arXiv:1305.0684v1 [physics.data-an] 3 May 2013

Super-linear scaling of offsprings at criticality in branching processes

A. Saichev and D. Sornette

Abstract

For any branching process, we demonstrate that the typical total number r_{mp}(ντ) of events triggered over all generations within any sufficiently large time window τ exhibits, at criticality, a super-linear dependence r_{mp}(ντ) ∼ (ντ)^γ (with γ > 1) on the total number ντ of the immigrants arriving at the Poisson rate ν. In branching processes in which immigrants (or sources) are characterized by fertilities distributed according to an asymptotic power law tail with tail exponent 1 < γ ⩽ 2, the exponent of the super-linear law for r_{mp}(ντ) is identical to the exponent γ of the distribution of fertilities. For γ > 2 and for standard branching processes without power law distribution of fertilities, r_{mp}(ντ) ∼ (ντ)^2. This novel scaling law replaces and tames the divergence ντ/(1−n) of the mean total number R̄_t(τ) of events, as the branching ratio (defined as the average number of triggered events of first generation per source) tends to 1. The derivation uses the formalism of generating probability functions. The corresponding prediction is confirmed by numerical calculations and an heuristic derivation enlightens its underlying mechanism. We also show that R̄_t(τ) is always linear in ντ even at criticality (n = 1). Our results thus illustrate the fundamental difference between the mean total number, which is controlled by a few extremely rare realizations, and the typical behavior represented by r_{mp}(ντ).

ETH Zurich Department of Management, Technology and Economics Scheuchzerstrasse 7, CH-8092 Zurich, Switzerland saichev@hotmail.com and dsornette@ethz.ch

1 Introduction

Our goal is to investigate the statistics of offsprings in a general class of branching processes, including the standard versions as well as processes in which the immigrants (or sources) are characterized by fertilities distributed according to an asymptotic power law tail with tail exponent γ > 1. Branching processes of interest are characterized by the so-called branching ratio n, defined as the average number of triggered events of first generation per source. Three regimes occur: subcritical (n < 1), critical (n = 1) and supercritical (n > 1). Here, we focus on the vicinity of the critical regime n = 1.

To make the presentation concrete, we consider a general class of branching processes, known as the Hawkes self-excited conditional Poisson process [1–4], which is the simplest Poisson process in which past events have the ability to trigger future events. Many works have been performed to characterize the statistical and dynamical properties of this class of models, with applications ranging from geophysical [5–12], medical [13] to financial systems, with applications to Value-at-Risk modeling [14], high-frequency price processes [15], portfolio credit risks [16], cascades of corporate defaults [17], financial contagion [18], and yield curve dynamics [19].

The paper is organized as follows. In section 2, we define mathematically the Hawkes branching model and present briefly the formalism of generating probability functions (GPF) that is useful for our purpose. We also define the mean total number R̄_t(τ) of events within a given time window (t, t + τ) and its main properties. Section 3 recalls useful results based on GPF and gives the general expression for the probability p(r; ντ) that the total number R_t(τ) of events within the time window (t, t + τ) is equal to a given integer r (R_t(τ) = r), as well as its asymptotic behaviors. Section 4 derives our main results by comparing the dependence of the mean versus the mode of the distribution p(r; ντ) as a function of the average number ντ of source events within a given window of duration τ. Section 4 contains both a generalization of the derivation of the linear scaling for the mean total number and the derivation, both rigorous and intuitive, of the super-linear scaling of the typical total number of events. Numerical calculations are presented, which illustrate and confirm the analytical results. Section 5 concludes.

2 Definitions and formalism

2.1 Definitions for the Hawkes self-excited conditional Poisson process

In mathematical terms, the Hawkes model is specified via its conditional Poisson intensity (or rate) λ(t|H_t, Θ), defined as the limit for small time intervals Δ of the probability that an event occurs between t and t + Δ divided by Δ, given the whole past history H_t, which is a function of the whole past according to λ(t|H_t, Θ) = ν(t) + ∑ i|t_i<t r_ih(t − t_i) , (1)

where the symbol Θ represents the set of parameters defined below. Here, ν(t) represents the external background sources occurring according to a Poisson process with intensity ν(t), which may be a function of time. The history H_t = {t_i}_{1⩽i⩽it, tit ⩽t<tit+1} corresponds to all the timestamps of all events that occurred before the present time t. The sum in expression (1) runs over all past events, spontaneous or triggered. Therefore, the Hawkes process is non-Markovian. However, it can be mapped exactly to a branching process, in the sense that each event can be tagged with its direct first-generation descendants, their first-generation descendants and so on. Aggregating all the Markov branches recovers the Hawkes process. It is important to realize that the mapping to a branching process is probabilistic, in the sense that a given genealogy has a probability weight and constitutes just one micro-realization equivalent to the whole history [20–23]. This mapping to a branching process can be rephrased as implying that each background event occurring at a rate ν(t) triggers, independently of each other, its “aftershocks” of first generation, each of them triggering also independently of each other their own descendants and so on, according to a branching process statistics.

