; P )P(T ; P )dP, (2) where the integral extends over the whole parameter space, P = p_1, ..., p_n, of the theory.

The likelihood function P(D|T ; P ) maps forward, from the theory space to the signature space. If the data under consideration are independent (as in our case) P(D|T ; P ) factorises as: P(D|T ; P ) = ∏ i L_i(D|T ; P ), (3) where the product is over i different experiments with L_i corresponding to the the i^{th} likelihood function. Each term in the product is formed as a convolution L_i(D|T ; P ) = L_{i,e}(D) ⊗ L_{i,t}(T ; P ). (4) If the experimental data and theoretical predictions are normally distributed then L_{i,e} and L_{i,t} are Gaussians and L_i(D|T ; P ) = 1 √ 2πσ_i exp(χ^2_i (D, T, P )/2). (5)

The exponents of the likelihood functions

χ^2_i (D, T, P )/2 = (d_i − t_i(P ))^2/2σ^2_i (6)

are defined in terms of the experimental data D = {d_i ± σ_{i,e}} and theoretical predictions for these measurables {t_i ± σ_{i,t}}. Independent experimental and theoretical uncertainties combine into σ^2_i = σ^2_{i,e} + σ^2_{i,t}.

In cases when the experimental data only specify a lower (or upper) limit, the likelihood function can be written in terms of the error function P_i(D|T ; P ) = 1 2 erf( √ χ^2_i (D, T, P )/2). (7)

In the stochastic context the task of theoretical parameter extraction, the inverse mapping from signature space to parameter space, boils down to the determination of the posterior probability distribution P(P |T ; D) describing the probability that the parameters of a given theory have certain values in light of a certain set of data. This can be calculated by evaluating the right hand side of Bayes’ theorem. A parameter is well determined by the data if the variance of the P(P |T ; D) distribution is small. This means that, the inverse problem can be quantified in terms of the likelihood function, the theoretical prior and the experimental evidence.

To quantify the inverse process we introduce a quantity called the experimental differentiating power, which ties the inverse map to the forward map via Bayes’ theorem. Given two points P_1 and P_2 in the parameter space of a theory, we define the experimental differentiating power in terms of the ratio of the prior probabilities:

D = 1 − P(P_1|T ; D)/P(P_2|T ; D), (8)

where we can always arrange that 0 ≤ P(P_1|T ; D) ≤ P(P_2|T ; D) ≤ 1 ensuring 0 ≤ D ≤ 1. Regardless of the form of the theoretical prior P(T ; D) and the experimental evidence P(D), the above discriminator can be expressed, via Bayes’ theorem, as

D = 1 − P(D|T ; P_1)/P(D|T ; P_2). (9)

According to Eq.(9), if the theory at parameter point P_1 fits the data just as well as at point P_2, then the data has little differentiating power between the two model points. Conversely, D can only be large if the data significantly prefer P_2 over P_1, that is if P(D|T ; P_2) ≫ P(D|T ; P_1). As formulated in Eq.(9), D gives the combined differentiating power of all experiments in the product of Eq.(3). We could also calculate the differentiating power of a single experiment D_i by including only the i^{th} term in evaluating P(D|T ; P ) in Eq.(3). In the next section, we show that D is, indeed, a robust discriminator in the case of the MSSM and it can be used to significantly reduce the degeneracy in the inverse map.

III. THE INVERSE PROBLEM IN THE MSSM

In this section, we illustrate the discrimination power of the Bayesian approach using the MSSM. The authors of Ref. [1] found that out of 43026 randomly selected model points 283 pairs had indistinguishable LHC signatures. Since they were using discrete experimental data (such as number of jets, etc.), the D values that they could have calculated are only 0 or 1. Their indistinguishable pairs represent models where the differentiating power of the LHC data vanishes.

Of these 283 pairs, 162 were analyzed by the authors of [32, 33] to determine the capability of the International Linear Collider (ILC) to resolve the inverse problem. Assuming a center of mass energy of 500 GeV, only one third (57) of the pairs were found to be distinguishable at 5 σ confidence level.

