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Glassy nature of hierarchical 
organizations
Maryam Zamani2 & Tamas Vicsek  1,2

The question of why and how animal and human groups form temporarily stable hierarchical 
organizations has long been a great challenge from the point of quantitative interpretations. The 
prevailing observation/consensus is that a hierarchical social or technological structure is optimal 
considering a variety of aspects. Here we introduce a simple quantitative interpretation of this situation 
using a statistical mechanics-type approach. We look for the optimum of the efficiency function 
E N J a a= 1/ ∑eff ij ij i j with Jij denoting the nature of the interaction between the units i and j and ai standing 
for the ability of member i to contribute to the efficiency of the system. Notably, this expression for Eeff 
has a similar structure to that of the energy as defined for spin-glasses. Unconventionally, we assume 
that Jij-s can have the values 0 (no interaction), +1 and −1; furthermore, a direction is associated with 
each edge. The essential and novel feature of our approach is that instead of optimizing the state of the 
nodes of a pre-defined network, we search for extrema for given ai-s in the complex efficiency landscape 
by finding locally optimal network topologies for a given number of edges of the subgraphs considered.

Hierarchy is obviously one of the most widespread features of natural, technological and social systems1–4. The 
behaviour of these systems is typically complex and their most relevant organizational principle is that the ties 
among the units they have correspond to an underlying network displaying hierarchical features. One of the 
important related questions is concerned with the driving forces that make the network topology converge to a 
single hierarchy (representing one of the many possible locally optimal structures). This paper is about developing 
and studying a simple approach which is capable of reproducing the emergence of a multi-level network structure 
based on the degree to which the units (individuals) are able to contribute to the efficiency (capacity to operate 
on a high level) of the system. We shall adopt terminologies on one hand used in statistical mechanics and net-
work science, while, on the other hand, being typically used in the context of organizations and the underlying 
networks of collaborations. However, we expect this framework to be applicable to a significantly larger class of 
systems. Thus we consider the groups of humans as a paradigm, but our approach is so general that it is expected 
to be applicable to simpler systems such as groups of collaborating animals (apes, wolfs, etc.) as well as complex 
machines constructed by people.

The main novelty of our concept, which we point out here, before going into its details, that our structures 
have nodes with pre-defined abilities, are connected with directed edges having also a sign associated with them 
(positive and negative signs corresponding to collaboration or antagonistic relations, respectively). Searching for 
optimal states then is carried out by modifying the network topology so that both the collaborating partners and 
the flow of influences result in a maximal efficiency. This is contrasted with the standard statistical mechanics 
approach to complex systems made of a fixed set of interactions and a variable state of the nodes (i.e., as it is 
assumed in the case of the so called spin-glasses (see refs 5–7 for reviews). Having a relatively simple model of the 
emergence of hierarchical structure allows the study of several essential questions, for example the stability and 
the adaptability of realistic networks.

Below we develop an approach to address the question of the spontaneous emergence of hierarchical networks 
displaying behaviours analogous to those of glasses. By glassy behaviour we mean that while we are searching 
for a stable state, our structures do not converge to a unique network with a well-defined extremal value of their 
efficiency (an analogue of the energy in the physics literature: instead, the system “freezes” into various disordered 
structures representing a local extremum and full of strains or frustrations). Our main assumption is that such a 
structure should be optimal from the point of the efficiency of an organization (otherwise more efficient struc-
tures would take over in the situation in which organizations - even such as universities - compete). Prior works 
have shown that hierarchical organization can be advantageous, but either have not addressed the network aspect 
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of the dominance8 hierarchies or considered the embedded9–11 cases. A few very recent studies considered more 
complex situations and proposed relatively complicated approaches to the treatment of the emergence of the kind 
of multi-level hierarchical networks containing directed edges, i.e., flow-hierarchies, in which individuals in var-
ious societies (including both human and animal) are typically situated12, 13. A number of further interesting and 
remarkable aspects (e.g., origins) of hierarchies have recently been explored in the quickly growing literature on 
the topic14–20. We would like to mention, however, that these works do not account simultaneously for the main 
ingredients of our approach in which: the networks are evolving, and the interactions are having both signs as well 
as a direction of action.