Each event i that occurred at time t_i has a fertility r_i, defined as the expected number of events of first generation it can trigger. We assume that the distribution of these fertilities p_1(r) is such that its statistical mean r̄ exists. We refer to it as the branching ratio n ≡ r̄ = ∞∑ r=0 r · p_1(r) , (2)

which is defined as the average number of triggered events of first generation per mother event. In the following, we will assume a specific power law tail for p_1(r), the probability that the total number of first generation events triggered by a single given source is equal to r, in the form

p_1(r) ≃ κ Γ(−γ) · 1 r^{1+γ} , γ ∈ (1, 2) , r ≫ 1 . (3)

The condition γ > 1 ensures that the mean r̄ = n is finite. The other bound γ < 2 corresponds to the interesting regime where the variance of r is mathematically infinite, for which anomalous scaling occurs [24]. This regime γ < 2 is also the relevant one to describe earthquake triggering [25] and has been recently documented in the distributions of commits and lines of codes per developer in open-source software projects [26]. We will also discuss briefly how our results extend to the case γ > 2 and for pdf’s p_1(r) that are falling off at large r’s faster than power laws, such as exponentials or even distributions with compact support. In expression (3), the scale parameter κ obeys the inequality 0 < γκ < n, (n ⩽ 1) , (4) which ensures that 0 ⩽ p_1(0) ⩽ 1 and 0 ⩽ p_1(1) ⩽ 1, as seen from expression (6) below.

In the formulation of the Hawkes process (1), the influence of each past event to the intensity λ(t|H_t, Θ) is mediated by the memory function or bare kernel h(t − t_i), which quantifies the time-dependence of the triggering potential of a previous event that occurred at time t_i to produce a new event at time t. Specifically, r_ih(t − t_i) is the intensity (mean rate) of first generation offsprings (daughters) of a mother event i with average fertility r_i that occurred at time t_i. It follows from the time-dependent branching process theory that the intensity r_ih(t) is tied to the probability density function (pdf) f(t) of the random waiting times between the triggering event at time t_i and its triggered events of first generation at all possible future times t > t_i: h(t) = f(t). In other words, the parameterization chosen in expression (1) is such that h(t) is normalized: ∫_∞ 0 h(t)dt = 1.

Equivalent to the specification of the distribution p(r) of the random fertilities, we introduce the corresponding generating probability function (GPF) of the fertilities of first generation triggered events:

G_1(z) = ∞∑ r=0 p_1(r)z^r . (5)

We assume the form

G_1(z) = 1 − n(1 − z) + κ(1 − z)^γ + O[(1 − z)^2], γ ∈ (1, 2) , (6) where the expansion in (6) omits terms of order (1 − z)^2 and higher. Using the form (6), we have p_1(0) = 1 − n + κ, p_1(1) = n − γκ and

p_1(r) = κ · ( r − γ − 1 r ) , r > 1 , (7)

whose asymptotic for large r is given by expression (3).

In summary, the set of parameters involved in the Hawkes model, denoted by the symbol Θ, includes the branching ratio n that controls the average fertility of events, the parameters γ and κ of the pdf p_1(r), the time scale and exponent of the memory function h(t). The term ν(t) represents the external background sources occurring according to a Poisson process with intensity ν(t), which may be a function of time. All other events are triggered by previous events, either background sources or previously triggered events of earlier generations. Each event can in turn trigger their own offsprings. This gives rise to the existence of potentially many generations of events, depending on the value of the branching ratio n. The regimes n < 1, n = 1 and n > 1 are respectively called subcritical, critical and supercritical.

2.2 Definitions of mean numbers of events

The interpretation of the Hawkes process as the superposition of many independent branching processes has very useful consequences. Recall that the branching process representation means that one can reproduce exactly the same time series of events by considering that each first generation event triggered by some background source triggers independently its own first generation aftershocks (which are therefore second generation aftershocks of the initial background source) and so on. In other words, any aftershock triggers independently its own branching process, which is statistically identical to the branching process generated by any background event occurring with rate ν(t).

