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Outline

• What’s compressed sensing

• What’s 1-bit compressed sensing

• Mean width [w ↔ (n, s)] [m ↔ w] 

•• 1-bit compressed sensing 

• Theorem 1.1
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What’s compressed sensing
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What’s 1-bit compressed sensing
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What’s 1-bit compressed sensing

• Dramatic compression

– n�m (compressed sensing)

– m bits (1-bit)

• Could we recover signal accurately?• Could we recover signal accurately?

4096 pixels, 8bits = 32 kb 4096 bits= 4 kb 
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P. T. Boufounos and R. G. Baraniuk. 1-bit Compressive Sensing, in Proceedings of 

Conference on Information Science and Systems (CISS), Princeton, NJ, March 2008.



What’s 1-bit compressed sensing

• Model
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This paper

• If 1-bit measurement is noisy, 

– to recover the signal X

– Accuracy

– Probability 
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This paper—

3 surprising conclusions

1. The signal x can be estimated even if each

measurement is flopped with probability

nearly ½.

( ) ),0(~            ,, 2σθ Nvvxay iiii +><=

nearly ½.

2. The signal x can be estimated even when the

noise level σ eclipses the magnitude of the

linear measurements.

3. If the noise is big enough, nothing is lost by

quantizing to 1-bit (minimax error).
12

>< xai ,



This paper
( )

( )
λ

λθ

θ

=

>=

><=

a

ggE

xay

i

ii

1x& vectorsrandomGaussian  standrard are 

tcoefficienn correlatio:

0:

,

2
Q

13

( ) λθ =>=<

=

ggExaEy

g

a

ii

i

,

 vectorrandomGaussian  standard:

1x& vectorsrandomGaussian  standrard are 
2

Q

θ

>< xai ,



Mean width
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Mean width

• How to measure the size of K?
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Mean width

• Sparse signal set
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Mean width

• Theorem 5.2 (Gaussian Concentration inequality)
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Mean width
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1-bit compressed sensing 

1. The signal x can be estimated even if each 

measurement is flopped with probability 

nearly ½.
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1-bit compressed sensing 

2. The signal x can be estimated even when the

noise level σ eclipses the magnitude of the

linear measurements
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1-bit compressed sensing 

3. If the noise is big enough, nothing is lost by 

quantizing to 1-bit (minimax error)
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Theorem 1.1
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Theorem 1.1
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Theorem 1.1
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Proposition 4.2
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Conclusions

• If 1-bit measurement is noisy, 

– to recover the signal X

– Accuracy: 

– Probability 
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