Modelling organizations
Since hierarchy is so abundant, we take an approach that assumes as little details as possible about the interactions 
of the units and about the function Eeff that is associated with the efficiency (or fitness, performance, etc.) of the 
group of entities forming the group/organization. This has to be so, because many and very different “rules” are 
unlikely to lead to the same universal behaviour. At first, we define the basic quantities we shall use when specify-
ing the process of obtaining an efficient organization.

We represent the relations in an organization by a network made of directed edges standing for the 
leader-follower relations in the system (this can be generalized to undirected edges, but here we confine our study 
to the directed case). A group of N members having M connections among them (if we do not exclude the set of 
not fully connected subgraphs), has a total number of possible states equal to

=
−

− −
N N

N N M M
Number of configurations ( ( 1)/2)!

( ( 1)/2 )! !
2 ,
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where 2M is  the number of choices of the set of directions one can have for one of the 
− − −N N N N M M( ( 1)/2)!/( ( 1)/2 )! ! possible configurations of (yet undirected) edges. In an ideal case the 

direction of an edge between members i and j would point from i to j if ai > aj (it is advantageous and is typically 
indeed the case that agents with higher abilities can enforce their decisions on agents with smaller abilities, i.e., 
occupy a higher position within the organizational hierarchy. However, with some finite probability, in a realistic 
case a proportion p of all of the links between two members points from the less knowledgeable to the more 
knowledgeable person (for several reasons, such as personality, i.e., a “boss” has smaller information than a sub-
ordinate, etc.).

Next we consider the contribution of a pair of interacting agents to the successful operation of the organiza-
tion. We make the plausible assumption that on an absolute value scale their contribution is between 0 and l. In 
addition, Eeff is linearly proportional to their abilities, i.e., Eeff (i,j) = ai aj. However - and this is an essential point, 
when one considers the relations of sophisticated creatures - the interaction between two individuals can be both 
harmonic with and antagonistic with a probability (1-q) and q, respectively, for ai > aj (again, for several reasons, 
such as a prior or a persistent conflict, mismatch of personalities, etc.). In the “harmonic”case the contribution 
of the two members is positive, on the other hand, if they are in an antagonistic relation their interaction will 
result in a decrease of the total efficiency, thus their interaction enters the expression for the efficiency as negative 
contribution.

Assuming that the total performance of the organization can be represented as the contribution of the pair-
wise interactions we arrive at the (central for our study) expression

∑=E p q N J p q a a( , ) 1/ ( , ) ,
(2)

eff
ij

N

ij i j

with the summation running over nodes that have at least one incoming or outgoing edge. According to the 
above arguments about the possible relations between two members, we assume that Jij can be equal to 1 or −1 
(fruitful collaboration or harmful/antagonistic collaboration, respectively). This simple expression is rather sim-
ilar to those describing spin systems (with E being the energy, and J being the strength of interaction between i 
and j. There are two essential points that have to be stressed about eq. (2). However, when considering optimal 
performance of an organization we shall assume that the attributes (abilities) of the individual units are constant 
during the optimization. For the ai values we used randomly generated numbers on the unit interval following 
a bounded log-normal distribution (which can be argued to be characteristic for the outputs of complex entities 
(https://en.wikipedia.org/wiki/Log-normal_distribution)).

In this approach, the direction of the edges determines the structure or the “flows” of/on the directed graph, 
while the Jij values determine the total efficiency for a given configuration of the edges. Thus, an edge ij has both a 
direction and a sign (a value 1 or −1) and the two are coupled in a probabilistic manner. Furthermore (see later), 
we shall have a constraint related to the number of edges a node can have.

 (I) Although the expression (2) has a simple structure, we know from the statistical mechanics of spin-glasses 
that such expressions can result in extremely complex behaviour if Jij can have both positive and negative 
(antagonistic) values.

 (II) Since in our scheme ai and aj are fixed (they represent attributes of individuals), we are not optimizing (2) 
by suitably choosing the values of ai: on the contrary, we optimize by finding the subset of M edges (from the 
many possible sets) that, together with the corresponding Jij values result in the largest value of Eeff. In other 
words, we look for the optimal network (set of connected i and j members which maximizes the perfor-
mance for the given M).
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Thus, the only remaining task is to define Jij taking into account the complex nature of human behaviour in a 
simple manner.

The sign of Jij and the direction of the edge ij are decided by two factors: (1) whether the ij edge points from the 
larger to the lower ability of the participants i and j and (2) whether these participants are compatible or antago-
nistic. Thus, we choose (with the corresponding probabilities!)

