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Audio data

Abstract — Nonnegative matrix factorization (NMF) can be used to
decompose a spectrogram V & RMXN into two nonnegative latent fac-
tors W € RM*E and H € REXN which respectively encode spectral O (i)\9
patterns (dictionary) and how these are mixed (activation). The results Jpa(0) = Z [(COS prnA— sin Oz gy,) N
depend strongly on the time-frequency transform used for computing V. Upn

Can we learn a transform ® so that V can be well approx-
imated using NMF?

Jacobi update for one axis (p, q)
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— non-convex, non-smooth, /N poles for 6 € (—%, %]
' ' M =10, N =100, K =5

time (s)

fs =16 kHz, M = 640 (40 ms, 50 % overlap, sine-bell), N = 785

NMF and transform learning

Baseline: IS-NMF TL-NMF Objectlve function
Audio data obJectlve function fit L1 pehalty
Y € RMXN . matrix that contains N adjacent and overlapping 8 0 3
short-time frames of width M of the sound sample ¥y .1&7 10’ | b’
[S-NMF with " Randomized grid search
o WL SPATEIy - M —draw Npyop random proposals 6 € (—2E2T] /L —

Minimize D(|®pctY ™ |WH) + A—=|[H]|l; with e (0, 1] R ot

st. W>0H2>0, Vk,||wg||1 =1 (1) — approximate (5) as 0 ~ arg min Nprop Ipg(0) 10° - — Jpo® - | - -
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, : _ CPU time (s CPU time (s CPU time (s

D(A|B) = >7;:(a;j/bij — log(a;j/b;;) — 1) ltakura-Saito divergence — no decrease of (2): move on to a different axis (p, q) K =8 7—10-10 (ISNMF) &  ~ 4 10~ (TL-NMF)

Factorization rank K — decrease of (2): repeat for smaller value of o

Nprop = 100, R = 6 and (a1, a2) = (0.3,0.7), identical random init's
— IS-NMF fastest (since ® fixed), TL-NMF-Jacobi smallest objective

Transform learning: TL-NMF

Update for ® (U3)

— Can find % mutually independent random couples (p, q) (rotation set)
— update in parallel

— Repeat K (= |2R/M |) times for each update (U3)

— v sequentially updated as

Minimize def

Decomposition

IS-NMF

Component 1 I
Compon]nt 2

M
C(®,W.H) = D(|®Y[**|WH) + A\—|[H]|;
st. W>0H>0, Vk,||wi|]1 =1,8'® =1y,
(inspired from [1])

TL-NMF Jacobi
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Orthogonality constraint: ® € O
e Mimics commonly used Fourier or DCT transform ®pct

— a(k,l) = 7M™

e Avoids blow-up & trivial solutions such as (&, W, H) = (0,0, 0)
where [ is outer loop iteration (Algo. 1) and k =1,..., K "~ Component "~ Component3
adaptive transform @ windowed segments Y O 2 w H
020000 00000 @O ® @) {g 00000 ‘J — plays role similar to a step size parameter ’ ’ ’ ’ ' ’
0000 0000000 Q0 0000000 : : : :
Algorithm 2: Jacobi update of @ at iteration ! Component 2 Component 4
0000 0000000 ~ @ © - e ’ M » .ll
0000 0000000 @ o Input : ¢, X = @Y,V = WH, Nyop, 12, ’ ’ ’
\O ©09o O) \‘ ©0 0606606 ‘/ \‘ ./ OUtput: ¢ : Component5 ' : Component:S :
I N for k =1,...,[2R/M] do st W: oot
Generate a random permutation of (1,..., M) in u
m—’ time for °(7 - )1’ ) ( ’ M/2 dO) : Component:6 : Component:6 :
p,q) = 4,0, M .
original temporal signal y for s = 1, .J. | 7‘i]\_|;pfop do M‘WN—W* [t - M—P—‘.‘M’Wﬂ‘
. Draw at random 6 € (— a(k4l)ﬂa a(kil)w] ' Component? ' Component7
Block-descent algorithm Evaluate () — D(|R,, (9)X|[¥) P - T I | ‘ ‘ '+
Algorithm 1: TL-NMF-Jacobi (End : ~
Imout - Y. - K\ 0 < arg mning Jpq(e) A Component8 ' Component8
Outout. B. W H if D(|Ryq(0)X|°*[V) < D(|X|*?|V) then RYSTRRPRITISIITSISONA T
| .p. S 0 0 o) Update transform ® < R,,,(0)®
In;t;ahze;b Tl VW =WV H=H"Y and set [ =1 end S tme (9)10 i s ime (910 o
while ¢ > 7 do g
HO « Update H as in [2] (U1 endend reconstruction using standard Wiener filtering approach (cf., [1])
WU « Update W as in [2] (U2) — set of components for IS-NMF & TL-NMF comparable
&) « Update ® using Algorithm 2 (U3)

Normalize ® to remove sign ambiguity

C’(fI)(l 1) W(l 1) H(l 1)) C(<I>(l) w® H(l)) [ e
SR Numerical experiments Learnt atoms
—In [2]: projected Gradient Descent for (U3) Synthetic data — Update (U3) only
—Here: new Jacobi-like iterative approach for update of : 13 .
PP P _Minimize  F(®) = D(|@Y[2[V*) st. @ c 0OV : | ‘ :
where V* = |®*Y |
JaC0b| a|g0r|thm Random data Y € RM >N 3nd random transform ®* ¢ @M, ¥ D11 $23
Random initialization ® = ®Y) in vicinity of ground-truth ®*: N\AM\ MVNW /\/\/\N
||} |
IPR = 10log 2 lr
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Orthogonal matrix in @Y — product of Givens matrices R, (0) € oM 25 M1, N=100] >> M =10, N =100 | > M =10, N = 100 w Hw NHW M M NW“ w
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M (M —1)/2 distinct axes of rotation (p,q) € {1,..., M}x{1,..., M}, MR B B |
rotation angle 6 € [0, 27| 2| 2| 1 2] |
Jacobi update: given () and (p, q), with X)) = @)y, 1 1 1 -
o) = pq(e)q’(z) (4) \& MMNV\
0 = arg Zl”lflﬂ@ Jpq<9) (5) —1_2 O 2 —1_2 O 2 —1_2 O 2
e ) 102
Jpg(0) = D(|Rpg(8)X X" ”"|WH) (6) 3l M =10, N =1000] 3| M =10, N =1000] 5| M =10, N = 1000}
IPR =0 IPR = 10 IPR = 20
2t 2 2
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