Under these assumptions, the generating probability function (GPF) G(z) of the total number R over all generations of the events triggered by some background source satisfies the transcendent equation (see, for instance [24]):

G(z) = G_1 [zG(z)] . (8)

This expression embodies the sum of triggered events over all branches and over all generations issued from a single external source.

In the language of GPF, the mean number of the first generation aftershocks, or branching ratio, is given by

n ≡ r̄_1 = dG_1(z) dz | | |_{z=1} , (9) which is equivalent to definition (2). Together with equation (8), one can easily show that the mean number of triggered events from one source over all generations is equal to R̄_t = dG(z) dz | | | |_{z=1} = n 1 − n . (10)

The divergence of the statistical average of the total number of triggered events as the branching ratio n approach the critical value 1 (one daughter per mother on average) is the symptom of the transition from the subcritical to the supercritical regime occurring at the critical value n_c = 1 of the branching ratio.

Let us now consider a time interval (t, t + τ) and investigate the statistics of the number R_t(τ) of events occurring within that window. In the following, we assume that the rate ν of exogenous background source events is constant. Then, the mean value of the number R̄_{source}(τ) of background sources within that window is equal to the rate ν of its generating Poisson point process multiplied by the window duration τ: R̄_{source}(τ) = ν · τ. Since each source event triggers independently its own aftershocks, with mean number given by expression (10), we thus obtain that the mean rate ν_{all} including sources and their aftershocks over all generations is equal to

ν_{all} = ν + ν_{aftershocks} = ν + ν · n 1 − n = ν 1 − n . (11)

Accordingly, the mean number R̄_t(τ) of all events occurring within (t, t + τ) is equal to R̄_t(τ) = ν_{all} · τ = ντ 1 − n . (12)

Notwithstanding the fact that R̄_t(τ) is infinite at n = 1, the process is still stationary, if the rate of arrival of the external sources is stationary. And it makes sense to discuss typical realizations with bounded numbers of events in any finite time window, as we show below. Indeed, the divergence of R̄_t(τ) is controlled by rare realizations weighed by a heavy power law tail such that its mean does not exist (exponent less than 1).

3 Statistics of windowed event numbers

3.1 Large window approximation and corresponding GPF We investigate the statistical properties of the number of events occurring within an arbitrary time interval (t, t + τ), in the limit where the window is sufficiently large, or the memory kernel h(t) is sufficiently short-range, such that the main contribution to the number of events in (t, t + τ) comes from the source events and their aftershocks that occur within that window. Under these conditions, without essential error, one can approximate the number of events occurring within (t, t + τ) that are triggered by each source in that window by their total number of triggered aftershocks. Note that the condition that τ should be sufficiently large, or h(t) should be sufficiently short-range, does not necessarily mean that the number of events within (t, t + τ) is large. Indeed, if ν is sufficiently small, then the mean value given by (12) may also be small, even in the near critical case n ≲ 1 and within the large window approximation. We have previously extensively studied the large window approximation and refer to the corresponding articles [12, 27, 28].

In mathematical language, this translates as follows. Consider the GPF Θ_{noise}(z) of the number of source events within (t, t + τ). Using the fact that these background source events follow a Poissonian statistics, we have

Θ_{noise}(z; τ) = e^{−ντ (1−z)} . (13)

Using the replacement z → z G(z) (14) in the r.h.s. of expression (13), where G(z) is the GPF of the total number of events triggered by some source event given by equation (10), we get the expression for the GPF of the total number of events of all generations in (t, t + τ) triggered by all sources before and within (t, t + τ):

Θ(z; τ) = e^{−ντ [1−zG(z)]} . (15)

3.2 Mathematical expression of the distribution p(r; ντ) of event numbers

Let us denote by p(r; ντ) the probability that the total number R_t(τ) of events within the time window (t, t + τ) is equal to a given integer r (R_t(τ) = r). We have previously derived the following expression [24] p(r; ντ) = ντ r! d^{r−1} dz^{r−1} [ G^r_1(z) · e^{ντ (z−1)} ] | | |_{z=0}, r > 0 , (16)

which holds in our case within the large window approximation. Expression (16) can be reformulated as the following Cauchy integral p(r; ντ) = ντ 2πr ∫_π −π G^r_1 ( e^{iϕ} ) exp [ ντ ( e^{iϕ} − 1 ) + i(1 − r)ϕ ] dϕ . (17)

