Summary

Since reconstruction algorithms in compressed sensing are nonlinear
functions of random measurements, guantization to minimize MSE
of reconstruction is not the same as quantization to minimize MSE of
measurements. We extend previous work in functional quantization
and apply it to a quantized compressed sensing model to find the
sensitivity function which defines the optimal quantizer.

Compressed Sensing

« Emerging non-adaptive compression technique

« K-sparse input vector X

« Random sampling matrix @

« Can use nonlinear reconstruction method like lasso or OMP to
find best sparse solution
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Functional Quantization

 The point density Is high-res approximation of quantizer s.t.
AA(1): approx. fraction of points in [t—2A, t-Y2A]
- The optimal point density for a source y is 4,(t) = (f,(t))**
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* In functional quantization, optimize to minimize error of some
function of a source rather than the source itself
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* IT A,(t) Is best quantizer for source vector y, then optimal
functional quantizer for y; is 4;(t) = 4, (t) -»*(t)
* yi(t) Is the sensitivity profile of the function G and is defined as

Vi (t)=FE
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Problem Model
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* Sparsity pattern J chosen uniformly

» Nonzero elements x; ~ U(-1,1)

« Random matrix @ chosen s.t. columns have unit norm
* Fixed-rate quantizer Q has total rate R
 Reconstruction method G is lasso, a quadratic program

& = argmin (||y — @[3 + p|| ¥ z(1)

To find partial derivatives for lasso reconstruction, we use the
homotopy continuation method. Using this method, we scan x from a
large value to O to find the sparsity and the resulting reconstruction at
each step. The equation for each x4~ and its corresponding sparsity
satisfies:

Resulting differentials are
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Motivating Example
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 Scalar x ~ Lap(1)
* Noise n ~ N(0,0.1)
* Reconstruction method is scalar lasso:
& = argmin (|ly — z||3 + pllz(1)
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Scalar lasso reconstruction for p = 2 Distortion due to quantization
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* \We note a 1dB improvement from the sensitive quantizer

rLe

AT MIT

Quantizer Design
We prove
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We approximate sensitivity through Monte Carlo trials:
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The quantizer is found using HR approximation and approaches the
true best quantizer:
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Sensitivity function v (t) Point densities of tested quantizers
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Quantizer performance

* We find experimental sensitivity Is

- not flat and peaks away from zero
\ due to structure of lasso
-+ The optimal fixed-rate quantizer is

o | better than a uniform one by 6dB
__ Uniform _ and Lloyd-Max by about 1dB
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can be found similarly
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