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Temporal consistency and dependency
We decouple consistency and dependency by using a penalty that consists in a distance 
function 𝚿 and a kernel 𝛋. The former one models how similar the networks should be in 
time points that are dependent. The latter models different types of dependencies as 
gaussian, periodic or random. 
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Temporal Pattern Detection in 
Time-Varying Graphical Models

Real-world phenomena 
often include variables 

changing their behaviour in 
time. Such change can be 

captured by looking at their 
interactions.

Dependencies in time can 
be captured by kernel 

functions, capturing 
evolving relationships 

between not necessarily 
contiguous time steps.

If the kernel function is not 
known, automatically 

inferring it from data can 
achieve clustering of 

temporal series.

Experiments
Results  show  how  a  temporal  kernel  can better 
approximate the evolution of a system. 

TGLκ and  TGLP (and  their  counterparts  with  latent 
variables) outperform the competitors in terms of MCC, 
MSE and  V-measure  across  almost  all  experiments.  
We  emphasise how, especially when n ≪ d (as in this 
case) prior information on  the  behaviour  of  the  network  
is  crucial  for  a  reliable inference,  and  allows  to  keep  
a  low  mean  MSE. 

TGLκ has  high  performance scores  when  data  exhibit  a  
clear  pattern  (experiment (a)). Indeed, the imposition of a 
specific periodic kernel improves average  precision  and  
MSE.  Nonetheless,  TGLP (with  automatic  pattern  
discovery)  outperforms  in  almost  all  measures both our 
competitors and TGLκ by increasing the accuracy in 
structure inference and reducing the error in the estimation 
of the dynamical network

Model
The problem then becomes the minimization of the following functional where the first part is the negative Gaussian log likelihood.

if the temporal dependency pattern is known than the optimization problem is convex and it it optimized through the Alternating Direction 
Method of Multipliers. If the kernel is not know, it can be inferred from data with an alternating minimization procedure where we look at the 
pairwise similarity among networks

and we then use it as input to a hierarchical clustering algorithm which provides us with a connectivity matrix

that is then use to build a kernel that guides the inference. The learned kernel also provides intuition on how the analysed process evolves 
in time.  

The problem  
At each time point t, we have nt observations where each sample is a d-dimensional vector drawn from a multivariate Gaussian distribution. 
The goal is to infer a series of precision matrices 𝚹 = (𝚹1, …, 𝚹T) by guiding the inference through the imposition of consistency among 
time points that are dependent. 