3.3 Asymptotic behavior of p(r; ντ)

For ντ ≫ 1, the main contribution to the Cauchy integral (17) is provided by values of ϕ close to 0. For small ϕ’s, one can expand e^{iϕ} ≃ 1+iϕ and extend the two limits of the Cauchy integral to ±∞. This yields the asymptotic relation p(r; ντ) ≃ ντ 2πr ∫_∞ −∞ G^r_1(1 + iϕ)e^{−i(r−ντ −1)ϕ}dϕ . (18) Expanding G_1(z) given by expression (6) for small ϕ reads G_1(1 + iϕ) = (1 + inϕ + κ(−iϕ)^γ )^r ≃ e^{inrϕ+κr(−iϕ)γ} , r ≫ 1 . (19) Substituting this expression in the integral in the r.h.s of expression (18), we obtain p(r; ντ) ≃ ντ 2πr ∫_∞ −∞ e^{κr(−iϕ)γ} e^{−i[r(1−n)−ντ −1]ϕ}dϕ . (20) We introduce the change of integration variable (κr)^{1/γ} ϕ = u, which transforms relation (20) into p(r; ντ) ≃ ντ 2πr(κr)^{1/γ} ∫_∞ −∞ e^{(−iu)γ} e^{−ixu}du , (21) with the following definition of the auxiliary variable x = r(1 − n) − ντ − 1 (κr)^{1/γ} . (22)

Expression (21) has the form of a stable distribution. Defining the standard stable distribution f_γ (x) by its Fourier transform

f̃_γ (u) := ∫_∞ −∞ f_γ (x)e^{iux}dx = e^{(−iu)γ} , (23) relation (21) transforms into p(r; ντ) ≃ ντ r(κr)^{1/γ} f_γ (x) = ντ r(κr)^{1/γ} f_γ ( r(1 − n) − ντ − 1 (κr)^{1/γ} ) . (24)

For ντ ≫ 1, the “exact” expression (17) and its asymptotic approximation (24) for the probability p(r; ντ) are close to each other, including their shapes around their modes (value of r for which which p(r; ντ) attains its maximum), which practically coincide. For comparison, figure 1 plots p(r; ντ) given by the two formulas (17) and (24) as a function of r.

4 Mean versus mode of the distribution p(r; ντ) of event numbers

4.1 Linear scaling of the event number mean R̄_t(τ) as a function of the source rate ν

In a stationary regime where the rate ν(t) = ν of background sources is constant, expression (12) shows that the mean number R̄_t(τ) of all events occurring with (t, t + τ) is simply proportional to ν and diverges as the branching ratio approaches its critical value n_c = 1.

We now show rigorously that the linear dependence of R̄_t(τ) as a function of ν holds true for any τ’s, even when ν(t) is varying with time as for instance when there are no sources for t < 0 and the process starts at t = 0. In that case, expression (15) for the GPF Θ(z; τ) of the total number of events of all generations in (t, t + τ) triggered by all sources before and within (t, t + τ) generalizes into Θ(z; τ) = e^{−ν ∫ τ0 [1−zG(z,t)]dt} , (25) where G(z, t) is the GPF that generalizes G(z) given by formula (8) to account for the finite life of the process and the finiteness of the time window (t, t + τ). From the definition of Θ(z; τ), the following identity holds R̄_t(τ) ≡ dΘ(z; τ) dτ | | | z=1 . (26)

It follows from expression (25) that

R̄_t(τ) = ντ + ν ∫_τ 0 S(t, n)dt , (27) where S(t, n) ≡ dG(z, t) dz | | | z=1 (28)

is the mean number of events of all generations triggered by some source, which is counted from the time of the occurrence of the source till time t. Therefore, by its definition, S(τ, n) does not depend on the rate ν of sources, which implies that the mean number R̄_t(τ) of all events occurring within (t, t + τ) is linear in ν. In the stationarity case of a constant ν, this linear dependence is expressed by relation (12).

