Lossy compression

Based on transform / thresholding schemes for small coefficients.
Can use e.g. CDF 9-7 wavelets and firm thresholding. Idea based

on relation: s ~ Wi{_l}(Thr(WiS))

function w2=pThreshold(w, lambda, p)
W2 = wW!
for i=1:length(w)
w2(i) = sign(w(i))*max(0,abs(w(i)) - lambda*abs(w(i)) "(p-1));
end
end

Easy adaptivity for different blocks of data based o o
on the above relation.

RECONSTRUCTION ERRORS with DWT

dbl phi dbl psi db5 phi db5 psi db9 phi db9 psi

D

Q [=] =
[=] w (=]
=]

T
1=} 1=
L L
T
.
o
&

bz pntT ! db6phi | dbopst b ITQTphi adbIQ psi
phty @dDopN—" dbopsi [dbTqpht  [dbIqp

e
o

b -

[=] =
o =
(=)
1=
|=} I
f
error frac

+

db7 pnir'r,.1 db7ps, dbIrpht dbIlps

00023 PO 4

o
@

0 P

T

o =
T
1=}
2] F
f

dibd phi & db4 psi . . db8 pnj__1 ; dbS pg[  [dbIZ phf 'dbIzZpsi),
£ n g L L

=3

b b 4

Q [
L
f
| .
T
|
=
T
-
g

L L L L
100 150 200 250 300

# coeffs retained

Sergey Voronin, 8.2019



Lossless compression

Lossless compression based on reducing alphabet size and encoding frequently occurring
symbols with fewer bits. Needed for e.g. text/numerical data, when loss of information is not

acceptable.
Critically, one must seek to reduce

Original Compressed Restored
data entropy to improve

= —Z p;log, p, compression performance.

1
Max when p; =--=p, = — o H =log,(n)

H(A: B] =—py log, py —pg log, pg = H({ B] =—p,log, p, —pglog, pz =

=-0.5log, 0.5-0.5log, 0.5=1 = —0.8log,0.8-0.2log,0.2=0.7219




Burrows-Wheeler transform based

One of the best general purpose compressors (bzip2, Ibzip2).

——BWT— MTF—— EC ——

(a) BWT input :61 62 72 61 63 61 64 61 62 72 61 61 62 72 61 63 61 64 61 62 72 61
(b) BWT output :61 72 72 64 64 61 72 72 63 63 61 61 61 61 61 61 61 61 62 62 62 62
(c) GST output :61 72 00 65 00 02 02 00 65 00 02 00 00 OO0 OO0 OO0 OO 00 65 00 00 00
(d) RLEO output :62 73 00 66 00 03 03 00 66 00 03 00 00 00 66 00 00

(e) EC output : 00 OD 01 8D B3 FF 81 00 72 A8 E8 2B

smANANA L 1T 2 3 4 5 6 7 BWT rearranges input to reveal patterns,
ASBANAN 2 A$ X B AN ANA S MTF/RLE move common symbols to front,
Py 3 Aanas s BRI an—— . 5 compress sequences of identical digits,
BANANAS 5 BANANAS EC (Huffman or Arithmetic coding),
NASBANA 6 NAS . . . .

NANASEA 7 wavase» BWT(X) A N N B § A A encodesremaining data in fewer bits.

BWT needs to be performed over small chunks
due to expensive string sorting.



Parallel lossless compression

Easy parallel compression: subdivide input in small chunks, use sub-chunks for BWT.
Disadvantages: doesn’t take advantages of patterns throughout the whole file. Use of small
blocks hurts compression ratio. Instead, we like to cluster together similar small blocks.
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Faster string sorting

Advantageous to perform BWT on larger blocks. For this to be efficient, several levels of
O(n) pre-sorting can be done to create several smaller buckets to sort with O(n log n) sorts.

nbucket = 1, cur = (10)
bananasale ale nbucket = 2, cur = ananasale (97)
ananasale ananasale nbucket = 2, cur = anasale (97)
nanasale anasale nbucket = 2, cur = asale (97)
anasale asale nbucket = 2, cur = ale (97)
nasale — bananasale nbucket = 3, cur = bananasale (98)
asale e nbucket = 4, cur = e (101)
sale le nbucket = 5, cur = le (108)
ale nanasale hbucket = 6, cur = nanasale (110)
le nasale nbucket = 6, cur = nasale (110)
e sale nbucket = 7, cur = sale (115)
t t 1 ) d b .I: -t Counting sort with index permutation runtime
siruc \a indas eTore saort: 2 — -
{ - 5 4 2 1 1 3 4 12 10 e 8
int val; after sort:
int num inds; 1 1 2 3 4 4 5 10 12
int *inds: inds after sort:
}s; 3 4 2 5 1 6 0 8 7
counting sort_with_permind(arr,inds,n,high+1), .
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Counting sort with permutation record developed. Enables easy (one level) bucketing.



Similarity compression

Multi-channel data often has similarity which can be exploited via approximate linear
dependence and linear correlation (under transformation and sorting).

.o¢ SINGULAR VALUE DECAY PAIRWISE CORRELATION COEFFICIENT

SAMPLE WAVEFORM
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Singular value decay will most likely be non-linear. In this case, suitable low rank
factorizations (interpolative decomposition and CUR can be exploited to return the ‘key
subset’ of waveform data).
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SVD returns eigenvectors which can be difficult to interpret. ID returns a
subset of columns or rows of the original matrix, which allows for a =
reduction in the number of channels.




