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Sequential process modeling

Sequential data: sequences of symbols drawn from some unknown
stochastic process, e.g. speech, process event logs,
texts, . . .

Problem: given a sequential data sample, model the
unknown generative process (target model)

Applications: speech recognition, information extraction, biological
sequence modeling, business process modeling, . . .

Models: Hidden Markov Models (HMM), Probabilistic Automata,
Markov chains (MC), Petri nets, . . .

HMM learning: estimating model structure + parameters



HMM Learning problem
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Given a sample : DNA fragments, amino acids, process logs such as Web
usage logs, speech events, . . .

Find a HMM which generates the observed sequences (and many more...)

• HMM topology

• emission and transitions probabilities

Objectives:

• to avoid the manual tuning of the model for each task adaptation

• to predict/analyze/classify new sequences of the same nature



Existing approaches and techniques

Different learning problems

• P1 : Identify in the limit the target model

• P2 : Bayesian framework: trade-off likelihood–model prior

• P3 : Model selection in a discriminative setting

Existing techniques

1. EM on a fully connected graph: poor results in practice

2. Alergia/RLIPS [Carrasco, Oncina 1994]: identification of PDFAs

3. Bayesian state merging [Stolcke,1994]: applied only on toy problems

4. State splitting [Ostendorf, 1997]: restricted to left-to-right topology

5. N-gram smoothed by back-off: very efficient but short-term modeling



Our contributions

• New approach: Induce a HMM fitting the dynamics of
the target model by extension of Markov chains properties.

• Fit distribution features badly modeled by existing methods
⇒ long-term dependencies

• Induction algorithm for estimating model structure and parameters
⇒ Fit the dynamics observed in the learning sequence(s)
⇒ No restriction on the model topology



Dynamics of randow walks in Markov chains
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The stationary distribution π and the Mean First Passage Times (MFPT)
M completely characterize the Markov chain [Kemeny, 82].



Back to HMMs: equivalent models
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Lumped process

Random walks in HMMs ⇐⇒ Random walks in lumped processes

We are interested in the dynamics of random walks :

• Stationary distribution

• Mean First Passage Times



Modeling long-term dependencies

A stochastic process contains long-term dependencies if

P (Xt |Xt−1, . . . , Xt′) 6= P (Xt | Xt−1, . . . , Xt−p︸ ︷︷ ︸
H:process history

) when |H| < t− t′

The relevant history size |Hrel| is the size of the history required to
correctly model these dependencies.

• if |Hrel| is bounded : finite order MCs are appropriate models

• if |Hrel| is unbounded: HMMs or POMMs are required

The Perron theorem [Senata, 81] applied on the HMM/POMM
transition matrix:

⇒The use of a good model topology is necessary in order
to store adequately the relevant history.



Long-term dependencies: finite order modeling and MFPT
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MC2 e f

b 42.85 45.15
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Induction algorithm

Input: -A string s from the target TP
-A precision parameter ε

Output: -A POMM EP

1. Initialization

• M̂ ←Estimate MFPTs from the sample s

• EP ← Estimate an order 1 MC from s

a

b
1

c

0.42

d
0.58

1

0.18

0.82 • s = dbcabddddddddbcabddb . . .

• Aa,b = count(a,b)
count(a)

• Model size = |Σ|

• Satisfies stationary distribution

• Does not satisfy MFPT between letters



Induction algorithm

2. Iterate

• Try every state q as a candidate for splitting
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• Minimize W (X, Y, Z) =
∑|Σ|

i,j=1(M̂ij −Mij//κ)2

such that
{

Blocks stationary distribution is unchanged
The model remains a proper POMM

• Choose the state splitting that maximize the log-likelihood



Experiments

• Random target models of increasing size are used

• 100 test sequences of length 1000 are generated for each target size

• Results are averaged on 10 training sequences
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• Performance measure: relative likelihood loss with respect to the target
model as function of the training size



Conclusion and future work

We proposed a novel approach to induce HMMs based on
the observed dynamics in the sample. This technique is
well-suited to model long-term dependencies.

Ongoing work

• Use of additionnal dynamics features in the sample

• Study the link between Petri nets and finite state machines

• Applying the algorithm on real-life data (business process logs)
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