The divergence of R̄_t(τ) at n → n_c = 1 is retrieved from a different perspective. Expression (24) shows that, for 1 < γ < 2, p(r, ντ) ≃ f_γ (0) κ^{1/γ} ντ r^{1+ 1γ} for r ≫ 1 and n = 1 . (29)

Since 1 < γ < 2, then 1/2 < 1/γ < 1, which implies that R̄_t(τ) is infinite for n = 1 since it is the first-order moment of the distribution p(r, ντ), which has a tail exponent 1/γ smaller than 1. This retrieves the divergence of relation (12) at n = 1. This divergence of the mean number R̄_t(τ) of all events occurring with (t, t+τ) is thus controlled by rare realizations with exceedingly large numbers r of events. However, these rare realizations do not represent the typical situation of a given system or of a given simulation governed by the Hawkes self-excited process. To obtain a better understanding of the critical regime n = 1 and of its neighborhood (n ≃ 1), we need to study other moments or quantiles of the distribution p(r, ντ) and how they behave as a function ν and τ.

For γ > 2 or for pdf’s p_1(r) falling off at large r’s faster than a power law, expression (29) is replaced by [24] p(r, ντ) ≃ 1 r^{1+ 1}2

, (30)

which corresponds to the mean field distribution of cluster sizes in standard branching processes [29].

4.2 Super-linear scaling of the event number mode as a function of the source rate ν

The principal dependence as a function of ντ of the mode r_{mp} and of the q-quantiles r_q of p(r; ντ) is obtained by remarking that the slow power factor r^{−1−1/γ} in the r.h.s. of the asymptotic relation (24) does not influence significantly their determination. Let us call η_{mp}(γ) and η_q(γ) respectively the mode and the q-quantiles of the stable distribution f_γ (x). Figure 2 shows the dependence of η_{mp}(γ) as a function of γ in the interval 1 ⩽ γ ⩽ 2 of interest. Then, the mode and quantiles of p(r; ντ) are given by

(1 − n)r_{mp} + η_{mp}(γ) [κr_{mp}]^{1/γ} = ντ + 1 , (31) and (1 − n)r_q + η_q(γ) [κr_q]^{1/γ} = ντ + 1 , (32) From these two equations, it is obvious that the dependences of r_{mp} and of r_q as a function of ντ are identical up to a numerical constant. We therefore only discuss the dependence of r_{mp}. Equation (31) yields

r_{mp}(ντ) = 1 κ ( ντ η_{mp} )_γ , ντ ≪ ( κη^γ_{mp} 1 − n ) 1_{γ−1} , ντ 1 − n , ντ ≫ ( κη^γ_{mp} 1 − n ) 1_{γ−1} . (33)

The second asymptotics for ντ ≫ (_{κηmpγγ} 1−n ) 1_{γ−1} coincides with the linear dependence of the mean number R̄_t(τ) of events given by expression (12). This shows that, when n is not too close to 1, the mean number R̄_t(τ) and mode are identical asymptotically for large ντ.

The novel insight is provided by the first asymptotics r_{mp} ∼ (ντ)^γ , which replaces the divergence as n → 1 by a super-linear dependence with exponent 1 < γ ⩽ 2.

The two regimes in (33) can be interpreted within the general framework of bifurcations or phase transitions, where the control parameter is the branching ratio n, the order parameter is the mode r_{mp} of the total number of events and the external driving “field” is the total number ντ of sources. Then, we have

r_{mp} = ντ 1 − n , 1 − n ≫ κη^γ_{mp} (ντ)^{γ−1} , (34)

which expresses the standard linear relationship between order parameter r_{mp} and external field ντ, with the proportionality factor 1/(1−n) corresponding to the susceptibility that diverges as the critical point n_c = 1 is approached, with the standard mean field value exponent 1. At criticality or very close to it, expression (34) is replaced by

r_{mp} ≃ 1 κη^γmp (ντ)^γ , 1 − n ≪ κη^γ_{mp} (ντ)^{γ−1} , (35)

which is analogous to the nonlinear dependence of the order parameter on the external field at criticality, in the theory of critical phenomena [30].

These two asymptotic dependences (33) of r_{mp}(ντ) can be checked by direct numerical calculations based on expression (17) for p(r; ντ) obtained with the large window approximation. Figure 3 shows the dependence of the mode r_{mp}(ντ) as a function of ντ for n = 0.99, κ = 0.25 and γ = 1.5. The two predicted super-linear and linear regimes (33) are confirmed, while the amplitude of the super-linear regime has to be corrected according to r(ντ) ≃ 1.6 · (ντ)^{1.5}. Figure 4 is the same as figure 5 but for γ = 1.75 for which the difference between the super-linear and linear regimes are even more striking. Figure 5 shows r(ντ) for γ = 1.75, κ = 0.25 and for different values of the branching ratio n. The closer n is to its critical value 1, the larger the range of ντ over which the super-linear regime r(ντ) ∼ (ντ)^γ holds.

