UNIVERSITY OF WISCONSIN

GOSUS: Grassmannian Online Subspace Updates with Structured-sparsity

A,

THE UNOI}/ERSITY . . . . . WHITEWATER
WISCONSIN Jia Xu', Vamsi K. Ithapu', Lopamudra Mukherjee?, James M. Rehg?, Vikas Singh'
. : . . . . . : . . . . msitintunte
MADISON fUniversity of Wisconsin-Madison, University of Wisconsin-Whitewater, {Georgia Institute of Technology G@ew‘?r;%ﬁpmﬂggw“
PROBLEM STATEMENT PROBLEM FORMULATION CONVERGENCE RESULT ONLINE BACKGROUND SUBTRACTION
o + 200 fo + 645 fo + 882 fo + 930

Online subspace learning in the context of sequential | Denoting v as observation, U as subspace matrix, | 1neorem 1. For A, u;, p; >,O vie{l,--- I}, the _ , h
observations involving structured perturbations w as coefficient vector, x as perturbation, we sequence {(Wx, X, {Z;}, {y'})} generateql by Alg.

formulate 1 from any initial point (Wo,Xo, {251, {Yo;) €ON-
verges to (w*, x*, {z"}, {y"}), which minimizes (3)

/
min ZH,HD"x\|2+%||Uw+x—ng (1) atfixed U*.
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5. & , . UPDATE OF U WITH ESTIMATED (W*, X*) A1
e » hon-convex feasible set: U' U = I;; Fig. 1 Effective adapting to intermittent objec motion in the background.
non-smooth regularizer: mixed norm. L : Static BG Dynamic BG Video Models
> 9 1. Derivative of [,() IN (3) w.r.t. U : A== - Datasets  RPCA[24] RPMF[36] GRASTA[15]| GOSUS
oL - . | Eccaleor 091 T as0 | 090 0%
SOLVE FOR TUPLE (W7 X) AT FIXED U* @ — )\(UW* + X* — V)W>|< = SW" (4) | WavingTrees | 0.74 0.84 0.87 0.98
’ Campus 0.90 0.86 0.77 0.98
. . s = \(Uw* + x* — V) : residual vector. R Lo -
Introducing a slack variable z to decouple the (Uw? + ) = " el | oz | 050 | 076 | 0%
Motivation: non-smooth term, 2. Gradient on the Grassmannian B
» Segment video as “foreground”/“background” by / \ VL= (I UUT)aE (- UUT)sw'T — sw*” [ ouman [Tos7 [ oso | ase | 0%
online learning of the background subspace min Z will2'l|2 + EH U'w +x — V|5 ) ou gy = coot| [ShoppingMal] 092 [ 095 | 080 [ 094
C : W, X
» The deviation from the background subspace is =1 2 G £ SVD of U/ 5) Fig. 2 ROC curves b T Area under RS
1 3 I __ I  _ . m —
the “foreground st. z=Dx, 1=1,.-- 1/ ompac < O Poq w* Input Truth  GOSUS  GRASTA[15] RPCA[24] ~ RPMF[36]

» But “foreground” does not come in “random” and
Is almost always “structured”

. . . A\ . . .
Low,x, {Z}.{y'V) = wullZ|ls +=||U'w+x —v|5 | 4. Update Uwith a gradient stepsize n along the
OUR IDEAS ; | 2 geodesic direction —V L
/

Model data as two layers: subspace + perturbation: n i yiT( Dix — z') + Z &H Dix — 23 U(n) = U+(cos(on)—1)Uqq’ —sin(on)pq’ (6)
» Subspace is modeled on a Grassmannian with — — 2 1 B
online updating along the geodesic (3)

» Spatially contiguous and structured perturbations | Algorithm 1 ADMM for solving (W*, X*)

(people, objects, landmarks in videos) are : s Ny initial- i
modeled via group sparsity In: Subspace: U*, observation: v, initial: xo, zy, Yy, T[RRI HIN =

group operator: D', hyper-parameters: A, u, p

Out: coefficient vector: w*, structured outliers: x* Algorithm 2 Main Procedure of GOSUS
STRUCTURED SPARSITY Procedure: — .

In: Observation: V, subspace initialization: Up,

The augmented Lagrangian is given by p= o= |[s[[|w][, q=

Isll W]

Lemma 1. The subspace updating procedure (6) | .
preserves the column-wise orthogonality of U. Fig. 3 Qualitative results.

ONLINE MULTIPLE FACE TRACKING

» Group operator: A n x n diagonal matrix D’ 1: for k F)\(; — K d)\OU*T - hyperparameters: \, p, p
d * * . : :
I. 1 if element j is in group i: 2. A< AU A+ 5 D) , /" A= 0, sparse */ ICD)Ut Bdackg-round B, structured foreground: X
Djf - 0 otherwise L 1 i=1 i J _ roceaure: Fig. 4 Examples of multiple face tracking in the Big Bang Theory.
| AU Tv i for t—1— T do
» Support overlapping and non-overlapping groups | 3: b + 5 ZI' Dyl + le Diyi 2. Solve (w*, x*, {z/*}, {y’*}) by Algorithm 1; KEY TAKEAWAYS
~ Groups for background subtraction: coarse-to-fine : =1 Tk T L= PR 3. (Optional) Update stepsize ; ; . .
. 4 (Wi, Xkiq) < minwx |[(Aw  x]7 — b)||2 on | | 1. Online subspace updating schemes on the
superpixels k+1, Xk+1 WX 4: Update U; by (6); . . .
. GPU Grassmannian while allowing structured norm
» Groups for face tracking: a structure between , | y 5. end reqularization
i 5. I < D'Xy 4+ & . . . . |
Ianrk °910ns SE— X ST Remark: relation to stochastic gradient algorithms | 2. Imposing prior structures on perturbations improves

o me  max{||rifl2 — & O}Hr’ I’ . Examples come in a sequential manner, subspacg estimation and is robust to noisy
7 Yk Vi + P/(D'xk+1 ~ Zj,1) instead of random sampling; observations.
o: end from the manifold. http://pages.cs.wisc.edu/~jiaxu/projects/gosus/
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