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Extended Abstract 
 

We consider the problem of lifelong learning from an indefinite stream of temporal episodes, 
i.e. a time series consisting of episodes, where the number of the episodes is potentially 
infinite and the length of each episode varies. Examples of this class of learning include a 
humanoid robot that continually learns to imitate various human behaviors [7], a computer 
music system that learns to compose from a continuous stream of music pieces [4], and a 
cognitive system that incrementally learns visual concepts from a series of movies over a 
long period of time [9].  

What kinds of objective function should the lifelong learner use to balance the short-term 
and long-term performance? How should the learner optimize its model complexity when the 
statistics of the episodes change over time? Maximization of the expected future reward, 
such as a value function used in reinforcement learning, might be useful if we could define 
rewards for a prespecified goal. For learning an indefinite stream of episodes, we find the 
mutual information-based measures of information theory, such as predictive information [2], 
𝐼�𝑋𝑓𝑓𝑓𝑓𝑓𝑓;𝑋𝑝𝑝𝑝𝑓�,  and empowerment [3], maxA  𝐼(𝑋𝑓+1;𝐴𝑓|𝑥𝑓) , suitable. The predictive 
information is, however, typically approximated by restricting the time horizons to a single 
time step, i.e. 𝐼�𝑋𝑓𝑓𝑓𝑓𝑓𝑓;𝑋𝑝𝑝𝑝𝑓� = 𝐼(𝑋𝑓+1;𝑋𝑓) . Though this is exact under the Markov 
assumption, i.e. the probability of a state depends only on the probability of the previous 
state, and still can generate explorative behavior [1], the predictive power can be improved 
by increasing the order of temporal dependency.  

Here we extend the first-order predictive information to the kth-order predictive 
information for lifelong learning from a continuous stream of time-series episodes. We 
generalize the predictive information 𝐼(𝑋𝑓+1;𝑋𝑓) by replacing the first-order term 𝑋𝑓 for 
past by k-th order history term 𝑋𝑓−𝑘:𝑓 = 𝑋𝑓−𝑘,𝑓−𝑘+1,…,𝑓, i.e. 𝐼(𝑋𝑓+1;𝑋𝑓−𝑘:𝑓). The generalized, 
higher-order predictive information is written as: 

 

𝐼(𝑋𝑓+1;𝑋𝑓−𝑘:𝑓) = 〈log2  
𝑃(𝑥𝑓+1, 𝑥𝑓−𝑘:𝑓)
𝑃(𝑥𝑓+1)𝑃(𝑥𝑓−𝑘:𝑓)

〉                         

=  〈log2  
𝑃(𝑥𝑓+1|𝑥𝑓−𝑘:𝑓)

𝑃(𝑥𝑓+1)
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                                                       =  �𝑃(𝑥𝑓+1, 𝑥𝑓−𝑘:𝑓)log2  
𝑃(𝑥𝑓+1|𝑥𝑓−𝑘:𝑓)

𝑃(𝑥𝑓+1) 𝑑𝑥𝑓+1𝑑𝑥𝑓−𝑘:𝑓 

 
Specifically, we consider the problem of learning human-like behavior of a humanoid robot 
(Darwin OP) consisting of 20 joint angles of arms and legs. The goal of the robot is to master, 
over an extended period of time, a large repertoire of flexible behaviors, such as walking, 
running, kicking, expressing greetings, saying good-bye, hand-shaking, etc. A higher-order 
Markov model is trained on a sequence of trajectories of robot joint angles using the 



higher-order predictive information as the objective function. We compare the higher-order 
predictive models with the standard (first-order) predictive model, showing that the 
higher-order models can enhance the predictive power. We analyze the evolution of the 
predictive information as a function of the number of learned episodes to characterize the 
inherent complexity of the learning task [2].  

One problem with the higher-order predictive information is that it is hard to compute 
since the number of parameters to estimate grows exponentially with the order. However, 
recent findings in machine learning with higher-order models suggest that, for the purpose of 
learning, the kth-order Markov models with a small k, e.g. k << n, offer an effective model 
that can exploit the additional history without facing the combinatorial problem for large 
kth-order Markov models [8]. Harnessing these findings, we use a hypergraph model that 
incrementally approximates the higher-order Markov model from a stream of 
multidimensional temporal episodes of robot-behavior trajectories using an importance 
sampling-based Monte Carlo approximation or a particle filter. This allows us to estimate the 
higher-order predictive information as follows: 

 

 𝐼(𝑋𝑓+1;𝑋𝑓−𝑘:𝑓) = �𝑃(𝑥𝑓+1, 𝑥𝑓−𝑘:𝑓)log2  
𝑃(𝑥𝑓+1|𝑥𝑓−𝑘:𝑓)

𝑃(𝑥𝑓+1) 𝑑𝑥𝑓+1𝑑𝑥𝑓−𝑘:𝑓                      
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where 𝑄(𝑥𝑓+1, 𝑥𝑓−𝑘:𝑓)is the approximating distribution from which the particles (samples) are 
drawn, i.e. 𝑥(𝑖) = (𝑥𝑓+1

(𝑖) , 𝑥𝑓−𝑘:𝑓
(𝑖) )  ~ 𝑄(𝑥𝑓+1, 𝑥𝑓−𝑘:𝑓) , 𝑁  is the number of particles, 𝑤(𝑖) =

𝑃(𝑥𝑓+1
(𝑖) , 𝑥𝑓−𝑘:𝑓

(𝑖) ) 𝑄�𝑥𝑓+1
(𝑖) , 𝑥𝑓−𝑘:𝑓

(𝑖) ��  is the importance weight of particle i. 
We also discuss the potential application of the higher-order extension of the predictive 

information to other information-theoretic approaches to lifelong learning with the 
perception-action cycle, (𝑋𝑓 ,𝐴𝑓), t = 0, 1, …, especially those that extend the conventional 
reinforcement learning framework by predictive information or empowerment based on the 
free-energy principle, i.e. 𝐹(𝑋𝑓,𝐴𝑓,𝛽) =  𝐼(𝑋𝑓;𝐴𝑓) − 𝛽𝑄(𝑋𝑓,𝐴𝑓), as explored in some previous 
work [6, 5]. 
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