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Approaches to structure induction

1. EM pruning

- Define a surgenerative model (e.g. fully connected graph)
- Estimate parameters with EM
- Prune transitions having small probabilities

— Poor results in practice.

2. State merging

e ALERGIA/RLIPS (1994)
- Merge states if their suffix probabilities are close enough.

- Identification of structurally deterministic PA
- PNFA are identifiable [Denis, Esposito 2004]

— ALERGIA: Concerns a restricted class of HMMs
— PNFA identification: Not really tractable algorithm

e Stolcke (1994), Schliep (2001)
- Infer an overfitting model
- Merging/Model Selection is driven by a MAP criterion
— High complexity: only applicable on toy problems



Approaches to structure induction

3. State splitting

e Orstendorf (1997)
- Initial hand-crafted model is estimated with EM
- State splitting is driven by the likelihood gain

— Restricted to left-to-right HMMs

e Callut, Dupont (2004)
- Initial Model: MC estimated by maximum likelihood
- State splitting is driven by the sample dynamics

— No restriction on model topology
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HMM: the selected model
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e S-tuple: (3,Q,A, B, )
e Structure: underlying graph
e Parameters: transition + emission probabilities

e Random walks: produce strings defined on an alphabet X

Note : No final probabilities are considered.



Partially Observable Markov Models (POMM)

A POMM is a HMM such that any state emits a single letter with
probability 1.

For any HMM there is an equivalent POMM.
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Partially Observable Markov Models (POMM)

A POMM is a HMM such that any state emits a single letter with
probability 1.

For any HMM there is an equivalent POMM.
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Note:

e Several states can emit the same letter.
e \When all states emit distinct letters — POMM = Markov chain.
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Fundamental quantities of Markov chains

s=23223111232321111112311111...
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The stationary distribution  and the Mean First Passage Times
(MFPT) can also be exactly computed using the MC transition matrix.
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Relation between POMM and Markov chains

Lumped process with respect to a partition s
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A POMM can be seen as lumped process i.e. its underlying MC
lumped w.r.t the observable partition.



Summary

0.4 ¢ ¢ 0.6

0.1 0.9 0.3

[a 0.2] [a 0.9]
b 0.81 0.7 b 0.11

HMM POMM Lumped process

Random walks in HMMs <= Random walks in lumped processes

We are interested in the dynamics of random walks

e Stationary distribution

e Mean First Passage Times



Our requirements

Given a string s drawn from a target POMM, we propose that
the induced model has to meet the following requirements :

1. Stationary distribution of the blocks has to match
the letter frequencies estimated from s

2. MFPT between blocks have to match the MFPT (between
the letters) extracted from s

The induced model has to fit the target dynamics
estimated from the sample s




Induction algorithm

Input:  -A string s from the target T'P
-A precision parameter e

Output: -A POMM EP

1. Initialization

e M —Estimate MFPTs from the sample s

e P — Estimate Maximum likelihood model from s

a{”

0.82

0.18 m

0.42
| \

s = dbcabddddddddbcabddb . . .

__ count(a,b)
Aa,b ~ count(a)

Model size = |X|

Satisfies stationary distribution

Does not satisfy MFPT between letters



Induction algorithm

2. lterate

e ¢ «— Find best state to split

e Minimize W(X, Y, Z) = ZLiLl(M@J — Mz‘j///ﬁ',)2
Blocks stationary distribution is unchanged

such that { The model remains a proper POMM



Induction algorithm

3. Termination criterion

e The value of the objective function falls below a
user-defined threshold:

W(X,Y,Z) <e



Example
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Example

Split n °4 W =1.00.107°




Conclusion and future work

e \We proposed a novel approach to induce HMMs based on
the observed dynamics in the sample.

Ongoing work

e Systematic experimental study of the method
To do so, we are working on:

— A Dbetter criterion to find the best state to split
— An efficient procedure to solve the optimization problem
Future work

e Formal study of convergence

e Relations with the EM algorithm



