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Potential improvements in modeling temporal dynamics:

� Short-term dynamics (e.g. formant transitions, onsets/o� sets): more
explicit encoding in \features" (vs. delta-features, HMM s tates)

� Long-term dynamics: sequence of detectors vs. frame-based state scores.
(can build hierarchy; can focus on \glimpses")
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Approach

� Detectors: Linear �lter followed by threshold (\decision s tump"
classi�ers).

� Current �lter set (\STRFs"): simple +1/-1 edge detectors.

(H
z
)

-800
0

800

-50 0 50
-800

0
800

-50 0 50 -50 0 50

� Initial goal: model isolated Aurora digits

{ Each word modeled as a series of \detections": word k has strong
response (� � i ) to �lter pi at T-F point ( t i ,f i )

{ Training: learn N sets of f pi ; t i ; f i ; � i g.

{ 297; 984 potential features = 291 shapes � 2 signs � 32 freqs � 16
times.

{ Time points, t i , chosen from midpoints of 16 HMM-aligned states.
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Algorithm

Want to combine simple detectors into complex classi�er!
boosting

� AdaBoost for feature selection and classi�cation (as used for face
detection by Viola and Jones 2001).

� Result:

S(x ) =
N

X

i =1

� i sign(f i (x ; t i ) � � i )

{ Greedy feature selection based on weighted error; weights
updated according to classi�cation di�culty.

{ Weight of i th detector, � i , related to its accuracy.

� Search over all features is performed on each iteration.

{ Can be done very e�ciently

{ Search of 297; 984 features, all thresholds (27,727 training
words), 11 classi�ers: � 5 minutes on cluster.
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"one"

"two"

"three"

"four"

"five"

"six"

"seven"

"eight"

"nine"

"zero"

"oh"

 2.27%

 1.37%

 4.98%

 1.78%

 4.02%

 0.16%

 12.14%

 1.60%

 14.12%

 5.68%

 7.13%
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"one"

"two"

"three"

"four"

"five"

"six"

"seven"

"eight"

"nine"

"zero"

"oh"

 0.13%

 0.01%

 0.16%

 0.21%

 0.32%

 0.00%

 0.80%

 0.04%

 0.70%

 0.13%

 1.87%
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Results
These preliminary results have some \oracle" information: the
times of HMM states.

! Measures e�ectiveness of the learning algorithm, i.e.
classi�cation given the 297; 984 dimensional feature vectors.

Training Set Test Set

% Error min N w/ % Error

N=1 N=10 zero error N=1 N=10 N=100

one 2.27 0.13 18 2.03 0.18 0.03

two 1.37 0.01 14 1.60 0.12 0.03

three 4.98 0.16 20 5.43 0.37 0.00

four 1.78 0.21 25 1.87 0.25 0.03

�ve 4.02 0.32 32 3.65 0.55 0.06

six 0.16 0.00 3 0.15 0.03 0.00

seven 12.14 0.80 34 11.82 1.14 0.00

eight 1.60 0.04 14 1.78 0.09 0.00

nine 14.12 0.70 30 14.83 0.95 0.09

zero 5.68 0.13 15 6.08 0.40 0.06

oh 7.13 1.87 53 7.34 2.21 0.06

11-way 12.42 0.18 23 13.85 0.46 0.06
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In progress { determining timing of events

Currently exploring a dynamic programming approach for opt imal placement of

\events". Needs to be improved (9.5% test error).
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