 (i) Jij = 1 if the ij edge points from a node with larger ability to a smaller (ai > aj and the two individuals coop-
erate (and Jij = −1 otherwise))

 (ii) Jij = −1 if the ij edge points from a node with smaller ability towards a larger one and the two individuals 
are antagonistic (and Jij = 1 otherwise)
If there is no edge between i and j then Jij = 0. As explained in the paragraph after eq. (1) the probabilities 
for Jij = 1 are (1-p)(1-q) and pq while for Jij = −1 they are (1-p)q or p(1-q). p and q correspond to the prob-
abilities of an inverse direction of the edge ij (from i to j for ai > aj and for an antagonistic collaboration), 
for ai > aj. It is very important to stress at this point that we enforce the above rules hold for the subgaphs 
of M edges as well! Of course, for simplicity, one can assume that p = q and this would result in a single free 
parameter only.

 (iii) We consider a further essential restriction to make our system more realistic. In addition to the above, we 
also require that the total number of edges (incoming plus outgoing) from a node cannot exceed a pre-de-
fined value K. We have to apply these constraints, otherwise the optimization would lead to unrealistic 
configurations consisting of cooperating members only, sub-graphs containing “top to down” edges and a 
nodes with a number of anomalously large number of edges (a person can manage only an approximately 
4–10 incoming and outgoing relations since maintaining these is costly.) In fact, a simple calculation shows 
that without the above constraints the single maximum value of our Eeff is equal to 1 for the case that abili-
ties of individuals follow constant distribution. Instead of fixing K beforehand, we first generate a subgraph 
of M = 3N edges and during an optimization we use as an upper limit for K the number of edges that the 
node with the largest K has.

Simulations
We start out with a full graph with N nodes each associated with a constant ability ai and with edges pointing 
towards lower ability sites from larger ability ones with a probability 1-p. In addition, 1 or −1 is associated with 
each edge, depending on their direction (however, because of the term 1-p, the number of negative edges for 
small p will occur in larger overall number for the ai > aj cases (than for ai < aj) so that the efficiency values and 
the structure of the graph become coupled). This full graph is time-independent; it contains all the information 
about the participants:

•	 their abilities ai
•	 their willingness to collaborate pairwise with each other with Jij = 1 meaning they prefer to collaborate and 

Jij = −1 if the two are not willing to collaborate.

We are searching for an optimal network, a subgraph containing M edges within this graph of N nodes (such 
that the number of nodes in the optimal network should be less or equal to N). We start out with a random con-
nected subgraph of 3N edges chosen from the many possible within the full graph of N nodes. Throughout our 
calculations, the number of edges within the subgraphs we generate will satisfy the criteria that in average the 
ratio of edges in them pointing from a site with larger to a smaller ability will be equal to 1-p and the number of 
antagonistic interactions Jij = −1 will be, again, in average, qM, for ai > aj. This procedure introduces some noise 
into our data (as compared to considering configurations strictly satisfying the 1-p and the ratio of antagonistic 
edges equal to q rules but this (otherwise “realistic”) noise diminishes as N is increased.

To satisfy iii) we allow new configurations only with nodes that have a total number links being smaller then 
K. (For some further aspects of our approach see the V. Conclusions).

According to equation (1) the number of possible subgraphs increases with M exponentially and - lacking an 
analytic solution, we explore the “efficiency landscape” numerically. The main quantity we shall be interested in is 
the probability density distribution of locally optimal efficiencies. This is a pragmatic approach, because knowing 
this distribution we can get an estimate how efficient is a given - existing in an organization - configuration rela-
tive to the achievable optimal ones. Of course, the probability that a simulation results in the absolute optimum 
is negligible due to the complex nature of our problem (because of the exponentially diverging possible states the 
number of optima also diverges).