4.3 Heuristic derivation of the super-linear scaling r_{mp}(ντ) ∼ (ντ)^γ We now provide a simple intuitive derivation of the main result of this article that the typical dependence of the total number R_t(τ) of events within the time window (t, t + τ) as a function of ντ is super-linear (∼ (ντ)^γ with 1 < γ ⩽ 2) when the branching ratio 1 is close to or equal to 1.

Recall first expression (29) describing the tail at large r of the probability p(r; ντ) valid for n = 1. Actually, the same power law tail with exponent 1/γ describes the distribution of the total number of events of all generations generated by a given background source, as first derived in Ref. [24]. As previously mentioned, the value of the exponent 1/γ < 1 implies that the average number of events of all generations per source diverges. Along the lines of reasoning developed in Refs. [31, 32], such mathematical divergences valid for an infinite system translates into abnormal scaling laws for finite systems, here finite window sizes τ and finite total number ντ of sources.

The reasoning goes as follows. Within a given window of duration τ, there are typically ντ source events, for a Poisson arrival rate ν of the sources. Each source i of these ντ source events produces a random number r_i of events of all generations. These random numbers {r_1, r_2, ..., r_{ντ −1}, r_{ντ} } associated with the ντ sources are distributed according to p(r) ∼ 1/r^{1+ 1γ} at criticality n = 1 [24]. Let us call r_{max}(ντ), the largest among this set {r_1, r_2, ..., r_{ντ −1}, r_{ντ} }. A good estimate of r_{max}(ντ) is obtained by the condition that the probability ∫_{+∞} r_{max}(ντ ) p(r)dr to find a source with a total number of triggered events equal

to or larger than r_{max}(ντ) times the total number ντ of sources is equal to 1. In other words, by the definition of r_{max}(ντ), there should be only one source with such a total number of triggered events. This yields

r_{max}(ντ) ∼ (ντ)^γ . (36)

An estimate of the typical total number of triggered events r_1 + r_2 + ... + r_{ντ −1} + r_{ντ} can be obtained as

r_1 +r_2 +...+r_{ντ −1} +r_{ντ} ≈ (ντ)

∫_{rmax(ντ )} 0 rp(r)dr ∼ (ντ)^γ , for γ > 1 . (37) Note the upper bound in the integral in estimation (37) of the total number r_1 +r_2 +...+r_{ντ −1} +r_{ντ} of triggered events by all the ντ sources, which reflects the fact that the random variables {r_1, r_2, ..., r_{ντ −1}, r_{ντ} } are not larger than r_{max}(ντ) by definition of the later. In words, equation (37) states that an estimate of the typical value of the total number of all triggered events by all sources in the time interval [t, t + τ] is proportional to (ντ)^γ , which recovers the first scaling regime of expression (33).

Using expression (30) and following the same line of reasoning, the scaling relationship (37) is replaced by

r_1 + r_2 + ... + r_{ντ −1} + r_{ντ} ∼ (ντ)^2 , (38)

for γ > 2 or for pdf’s p_1(r) falling off at large r’s faster than a power law. This is confirmed by considering the exact derivation for the classical case of Poissonian statistics of first generation triggered events, for which the GPF of the fertilities of first generation triggered events defined by (5) reduces to G_1(z) = e^{n(z−1)}. The corresponding exact expression for the probability p(r; ντ) defined by equation (16) is p(r; ντ) = ντ r! · (nr + ντ)^{r−1} · e^{−nr−ντ} . (39) Figure 6 shows the dependence of the mode r_{mp} of p(r; ντ) given by (39) as a function of ντ for n = 0.99,