We start with the 283 degenerate MSSM model pairs of Ref. [1] and observe that they consist of 384 unique model points. This implies that some of the models had more than one degenerate partner, indicating that there were larger degenerate groups of models. In the population of 384 models we determine the degeneracy groups, such that one model only belongs to just one group, every model within a group is degenerate with every other model within the group, and no model in any group is degenerate with a model in a different group. We then find

TABLE I: Observables used to reduce the inverse problem in the MSSM. Experimental results are listed under column di ±σi,e, and typical uncertainties related to the MSSM calculations are under σi,t.

observable limit type di ± σi,e σi,t lightest Higgs mass m_h lower limit 91.0 - 114.4 GeV [16] 3.0 GeV [17] lighter chargino mass m~_{W1} lower limit 103.5 GeV [18] 1.0 GeV [19] electroweak precision parameter Δρ0 central value (4.0^{+8.0}_{−4.0} ) × 10^{−4} [20] negligible muon anomalous magnetic moment Δaμ central value (29.0 ± 9.0)×10^{−10} [21] negligible rare b-decay branching fraction B(b → sγ) central value (3.50 ± 0.17)×10^{−4} [22] 10 % [23] rare b-decay branching fraction B(Bs → μ^+μ^−) upper limit 4.7 ×10^{−8} [24] 10 % [25] average abundance of dark matter Ωh^2 upper limit 0.1143 [26] 10 % [27] spin independent WIMP-proton elastic recoil σSI upper limit CDMS 2008 [28] 20 % [29] gamma ray emission flux from the galactic center Φ^{GC}_γ upper limit 1.0 ×10^{−10} [30] 100 % [31]

all possible pairings of models within a particular degeneracy group. This allows us to increase our population of model pairs from 283 to 802 degenerate pairs.

For our 802 model pairs, we calculate the discriminator D utilizing experimental data beyond the LHC. We select measurables from a wide range of experiments: collider limits on particle masses, precision electroweak observables, rare decay branching fractions, and astrophysical observations. All this experimental data is available now as indicated in TABLE I.

The theoretical model predictions, as the function of the MSSM soft parameters t_i(P ), were calculated using a modified version of ISATools and micrOMEGAs [27] software packages. (In this work, we only show results from micrOMEGAs.) In both cases ISAJET 7.71 [19] was used to calculate the physical mass spectrum without two-loop corrections to exactly match the spectrum of Ref.s [1, 32, 33].

In FIG. 1, we show the individual discrimination power of D for several different observables. In each frame only a single observable (one term) is used in the likelihood functions defining D, in correspondence with TABLE I.

The first two frames of FIG. 1 show D for mass limits from colliders. According to the Higgs masses calculated by ISAJET 7.71 the original sample contained a few models that did not respect the LEP Higgs mass limit. These were eliminated, at varying confidence level, by the term of the likelihood function containing m_h. Similarly, the second frame indicates that a few model points are excluded based on the mass limit on the lighter chargino from LEP. When these models are paired with others the discrimination power D is very close to 1.

The two subsequent frames show D for electroweak precision variables. Frame 3 of FIG. 1 reflects on the weak discrimination power of Δρ_0: the degeneracy is broken by Δρ_0 in only a small fraction of model pairs at a high confidence level, and the discrimination power vanishes for most of the models. As frame 4 of the figure shows, the anomalous magnetic moment of the muon clearly discriminates between about 100 models but its discrimination power diminishes for about half of the pairs. This might be the result of biased selection. The 384 MSSM model points were selected from a parameter region that can be probed by the LHC, that is from a region where superpartner masses are bounded from above. Present collider lower limits on superpartner masses were also enforced on the sample, so superpartner masses fall into a relatively narrow window. In this window, we expect moderate supersymmetric contributions to a_μ, which accounts for a moderate discrimination power.