When searching for networks with high efficiency, we start from a random configuration of typically M = 3N 
edges embedded into our initial full graph and converge to a local maximum. According to the analogy with spin 
glasses, such local maxima have to exist and other maxima cannot be reached without rearranging the edges 
considerably. The procedure we follow is much like a Monte Carlo simulation, where efficiency plays the role of 
-energy. In each step a randomly selected edge is eliminated and next two random nodes are chosen which are 
not yet connected by one of the M-1 edges. The sign and the direction of the new edge, Jij is chosen according to 
conditions i)-iv) outlined in the Modelling section. First, we check whether the conditions A and B are satisfied, 
and if yes, the newly selected edge is added to the subgraph, while the one it replaces is eliminated. Then, using 
equation (2) the efficiency difference ΔEeff between that belonging to the prior and the new configurations is 
calculated. The new network is accepted if ΔEeff > 0 and is also accepted if ΔEeff < 0 with a probability equal to 
exp (−β ΔEeff)), where β is associated with external perturbations or noise. Since we are interested in optimal, 
metastable states, we chose a relatively large value for β being equal to 1000. If none of the two conditions related 
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to ΔEeff are satisfied, we drop this trial and choose a new alternative edge during the process. Figure 1 shows the 
dependence of Eeff as a function of the number of steps for three different initial conditions. It is clear from this 
plot that Eeff saturates at varying values and after quite different number of steps. We assume that a local maximum 
has been achieved after ΔEeff = 0 for more than 10000 additional steps.

Results
We concentrated our efforts to obtain results demonstrating our main point, i.e., that the cooperation of individ-
uals emerging as a result of directed relations among them leads to non-trivial, locally optimal states. In other 
words, fully efficient structure cannot be achieved within reasonable computational time, and the final optimum 
- which can be obtained by a Monte-Carlo optimization - is dependent on both the initial conditions as well on 
the actual path of the trial and error process as we are attempting to approach a locally optimal state. We associate 
with a locally optimal state its efficiency and its network structure being characterised by the hierarchical nature 
of this network.

Thus, at first we calculated the distribution of the efficiencies corresponding to the local maxima we obtained. 
The corresponding histogram (probability density function - PDF) was constructed for various N values to see the 
size effect. The number of initial full graphs was 300 and 250 initial subgraphs of M = 3N edges were used. Then, 
all of the obtained local optima were binned and a function was fitted to the resulting histogram. Figure 2 demon-
strates, that there is indeed a spread in the efficiency values of the available (locally) optimal networks. The system 
sizes we can consider are relatively small (as compared to some huge networks, e.g., on the internet), and there 
are two reasons for this. First, although we have carried out the calculations on a cluster of mini-supercomputers, 
the number of steps needed to obtain a figure is mostly huge (order of 300 × 250 × 40000). Second, we think our 
approach is more appropriate for organizations which have a number of individuals who are likely to be able to 
know each other, so have a number of members not larger than the Dunbar number (150, see, e.g., ref. 21).

Thus, the systems we made the calculations for are of relatively limited size. However, the computational 
limitations we had to consider (the runs were carried out on a cluster of mini-supercomputers) were because we 
intended to explore the whole landscape of optima in the system. In a real, actual situation, there is – in principle 
– a simple search process only and the system settles down into the given optimum it ran into. Single runs – nat-
urally – could have been executed for huge organizations as well.

Next we investigate the properties of the networks corresponding to the locally optimal states. Here we find a 
surprising result: the hierarchical nature of these networks remains rich and does not seem to converge to a single, 
simple configuration, close to its average.

We used to measure the level of hierarchy of the obtained networks by calculating the quantity called Global 
Reaching Centrality22 (GRC). GRC is related to the distribution of the local reaching centralities, where the reach-
ing centrality of a node is proportional to the number of nodes CR(i) which can be reached from node i one 
through the directed edges of the network. A spread (e.g., standard deviation) is a good indicator of the varying 
positions of the nodes within a hierarchical structure. (Many nodes can be accessed from the “top” ones and only 
a few from those at the “bottom”). Since the distributions of CR(i) is typically very different from a Gaussian, we 
chose to measure the spread of its values using the expression
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Figure 1. Convergence of the calculated efficiencies to their locally stable (globally metastable) values. Number 
of nodes N = 64, 3 N edges and for three different random initial conditions and for p = q = 0.2 and β = 1000.
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Figure 2. Probability density function of efficiency and GRC (see text) values for one initial state. N = 64 and 
3 N edges (a and c) p = q = 0.2 (b and d) p = q = 0, and no limitation for in and out-degrees, i.e., there is no 
frustration in the graphs for which the plots on the right were obtained.
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Figure 3. Distribution of the local maxima of the efficiency values and Global Reaching Centrality (GRC) 
values for the locally optimal states. Averaging over the initial full graph (250 initial full graphs and for each 
initial full graph we have 250 local optimal states) of N nodes and the initial subgraphs of 3 N edges, p = q = 0.2 
has been carried out. there is an overall tendency of the PDF-s as a function of the system size. GRC and the 
average efficiency grows with increasing N.
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where CR
max is the largest of CR(i) and the summation goes over the nodes belonging to the graph V. GRC 

scores are strictly non-negative and the maximal GRC value of 1 is attained for star graphs. Regular and irreg-
ular trees also have a high GRC score22, while Erdős-Rényi random networks attain a low GRC score of around 
0.058 ± 0.005.