5 Concluding remarks

Considering the Hawkes self-excited conditional Poisson processes, we have discovered a novel super-linear scaling relating the typical number r_{mp}(ντ) of triggered events by background sources (or “immigrants” to employ the terminology of branching processes) to the total number ντ of these sources, valid when the branching ratio is critical (n → 1). This novel scaling law r_{mp}(ντ) ∼ (ντ)^γ for 1 < γ ≤ 2 and r_{mp}(ντ) ∼ (ντ)^2 for γ > 2 replaces and tames the divergence ντ/(1 − n) as n → 1 of the mean total number of triggered events. The occurrence at criticality n = 1 of an infinite number of generations of events, in which sources trigger daughter events, these daughters trigger their own daughters and so on, is the mechanism for the renormalization into a power law distribution of the total number of triggered events over all generations per source with exponent 1/γ < 1 for 1 < γ ≤ 2 and with exponent 1/2 for γ > 2 [24], where γ is the exponent of the power law distribution of triggered events of first generation per source. In absence of such a power law of first generation daughter per mothers, the distribution over all generations of events generated by a single source takes the standard mean field form of a power law tail with exponent 1/2, as given by expression (30). Then, in the presence of this heavy tail distribution of renormalized fertilities over all generations of the sources at criticality, the typical total number of triggered events is dominated by the few most fertile sources in a large deviation regime, which is responsible for the super-linear regime. We have derive this result rigorously using the formalism of generating probability functions. The corresponding prediction has been confirmed by numerical calculations. The essence of the mechanism for the super-linear law has also been dissected with an heuristic derivation.

We also stress that the super-linear scale of the mode of the total number of events over all generations within any sufficiently large time window also holds for quantiles of the distribution p(r; ντ) of the total number R_t(τ) of events within the time window (t, t + τ) that are not too far in the tails. In contrast, we have shown that the mean of R_t(τ) is always linear in ντ even at criticality. Our results thus illustrate the fundamental difference between the mean total number, which is controlled by a few extremely rare realizations, and the typical behavior represented by r_{mp}(ντ).

We will report elsewhere empirical evidence of the super-linear regime in open-source software development projects [26].

References

[1] Hawkes, A.G., Point spectra of some mututally exciting point processes.

Journal of Royal Statistical Society, series B, 33, 438-443, 1971.

[2] Hawkes, A.G., Spectra of some mutually exciting point processes with associated variables, In Stochastic Point Processes, ed. P.A.W. Lewis, Wiley, 261-271, 1972.

[3] Hawkes, A.G. and Adamopoulos, L., Cluster models for earthquakes - regional comparisons, Bull Internat. Stat. Inst. 45, 454-461, 1973.

[4] Hawkes, A.G. and Oakes D., A cluster representation of a self-exciting process, Journal Apl. Prob. 11, 493-503, 1974.

[5] Kagan Y. Y., Knopoff L., Stochastic Synthesis of Earthquake Catalogs.

J. Geophys. Res. 86, 2853, 1981.

[6] Kagan Y. Y., Knopoff L., Statistical Short-Term Earthquake Prediction, Science, 236, 1563, 1987.

[7] Ogata, Y., Statistical models for earthquake occurrence and residual analysis for point processes, J. Am. stat. Assoc. 83, 9-27, 1988.

[8] Ogata, Y., Statistical model for standard seismicity and detection of anomalies by residual analysis, Tectonophysics, 169, 159-174, 1989.

[9] Ogata, Y., Space-time point process models for earthquake occurrences, Ann. Inst. stat. Mech. 50, 379-402, 1998.

[10] Ogata, Y., Seismicity analysis through point-process modeling : a review Pure Appl. Geophys. 155, 471-507, 1999.

[11] Helmstetter, A. and D. Sornette Sub-critical and supercritical regimes in epidemic models of earthquake aftershocks, J. Geophys. Res. 107, NO. B10, 2237, doi:10.1029/2001JB001580, 2002.

[12] Saichev, A. and D. Sornette Theory of Earthquake Recurrence Times, J. Geophys. Res., 112, B04313, doi:10.1029/2006JB004536 (2007).

[13] Sornette, D. and I. Osorio, Prediction, chapter in “Epilepsy: The Intersection of Neurosciences, Biology, Mathematics, Physics and Engineering”, Editors: Osorio I., Zaveri H.P., Frei M.G., Arthurs S., CRC Press, Taylor & Francis Group (2010) (http://arxiv.org/abs/1007.2420).

[14] Chavez-Demoulin, V., A.C. Davison and A.J. McNeil, Estimating valueat-risk: a point process approach, Quantitative Finance, 5 (2), 227-234, 2005

[15] Bauwens, L. and N. Hautsch, Modelling Financial High Frequency Data Using Point Processes, Handbook of Financial Time Series, Part 6, 953- 979, DOI:10.1007/978-3-540-71297-8_41, 2009.

[16] Errais, E., K. Giesecke and L.R. Goldberg, Affine Point Processes and Portfolio Credit Risk (June 7, 2010). Available at SSRN:

http://ssrn.com/abstract=908045.

