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LASSO-BASED FAST RESIDUAL RECOVERY FOR MODULO SAMPLI
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1. Motivation and Contributions 2. Problem Statement 3. Properties of Finite-Energy BL Signals
> Analog-to-digital-converters (ADCs) play a vital role in modern information processing systems > Modulo Sampling: —os , - o .
> ldeally, the dynamic range (DR) of an ADC should be greater than the DR of the input signal, f(t) € L”(R) N By,,: Finite-energy band-limited signal ‘
otherwise, it leads to loss of information O ht) o 11 - /0
Desired | Clipping/Saturation [ - | O =FO+2(1) — fln] = fln] + z[n), z[n] € 227
] E— | AT N AMA A~ AN _ _ _ t=nT,
ADC R . LA //-\\ . My (@) = (a + 1) mod 24 — A ? > Time-Domain Separation:.
— — * N : // “\‘\ ’," . . . _
[—4, 4] £ N |/ ’AT\ — OSSOl Riemann-Lebesgue Lemma: |t1|1£noo f(t)=0 “ o
| > Existing Literature: faln] = 7ln] +zin], zIn] € 222 -+ Modulo
> Sampling is an important building block in an ADC. Typically, a band-limited signal is sampled > Higher-Order Diff HODs) Based [1]: Sensitive ¢ « T = NTs: Covers 98 — 99% of energy ! '
at Nyquist rate, which is greater than twice the signal’'s maximum frequency component Igher-Uraer i erences.( s) Base _[ | Sensi Ve 10 of f(t) i \/
| _ _ | noise and requires a sampling rate of 2me times Nyquist rate . T, =NTy: f(6) = fF(E),VE>T, ]
' = . - , :
> High sampling rate Expensive and power consuming ADCs » Prediction-Based [2]: Improved upon HODs and required a and fy[n] = f[n],V n > N,
> Desirable: High-DR-ADCs that operate at lower sampling rate sampling rate that is greater than Nyquist rate ;
> This paper addresses the high DR issue of an ADC using the non-linear modulo operator > Beyond Bandwith Residual Recovery (B“R?) [3]: Improved l, .
N . . . . T, )
> We propose a fast and robust algorithm called LASSO-B“R? for recovering bandlimited true Jpon prediction b.ased, requires a sampling rgte slightly z(t)/z|n: Finite T-duration/N-length signal
samples from folding samoles higher than Nyquist. Computationally expensive and not fast
P .g P | | | enough > Frequency-Domain Separation:
> We show that the first-order difference of the residual samples is sparse and can be recovered A B ot ol IR TSP 2090, 1 £ R e SpL 2019 31 E Aot ol IGASSP 200
from its partial Fourier measurements by formulating a sparse recovery problem 1A Bhandanietal {4l E-Romanovetal IR Asaretal | Z(e/) = F(e/W),Vpr < lw| <
> We demonstrate that the proposed algorithm is robust to noise and computationally efficient R: Robust, fast, and operates at low sampling w1
compared to the existing methods rate where p =-7 == -7 —
OF : Over-sampling Factor T
4. Observation 5. LASSO-B?R* 6. Results / 7. Conclusions \
—~ A~ . . . Input signal Comparator Output/ Modulo Signal
‘ filnl = fIn] + Z[n], Z|n] = Az[n] is sparse > Time-Domain Separation e
‘ T STl ic o fiita N - | Algorithm 1 LASSO-B R Algorithm Modulo T M > We proposed a fast and robust
05F — e, Z[Tl] s a finite N Iength Slgnal i 1: Input: fy(n), A, p, maxltr > maxItr denotes the maximum Hardware — e & " Eh‘ B o A algorlthm to recover the residual
. | : Eumber[m;riteratinns Board i = RS R | © RANGE signal In modulo sampling
| | | | | | | | - . - I . Lompuie e : x -~ |
-ﬂ-gm 350 400 450 500 o 550 600 650 700 ) FOUI'IeI'-DomaIn Separatlon: i 3- Construct [V] M.?‘ N using (4) [4] S. Mulleti et al. IET 2023 DAC o ‘..r;‘m _. . e oo “ Up/Down Counter
Residual Signal I 4: Compute F (Eﬂ%) VkeZand 2k ¢ (pm, 2w — pm) - < ;* *m |
1 [ [ I [ [ [ [ [ I p A ’ N PT, P 21Nl £¥ Ve B0 Ve B8 Ne 3 S e Eil)e Faatisreazatag .