In Fig. 3 we display a few characteristic dependences of the networks we obtained. Figure 3(a) shows that 
larger systems are likely to be more efficient, while Fig. 3(b) shows that for larger networks the optimal config-
urations seem to fall into two classes with one having a smaller and another one a distinctly more hierarchical 
structure.

The above results can be qualitatively compared to those obtained for a standard spin-glass model. To do so we 
have carried out simulations calculating the distribution of the energy of the Edwards-Anderson spin glass model on 
a square lattice with nearest neighbour interactions23. We used a variant with the Jij values being either 1 or −1 with 
a probability 0.5 and searching for the lowest energy = − ∑E N J s s1/ ij ij i j by flipping the up or down spins (s = 1 or 
s = −1) in the nodes. The main point we would like to make here (and display it in Fig. 4) is that in both the E-A and 
our models the extremal values (minimal energies, maximal efficiencies) corresponding to the various metastable 
states obtained after optimization are spread, there is a wide selection of locally stable states with varying features.
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In Fig. 5 we illustrate how the shape of the distributions depend on the parameter q standing for the level of 
unwillingness to collaborate.

In order to illustrate the variety of optimal structures we obtain, we display in Fig. 6 a number of typical 
examples. These include smaller and larger networks (N = 16, N = 128), networks for smaller or larger GRC for 
p = q = 0.2. For visualization we use the method described in detail in ref. 22.

Further interesting features of the emerging networks can be obtained by calculating the dependence of the 
efficiency on the hierarchy (in general, i.e., the averages of the PDF-s are considered) or the correlations between 
the number of in-degrees and the out-degrees in the graphs. The results are shown in Fig. 7a. In accord with our 
expectation, a collaboration network is more efficient if it is more hierarchical. Figure 7b shows the results we 
obtained for correlations between the number of incoming and outgoing edges of the nodes (for 250 locally opti-
mal state). These correlations were calculated by using the expression

=
− −

− −
Cor in out

k k k k

k k k k
( , )

( )( )

[ ( ) ( ) ] (4)

in in out out

in in out out
2 2 1/2

where the summation as well as the averaging (denoted by <…>) is taken over the nodes of the network. 
According to Fig. 7b the correlations are negative, i.e., nodes with smaller than average incoming (outgoing) 
edges have in average a larger number of outgoing (incoming) edges. This is also expected for a hierarchical graph 

Figure 6. Hierarchical graphs in selected local optimal states of networks. N = 16 and N = 128, p = q = 0.2, (a) 
and (c) GRC = 0.62, (b) and (d) GRC = 0.25.
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of directed edges (with outgoing edges dominating the “top” and incoming edges dominating the nodes at the 
bottom part of the network.

Conclusions
Our approach is so general that the attribute variable is quite abstract. It represents the level to which a given 
individual can contribute to the efficiency of a network of agents. When designing the model we assumed the 
existence of a task that should be completed by the members of the network. There are many situations in which 
such an approach can give clues for the – rather approximate - quantitative estimation of the abilities. A short 
list would include examples such as a large collaboration of physicists in which each person has its own input. 
The level of this input can be estimated by how efficient the given participant has been in the past in producing 
successful papers – where the number of citations it had can quantify the success of a paper. In a competitive sit-
uation, in which the speed of solving a given problem – here we imagine a bank which is making decisions about 
investments – the quality of the decisions and the reaction time of the participants that may play an essential role. 
The quality, for example, can be estimated from the ratio of the good to bad decisions the member has had over 
a given period. Overall, the actual values of the abilities are typically not available in data banks. However, by 
assuming a log-normal distribution for their values, we use a distribution which can be justified for complex units 
and is expected to correspond to realistic situations and provide us with a statistically relevant output.