The next two frames of FIG. 1 show the discrimination power of two rare b-decay branching fractions B(b → sγ) and B(B_s → μ^+μ^−). These tell a similar story to that of Δa_μ. Here B(B_s → μ^+μ^−) appears to be excellent discriminator mostly because the supersymmetric contribution to it varies sensitively with tan β, the ratio of the two Higgs vacuum expectation values. (A similar conclusion was reached in [34].) This sharp variation results in a clean discrimination in model pairs where one of the points has high and the other low tan β.

The discriminating power of the relic abundance of neutralinos, featured in frame 7, is also sharp. Although Ωh^2 can differentiate between only a quarter of the pairs it differentiates at high confidence levels. This is because the theoretical prediction for Ω_{Z̃1} tends to vary quickly (relative to the uncertainty in Ω) over the parameter space.

The upper limit on the spin independent WIMPproton elastic recoil cross section, shown in frame 8, is able to split a few models but its discrimination is not particularly high. This is reflecting the well known fact that the direct detection experiments just started to become sensitive to the MSSM parameter space. Also, the calculation of the direct detection cross section has a sizable uncertainty softening discrimination in this case.

The last frame of FIG. 1 shows gamma ray emission flux Φ^{GC}_γ from the galactic center as a promising discriminator. Even with a 100 % theoretical error, a considerable number of the model pairs are discriminated with a high confidence. This discrimination strongly depends on the dark matter halo profile used in the calculation of the

FIG. 1: Discrimination power of various observables for the case of the MSSM. The number of model pairs plotted against the discriminator D = 1 − P(D|T ; P1)/P(D|T ; P2). Only one observable (a single term) is used in the likelihood functions P in each frame.

gamma ray flux (we use the popular NFW profile [35]). A conclusion quantitatively similar to ours was reached by the authors of Ref. [31] using the same profile.

Based on the discrimination power of D for the individual cases, we already see that the combination of the set of the nine selected experiments can result in potentially strong discrimination. This is indeed the case, when we calculate the combined differentiating power of all experiments using Eq.(9). Our final result can be simply summarized: out of the 802 model pairs 799 are distinguished at higher than 99.999 % confidence level and only one of the model pairs cannot be resolved at better than 65 % confidence level. In conclusion, we can state that as far as the examined sample is concerned the inverse problem is resolved by our analysis.

Assuming that the original set of 43026 model points was a representative sample, we expect that a more elaborate and higher statistics scan will lead to the same qualitative conclusion. Even if, applying our approach to a higher statistics sample, one finds a higher number of degenerate model pairs our method allows for straightforward inclusion of more data. This is important, because near future data from the Tevatron, the LHC, (in)direct detection of dark matter, b-physics and astrophysical observation will be even more constraining on supersymmetry and provide a higher level of discrimination.

IV. CONCLUSIONS

In this work we quantified the LHC inverse problem in the context of the Bayesian probability theory. We constructed a robust discriminator, from the ratio of likelihoods of an arbitrary model pair, which powerfully distinguished essentially all examined MSSM parameter points. To achieve this, we combined data from a range of collider, astrophysical, and low energy observables.

To reduce the inverse problem for a general theory, all available experimental information should be included. The stochastic analysis presented above allows us to achieve this. In the context of our analysis the differentiating power of all, or any individual, experiments can be simply quantified in terms of confidence levels. While we treated all experiments on the same footing, weighting can easily be introduced.

Acknowledgments

We thank the authors of Ref. [33] for providing us with the mass spectrum of the 283 degenerate pairs from Ref. [1]. We also thank D. Carter, H. Georgi, F. Wang, and M. White for invaluable discussions on various aspects of the likelihood analysis. This research was funded in part by the Australian Research Council under Project ID DP0877916.

[1] N. Arkani-Hamed, G. L. Kane, J. Thaler, and L.-T.

Wang, JHEP 08, 070 (2006), hep-ph/0512190. [2] H. Baer and C. Balazs, JCAP 0305, 006 (2003), hepph/0303114.

[3] J. R. Ellis, K. A. Olive, Y. Santoso, and V. C. Spanos, Phys. Rev. D69, 095004 (2004), hep-ph/0310356.

[4] J. R. Ellis, S. Heinemeyer, K. A. Olive, and G. Weiglein, JHEP 02, 013 (2005), hep-ph/0411216.

