
3. Conclusions and further developments

1. The model

Kinetic Ising model provides an useful platform for 
studying learning and inference in non-equilibrium 
models with potential applications to high-through-
put data analysis.

The aim of this work is to provide an e�cient algori-
thm for inferring the statistics of hidden units and to
study its performances in reconstructing partially 
observed networks with sparse connectivity.

In particular we considered a network of Nv obser-
ved and Nh hidden binary units, whose synchronous
dynamics is de�ned by the transition probability: 

  

where σa(t) (a=1,...,Nh) are the states of hidden units,
si(t) (i=1,...,Nv) are the visible states, while: 

The likelihood of the observed time series s is facto-
rizable in independent traces over σ(t): 
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Introducing the replicas 
Using the relation:

where:

we rephase our problem in to an equilibrium one at
each time step, at the cost of introducing 
replicas of Nv hidden units τ.

Under replica-symmetry assumption, gradient asce-
nt learning provides us the following update rules 
for the couplings:

where                              and                             . 
SusP equations:

where           and 
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Exponential drop of the RMSE between replica and message pas-
sing magnetizations and correlations in the fraction of visible units
(left).
In�ection point at Nv/N=0.5 of percentage of correct inferred ma-
gnetizations signs (right).

 Nv+Nh=20,T=102 time steps, 105 realizations of the couplings;
 sparsness(c)=0.1, g=1.

             Strong agreement between
              reconstructed and true cou-
              plings.
           

 Nv=80, Nh=8 , g=1, c=0.1,T=105; green=initial value of the couplings; 
 blue=reconstructed couplings;

        The normalized RMSE 
        scales as     
        with the data length.
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N=Nv+Nh=20,102 time steps, 105 realizations of the couplings, sparsity=0.9, g=1.
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Strong connectivity in fully connected networks make reconstru-
cted couplings diverge for long data sets. 

Nv=20, Nh=4, 20 realizations of the couplings. Clockwise from top left: g=1, c=1.;
g=0.5,c=1.; g=1., c=0.1; g=0.1,c=1.

          

          
  g=1, c=0.1, T=105  ; Nh/N=0.25 (left), Nv=80 (right);  

• The algorithm shows good performances on sparse networks with 
strong couplings. Analogous results have been obtained for binary 
connectivity.

• Regularization of the learning could prevent reconstructed cou-
plings from exploding.

• Time consuming and unstable SusP two point function can be
replaced with independent spins approximation.   

• It would be interesting to establish how the RMSE scales with the 
fraction of visible units in the network.

• We will compare the performances of BP with mean �eld methods
 and use mean �eld magnetizations as starting values for the hid-
den magnetizations. 
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