| -/ 2mk\ N —jomkn Ok ¢ 5 Initialize: 7 = 0.1[V7F[|oo. 7 = (. maxltr = 1000, N G oalmier | > We showed that the residual
n ﬂ Fy (e N ) = Zﬂz(n)e Vo € lpm2m — pm) i and 2® € N(0,1) Simulation: Robustness Over-Sampling signal’s first-order difference is a
" : 6: for : = 0 : maxItr do Sparse vector
'u'finn 3;1: 400 450 500 550 atlm a;u ?tlm : T E(HU = S,],T (ﬁ“} - TVH (Vi(i) - FA)) 150 {}F=.45nd1=ln.25 . 150 GF?Emd’l:.n'E . 140 MR=50B L SNR=10d8_
(b) I === Higher-Order Difference —— Higher-Order Difference - | [
05 First-Order Difference of The Fteslld_ual Signal . l : ] if || ﬁ(i-l-l} _ i[i)”? < 10—4 then Em'.l —:;::!cunn-ﬂmd Em —:;e:;ctlnn.amd = | . m_—:g::u‘;ﬁﬁm
- : 0: 7 = E[H-l) E ‘\—LAEED-BZRZ E. \ - ASS0-B2R? Em._:i::mn&m \' Em-—:::u-a’ﬂ’- .
[FA] = [V]arsw[2] | 10 it 2 | 2 | E e | £ > Then, the problem of recovering
e L1 endif : : ~o \ =\= b\ ‘/\ the residual signal is formulated as
. I 12: end for E o} %o Ly 12 of
0 350 400 450 sm{c} 550 600 650 700 ) Observatlon : 13- % (J_Ezﬁ_l_" > Rounding the residual to 2)\Z ﬂ\ | m-\ a Sparse recovery prOblem
||f( )|| 2 : 14: z + cumsum(Zz) > Cumulative summation operator on z - : ” " " " 50 ; " - ” ” o — 0 " ” R p 5 "
- o~ _ |~ 2|n] is a sparse signal 115t f(n) ¢ fa(n) = 2(n) SR dB) SHR 48 p v
L < min (4K + 4K { 21 " N)’ K= {ZOF J I 16: Output: f(n) N | -:}F=l4{a:d1=lu.25 | . | UF?Efidh=lﬂ.25 | ! Limitation ’ ) Through simulations, we
or = oF=s %=1y In practice, the \ Y J g :Eﬁzﬁﬂﬂm o :ﬁiﬁﬁﬂi’e’m demonstrated that the proposed
ind ind i ’ : : —Lassos's? ot —uassos's? lgorithm is fast and robust
A 2K houJEan 2K hou;don 2K hom}Jdm] . i} 2 2. ISTA AI Orlthm: f 6 f a . .
ons | me | s | m | s | s | actual L valug S I;AS’ASO BR™ . '51 '53 compared to existing methods
0.5 256 51‘2 170 340 128 256 far IeST3 thar(]j Its mlnﬁg " F)l — V7 "% _|_y ” 7 ”1 » 2(i+1) — S)/T (i(l) _ TvH(Vi(l) _ F/l)) § Eg-
o e | w | we | UPPEr boun 7 “
where S, (x) = sign(x)max(|x| — y7, 0) — e —
SNR (dB)

A decreases — L increases @
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