[17] Azizpour, S., K. Giesecke and G. Schwenkler, Exploring the Sources of Default Clustering, working paper, Stanford University, 2010.

[18] Aït-Sahalia, Y., J. Cacho-Diaz and R.J.A. Laeven, Modeling financial contagion using mutually exciting jump processes, Working Paper 15850, http://www.nber.org/papers/w15850, 2010.

[19] Salmon, M. and W. W. Tham, Preferred Habitat, Time Deformation and the Yield Curve , working paper (Revised and resubmit - Journal of Financial Markets), 2008.

[20] Zhuang J., Some Applications of Point Processes in Seismicity Modelling and Prediction PhD thesis, Department of Statistical Science, The Graduate University for Advanced Studies (2002).

[21] Zhuang J., Ogata Y. and Vere-Jones D., Stochastic declustering of spacetime earthquake occurrences, Journal of the American Statistical Association, 97, 369-380 (2002).

[22] Marsan D. and O. Lengliné, Extending Earthquakes’ Reach Through Cascading, Science 319 (5866), 1076-1079 (2008).

[23] Sornette, D. and S. Utkin, Limits of Declustering Methods for Disentangling Exogenous from Endogenous Events in Time Series with Foreshocks, Main shocks and Aftershocks, Physical Review E 79, 061110 (2009).

[24] Saichev A., Helmstetter A., Sornette D., Power-law Distributions of Offspring and Generation Numbers in Branching Models of Earthquake Triggering, Pure appl. geophys. 162, 1113-1134, 2005.

[25] Helmstetter, A., Is earthquake triggering driven by small earthquakes?

Phys. Res. Lett. 91, 058501, 2003.

[26] Sornette, D., A. Saichev and T. Maillart, How Much is the Whole Really More than the Sum of its Parts? 1 ⊞ 1 = 2.8: Superlinear Productivity in Collective Group Actions, ETH Zurich working paper (2013)

[27] Saichev, A., Sornette D., Power law distribution of seismic rates: theory and data analysis. Eur. Phys. J. B 49, 377-401, 2006.

[28] Sornette, D., S. Utkin and A. Saichev, Solution of the Nonlinear Theory and Tests of Earthquake Recurrence Times, Physical Review E 77, 066109, 2008.

[29] Harris, T.E., The Theory of Branching Processes (Dover Phoenix Editions, 2002).

[30] Domb, C., M. S. Green and J.L. Lebowitz, Phase Transitions and Critical Phenomena, vol. 1-20, Academic Press (19722001).

[31] Bouchaud, J.-P. and A. Georges, Anomalous diffusion in disordered media: Statistical mechanisms, models and physical application, Physics Reports 195 (4-5), 127-293 (1990).

[32] Sornette, D., Critical Phenomena in Natural Sciences 2nd ed., Springer Series in Synergetics, Heidelberg (2004).

Figure 1: Plots of the probability p(r; ντ) that the total number R_t(τ) of events within the time window (t, t + τ) is equal to a given integer r, given by the “exact” expression (17) and by the asymptotic approximation (24), for ντ = 100, n = 0.99, γ = 1.5, and κ = 0.25. One can observe that the two curves differ insignificantly.

Figure 2: Dependence of the mode η_{mp}(γ) of the stable distribution f_γ (x) as a function of γ.

Figure 3: Dependence of the mode r_{mp}(ντ) as a function of ντ for n = 0.99, κ = 0.25 and γ = 1.5, obtained by numerical calculation of the integral in expression (17). The dashed lines are the asymptotics (33). While the superlinear dependence is correctly predicted, the amplitude is over estimated. The dotted line shows the same super-linear dependence as the dashed line on the left but with a corrected amplitude: r_{mp}(ντ) ≃ 1.6 · (ντ)^{1.5}.

Figure 4: Same as figure 3 for γ = 1.75.

Figure 5: Dependence of the mode r_{mp}(ντ) as a function of ντ for κ = 0.25 and γ = 1.75 and different values of the branching ratio n (top to bottom: n = 0.995; 0.99; 0.975; 0.95; 0.9). These curves are obtained by numerical calculations of the integral in expression (17).

Figure 6: Dependence of the mode r_{mp} as a function of ντ for n = 0.99, obtained from the exact expression (39), corresponding to the classical Hawkes process for which G_1(z) = e^{n(z−1)}. The two dotted lines show respectively the super-linear r_{mp}(ντ) ∼ (ντ)^2 and linear r ≃ 100 · ντ asymptotics.