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1 .Goals and motivation

We propose a similarity measure between sequences of vectors
Prior work has dealt with:

* Non-parametric distances, such as dynamic time warping|[1]
-> Limited performance

* Model-based distances between unordered vector sequences
(e.q. [2]) - Sequential information lost

* Model based distances using probability product kernels with
HMMs (e.g. PPK [3]) = Overfitting

* We propose PPK between semi-continuous HMMs (SC-
HMMSs)
(Gaussians constrained to a “universal vocabulary”)

-> Robust to overfitting

- Computationally efficient

4. State-to-state approximation
PPK between GMMs
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2. SC-HMM training

By using a SC-HMM, we split the HMM parameters into
seguence-dependent and sequence-independent
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Off-line GMM training
Using many features from
— 1 many sequences
(“universal vocabulary”)
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“universal vocabulary” encodes prior information
- Robust to overfitting

5. Experiments: Handwritten CBIR
Retrieval accuracy and compression

Dataset: Handwritten word images

630 pages, 180K word hypotheses after segmentation
Approx ~10K word images after pruning

3 different feature sets

25

| o

Sample images

—

i : |

o MRAM. A
v v

X1 tht+1 XT} Seque

of fea
vect

Feature extraction

LGH features [5]
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3. Distance between SC-HMMs
Probability product kernel [4] K7 ,(0,0") = /Z ; p(Z10)p(210")]"dZ
=

Evaluation: for all possible alignments of state
sequences, accumulate state-to-state PPK.

Approximation: Consider best path only
= Evaluation reduces to a DTW between states

DTW: Method for computing an “elastic” dissimilarity
between sequences

DTW(m —1,n)
DTW((m—1,n—1)
DTW (m,n—1)

DTW (m,n) = min +d(m,n).

6. Experiments: Synthesized typed text queries

LGH features [5]
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Top: DTW retrieval result
Bottom: proposed measure
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