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I. Register-Length vs. Power
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For ja1j < 0:8, power increases approximately linearly as a function of B.
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Full Resolution FIR Filter
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Figure 3: In�nite precision FIR �lter implemented as tapped delay line
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Reduced Resolution FIR Filter
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Figure 4: Finite precision FIR �lter implemented as tapped delay line
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Full Resolution FIR Adaptive Filter
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Figure 5: Adaptive channel equalizer using LMS with training sequence yk.
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Reduced Resolution FIR Adaptive Filter
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’ŷk

’yk

Qd

a-1

QLMS Alg

k

’

Figure 6: Adaptive channel equalizer using LMS with training sequence sk. Qd and Qc are uniform scalar quantizers using

Bd + 1 and Bc + 1 bits, respectively. Scaling factor a is used to prevent over
ow.
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LMS Power Dissipation
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Figure 7: LMS Power Dissipation vs. Bd and Bc with table lookup and partial product accumulation multipliers



Hero, ARO-MURI Review - July 1999 14

FIR Filter Power Dissipation
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MSE Performance vs. PT
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Figure 10: Optimal data bit allocation factor under PT constraint and MSE as a function of PT .
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Performance under di�erent bit allocations
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Experimental Validation
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Figure 12: Quantized LMS (channel identi�cation) learning curve. Complex White Gaussian training sequence yk with

additive noise, Training sequence passed through 31-tap FIR channel. Parameters are: �2
y = 0:1, N0 = 10�8, Bc = Bd = 12,

� = 1=32, p = 31, �min = 10�8.
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Experimental Results for Blind Equalization (CMA)
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Sequential Partial Update LMS Algorithm
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Figure 14: Block diagram of the Sequential Partial Update LMS algorithm
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Comparison of Weight Trajectories
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Figure 15: Weight Update Trajectories for � = 0:2 and � = 0:4
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Large Step Size Weight Trajectories
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Figure 16: Trajectory of w1;k and w2;k for � = 0:33



Hero, ARO-MURI Review - July 1999 30

Small Step Size Weight Trajectories
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Figure 17: Trajectory of w1;k and w2;k for � = 0:0254
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Example: Maximum likelihood sequence estimation
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Figure 18: Likelihood trajectory comparisons for ML sequence estimation
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