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Introduction
ÅCASA based approaches attempt to isolate target speech using techniques inspired by human auditory perception [1]

ÅThey transform the input sound signal into a time-frequency (T-F) representation and then attempt to identify the T-F units

where the target energy dominates the energy of the interfering signal to obtain the Ideal Binary Mask (IBM). Estimation of the

IBM from a mixture of target and interference has been described as the computational goal of CASA

ÅTraditionally, the binary mask estimation in CASA systems is accomplished in two stages

ÁSegmentation ïIdentifying contiguous sets of T-F units that are likely to have originated from the same source

ÁGrouping ïGrouping segments into the target or interference stream respectively

ÅOften parameters in such system are often determined manually, with the system relying on thresholded features to make

decisions at the segmentation or grouping stages.

ÅWe propose a discriminative random field-based model that effectively combines the two CASA stages into one. This allows

for greater system flexibility and automatic determination of system parameters

ÅDiscriminative random fields (DRFs) were introduced in the field of

computer vision [2]

ÅGiven a set of nodes with an associated graphical structure, DRFs

directly model the probability of a set of labels x, conditioned on the

observed data y, as

ÅThe association potentials Ai(xi, y) capture local features associated

with sites in the graph, whereas the interaction potentials Iij(xi, xj, y)

capture interactions amongst pairs of sites

ÅSince the computation of the normalization term Z, is intractable for

general graphical models, we use the pseudolikelihood approximation

ÅThe optimal assignment of labels is determined using graph-cut

algorithms, previously used for inference in Markov Random Fields [3]

Discriminative Random Fields
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Neighborhood structure for DRF : Each circle represents a T-F unit.

The shaded boxes represent interaction features between pairs of

sites. Association features are associated with the individual sites

Ô
Í

º
Si

Ni i
xyxpyxp ),|()|(

Experimental Setup
ÅThe DRF systems are trained using the corpus of ten voiced utterances mixed in with ten intrusions collected by Cooke [5]

ÅBuilding on work in [4] we extract a set of six pitch based features corresponding to each T-F unit. These features were used

to train a total of 128 multi-layer perceptrons (MLPs) - one for each of the frequency channels. The MLPs were trained to

directly optimize the SNR-based objective criterion as described in [4]

ÅWe trained a total of 3 DRF systems that differed only in the features used to model their respective association potentials

ÁSystem Aïbias term, six pitch based features, posterior probabilities

ÁSystem B ïnine features of System A and additional óaverageôfeature

ÁSystem C ïbias term, posterior probabilities and óaverageôfeature

In all three systems we use only a bias term and the cross-channel correlation between adjacent frequency channels as the

interaction features
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Results and Discussion
ÅSystem performance was evaluated in terms of SNR gain using a test corpus constructed by using the ten voiced utterances

from Cookeôscorpus as the target with examples from the NOISEX database mixed in as interference (N0-N7).

ÅA second testing corpus was created by mixing in eight random utterances (four male (N8-N11) and four female (N12-N15))

from the TIMIT database as interference. All mixtures were created at an average SNR of zero dB.

ÅThe best performing DRF system - System C - performs comparably with the baseline system on the examples constructed

from the NOISEX database and performs marginally better under certain noise cases

Table 1: SNR gain (dB) averaged across the ten utterances for

each of the noise cases taken from NOISEX database.
Table 2: SNR gain (dB) averaged across the ten utterances for

each of the noise cases taken from the TIMIT database.

Table 3: Labeling accuracy (%) averaged across the ten

utterances for each of the noise cases taken from the TIMIT

database.

ÅOn the examples constructed from the TIMIT database

however, all three DRF systems perform significantly worse

ÅTo explore this further, we also measured system accuracy, by

determining the percentage of T-F units in the computed mask

that were labeled correctly.

ÅThe DRF-based systems perform comparably and in some

cases outperform the baseline when performance is measured

in terms of labeling accuracy

ÅThe DRF systems tend to correctly identify many of the smaller

regions in the IBM, especially in the higher frequency channels,

as compared to the system in [4]
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