It is far from being simple to obtain data about cooperation-readiness (plus sign for Jij). There are a few excep-
tions, for example, in the field of organizational development there exist methods to test this feature, mainly using 
questionnaires. In our model we use a simplistic approach by assuming that a given ratio the members are not 
ready to collaborate. Although we do not have a continuously varying value for the readiness of collaboration, we 
can tune this ratio to investigate various situations. An operating system (like Linux) uses tens of thousands (or 
more) subroutines. We imagine that those subroutines that are called mostly together are “cooperative” and those 
which – for various reasons – cannot run simultaneously are non-cooperating. The case of protein interaction 
networks (where the strength of the interactions can be measured) may serve as an analogous example.

Our approach does not allow a direct, numerical agreement with structures and distributions which can be 
observed in real systems. However, this is a common situation with most of the simple models which, on the 
other hand, can provide a deeper insight into the mechanisms resulting in real-life behaviours analogous to those 
of the models. We find that optimizing the set of interactions leads to hierarchy. In addition to this, we also find 
that non-hierarchical structures can also be optimal. This is in a very good agreement with observations and even 
experiments. It is clear that, e.g., all of the universities or corporations, etc. have a hierarchical organization of the 
(mostly) directed connections among their members. But, as it became clear from the research lead by Dunbar 
(ref. 21), up to a number of about 150, even egalitarian (non-hierarchical) structures of links can result in an 
efficient organization.

On the other hand, glassy behaviour is much richer than simply having an underlying hierarchy (related to 
ultrametricity in the spin-glass literature6). It is also associated with the fact that the observed structures corre-
spond to various locally optimal states. Perturbations (i.e., “heating” a glass) lead to new optimal states as the 
system is “cooled down” again. In fact, it is highly plausible that introducing a (few) new members with a high 
level of abilities to a community (a perturbation) is likely to result in a rearrangement of the interaction networks 
because, according to our interpretation, the new configuration becomes globally more optimal. Several exciting 
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degrees of nodes in local optimal states for three different values of q and p = 0.2 For each parameter set (N, p, q) 
the average efficiency and the level of hierarchy (GRC values) can be determined.
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recent works successfully relate evolution to the emergence of hierarchies (see, e.g., refs 20 and 24) but even these 
do not claim that experimental verification of the model equations or rules is at present feasible.

Our work can be interpreted in game theoretical terms as well. In fact, almost all models that involve optimi-
zation in the presence of benefits and costs can be mapped onto a game. In our case collaborations are beneficial, 
while antagonistic interactions represent costs. On the other hand, our approach is more in the spirit of statistical 
mechanics since the stress is on the statistical features of the behaviour of our model. Multi-participant games 
usually assume a pre-defined hierarchical network (in contract with our evolving ones) on which the games are 
taking place (see, e.g., refs 25 and 26, an interesting exception being ref. 17).

In short, applied to organizations, or, in other words, collaboration networks, our results indicate the following. 
The structure of these networks is such that they possess the two, perhaps most important features of complex 
systems: a simultaneous presence of adaptability and stability. Stability is associated with the presence of the local 
optimum. Only significant perturbations can “kick out” a given arrangement of the participants from this favoura-
ble state. However, if the perturbation is large enough (the external conditions change significantly) the network can 
adapt itself and settle into an alternative, more optimal configuration that suits the new conditions better. The effi-
ciency of the hierarchical structure is higher than a randomly chosen sum of the contributions of the pairwise inter-
actions. These features are in an analogy with those of the glasses including spin glasses. However, our formulation 
of the system we study is less abstract and takes into account realistic assumptions about the way an organization of 
collaborating individuals operates. On a wider scale, looking for optimal networks to satisfy given global criteria has 
a great application potential in many contexts ranging from designing best performing programs to social groups.

References
 1. Salthe, S. N. Evolving Hierarchical Structures. (Columbia University Press, 1985).
 2. Sethi, S. P. & Zhang, Q. Hierarchical Decision Making in Stochastic Manufacturing Systems. (Birkhäuser, 1994).
 3. Pumain, D. editor, Hierarchy in Natural and Social Sciences. (Springer, 2006).
 4. Lane, D., Hierarchy, Complexity, Society. (Springer, 2006).
 5. Mezard, M., Parisi, G. & Virasoro, M. A. Spin glass theory and beyond (World Scientific, 1987).
 6. Mezard, M. & Montanari, A. Information, Physics, and computation. (Oxford University Press, 2009).
 7. Stein, D. L. & Newman, C. M. Spin Glasses and Complexity (Princeton Univ. Press, 2013).
 8. Kaiser, M., Hilgetag, C. C. & Kötter, R. Hierarchy and dynamics of neural networks. Frontiers in Neuroinformatics 4, 1–3 (2010).
 9. Wimberley, E. T. Nested Ecology: The Place of Humans in the Ecological Hierarchy. (Johns Hopkins University Press, 2009).
 10. Ravasz, E., Somera, A. L., Mongru, D. A., Oltvai, Z. N. & Barabási, A.-L. Hierarchical organization of modularity in metabolic 