[5] J. R. Ellis, S. Heinemeyer, K. A. Olive, and G. Weiglein, JHEP 05, 005 (2006), hep-ph/0602220.

[6] O. Buchmueller et al., JHEP 09, 117 (2008), 0808.4128. [7] B. C. Allanach and C. G. Lester, Phys. Rev. D73, 015013

(2006), hep-ph/0507283.

[8] B. C. Allanach, Phys. Lett. B635, 123 (2006), hepph/0601089.

[9] B. C. Allanach, K. Cranmer, C. G. Lester, and A. M.

Weber, JHEP 08, 023 (2007), 0705.0487. [10] F. Feroz et al., JHEP 10, 064 (2008), 0807.4512. [11] R. R. de Austri, R. Trotta, and L. Roszkowski, JHEP 05, 002 (2006), hep-ph/0602028.

[12] L. Roszkowski, R. R. de Austri, and R. Trotta, JHEP 04, 084 (2007), hep-ph/0611173.

[13] L. Roszkowski, R. Ruiz de Austri, and R. Trotta, JHEP 07, 075 (2007), 0705.2012.

[14] L. Roszkowski, R. R. de Austri, J. Silk, and R. Trotta, Phys. Lett. B671, 10 (2009), 0707.0622.

[15] R. Trotta, F. Feroz, M. P. Hobson, L. Roszkowski, and R. Ruiz de Austri, JHEP 12, 024 (2008), 0809.3792.

[16] S. Schael et al. (ALEPH), Eur. Phys. J. C47, 547 (2006), hep-ex/0602042.

[17] M. Frank et al., JHEP 02, 047 (2007), hep-ph/0611326. [18] G. Abbiendi et al. (OPAL), Eur. Phys. J. C35, 1 (2004), hep-ex/0401026.

[19] F. E. Paige, S. D. Protopopescu, H. Baer, and X. Tata (2003), hep-ph/0312045.

[20] C. Amsler et al. (Particle Data Group), Phys. Lett.

B667, 1 (2008).

[21] F. Jegerlehner and A. Nyffeler (2009), 0902.3360. [22] E. Barberio et al. (Heavy Flavor Averaging Group) (2008), 0808.1297.

[23] M. Misiak et al., Phys. Rev. Lett. 98, 022002 (2007), hep-ph/0609232.

[24] M. Artuso, E. Barberio, and S. Stone, PMC Phys. A3, 3 (2009), 0902.3743.

[25] A. J. Buras, P. H. Chankowski, J. Rosiek, and L. Slawianowska, Nucl. Phys. B659, 3 (2003), hep-ph/0210145.

[26] E. Komatsu et al. (WMAP) (2008), 0803.0547. [27] G. Belanger, F. Boudjema, A. Pukhov, and A. Semenov, Comput. Phys. Commun. 176, 367 (2007), hepph/0607059.

[28] Z. Ahmed et al. (CDMS), Phys. Rev. Lett. 102, 011301 (2009), 0802.3530.

[29] J. R. Ellis, K. A. Olive, and C. Savage, Phys. Rev. D77, 065026 (2008), 0801.3656.

[30] A. Morselli, A. Lionetto, A. Cesarini, F. Fucito, and P. Ullio (GLAST), Nucl. Phys. Proc. Suppl. 113, 213 (2002), astro-ph/0211327.

[31] B. Altunkaynak, M. Holmes, and B. D. Nelson (2008), 0804.2899.

[32] C. F. Berger, J. S. Gainer, J. L. Hewett, T. G. Rizzo, and B. Lillie (2007), 0711.1374.

[33] C. F. Berger, J. S. Gainer, J. L. Hewett, B. Lillie, and T. G. Rizzo (2007), 0712.2965.

[34] G. Isidori and P. Paradisi, Phys. Lett. B639, 499 (2006), hep-ph/0605012.

[35] J. F. Navarro, C. S. Frenk, and S. D. M. White, Astrophys. J. 462, 563 (1996), astro-ph/9508025.