networks. Science 297, 1551–1555 (2002).
 11. Nagy, M., Ákos, Z., Biro, D. & Vicsek, T. Hierarchical group dynamics in pigeon flocks. Nature 464, 890–893 (2010).
 12. Luo, J. & Magee, C. L. Detecting evolving patterns of self-organizing networks by flow hierarchy measurement. Complexity 16, 53–61 (2011).
 13. Dubreuil, B. Human Evolution and the Origins of Hierarchies: The State of Nature. (Cambridge University Press, 2010).
 14. Corominas-Murtraa, B., Goñid, J., Solé, R. V. & Rodríguez-Caso, C. On the origins of hierarchy in complex networks. Proc. Nat. 

Acad. Sci. 110, 13316–13321 (2013).
 15. Nepusz, T. & Vicsek, T. Hierarchical self-organization of non-cooperating individuals. PLoS ONE 8(12), e81449 /journal.

pone.0081449 (2013).
 16. Lee, S., Holme, P. & Wu, Z.-X. Emergent hierarchical structures in multiadaptive games. Phys. Rev. Lett. 106, 028702 (2011).
 17. Clauset, A., Moore, C. & Newman, M. E. J. Hierarchical structure and the prediction of missing links in networks. Nature 453, 

98–101 (2008).
 18. Turchin, P. & Gavrilets, S. Evolution of Complex Hierarchical Societies. Social Evolution & History. 8, 167–198 (2009).
 19. Henok, M., Joost, H., Jean-Baptiste, M. & Jeff, C. The Evolutionary Origins of Hierarchy. PLoS Comput., Biol, 1004829/journal.

pcbi.1004829 (2016).
 20. Dunbar, R. Grooming, gossip, and the evolution of language p. 77 (Harvard University Press, 1998).
 21. Mones, E., Vicsek, L. & Vicsek, T. Hierarchy measure for complex networks. PLoS ONE 0033799/journal.pone.0033799 (2012).
 22. Edwards, S. F. & Anderson, P. W. “Theory of spin glasses”. Journal of Physics F: Metal Physics 5, 965–974 (1975).
 23. Douglas, H. E. & Davidson, E. H. The evolution of hierarchical gene regulatory networks Nature Reviews Genetics 10, 141–148 

(February 2009).
 24. Vinogradova, G. & Galam, S. Rational instability in the natural coalition forming. Physica A: Statistical Mechanics and its 

Applications 392, 6025–6040 (2013).
 25. Vukov, J. & Szabó, G. Evolutionary prisoner’s dilemma game on hierarchical lattices. Physical Review E 71(3), 036133 (2005).
 26. Fády, C., Somogyvári, Z. & Érdi, P. Hierarchically optimized minority games. Physica A 323, 735–742 (2003).

Author Contributions
M.Z. and T.V. designed the research; M.Z. performed the numerical experiments; T.V. wrote the paper.

Additional Information
Competing Interests: The authors declare that they have no competing interests.
Publisher's note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the 
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.
 
© The Author(s) 2017

http://creativecommons.org/licenses/by/4.0/

	Glassy nature of hierarchical organizations
	Modelling organizations
	Simulations
	Results
	Conclusions
	Figure 1 Convergence of the calculated efficiencies to their locally stable (globally metastable) values.
	Figure 2 Probability density function of efficiency and GRC (see text) values for one initial state.
	Figure 3 Distribution of the local maxima of the efficiency values and Global Reaching Centrality (GRC) values for the locally optimal states.
	Figure 4 Distribution of the local minimum of the energy in Edward-Anderson spin glass model for spins being 1 or −1.
	Figure 5 Comparison of PDF of efficiency and GRC values in local optimal states.
	Figure 6 Hierarchical graphs in selected local optimal states of networks.
	Figure 7 Features of individual locally optimal states.




