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Example-‐based	  Skinning	  Decomposi.on	  
•  Input	  

•  Output	  
– Without	  skeleton:	  

– With	  skeleton:	   +	  
Skeleton	  

Skinning	  	  
Weights	  



Example-‐based	  Skinning	  Decomposi.on	  	  	  

•  Background/Mo.va.ons	  
– Availability	  and	  affordability	  of	  performance	  capture	  

– Reusing	  a	  small	  set	  of	  example	  poses	  for	  edi.ng/
control	  

Marker-‐based	  mocap	  with	  	  
dense	  markers	  
[Park	  and	  Hodgins	  2006]	  

Performance	  Capture	  of	  Interac.ng	  	  
Characters	  with	  Handheld	  Kinects	  

	  [Ye	  et	  al.	  2012]	   Weta	  Digital's	  Tissue	  System	  

Any	  3D	  model	  
Authoring	  tools	  

	  [Mohr	  and	  Gleicher	  2003]	  



Example-‐based	  Skinning	  Decomposi.on	  
•  Applica.ons	  
– Anima.on	  edi.ng	  

–  Compression,	  hardware-‐accelerated	  skinning	  

– Mesh	  segmenta.on	  
–  Collision	  detec.on	  
–  Skin	  retarge.ng	  

6	  DoFs	   3	  DoFs	  

CPUs	   GPUs	  



Skinning	  Weight	  Reduc.on	  &	  Compression	  

•  Mo.va.on	  
–  Impose	  the	  sparseness	  constraint	  on	  the	  weights	  

– Maximally	  retaining	  the	  visual	  quality	  



Road	  Map	  
Part	  I:	  	  

Example-‐based	  Skinning	  Decomposi.on	  	  

Part	  II:	  	  
Example-‐based	  Skeleton	  Extrac.on	  

Part	  III:	  	  
Skinning	  Weights	  Reduc.on	  &	  Compression	  

	  



Review:	  Linear	  Blend	  Skinning	  

v0
t,i =

Pm
j=1 wij(Rt,jvi +Tt,j)

The	  deformed	  	  
posi.on	  
of	  vertex	  i	  	  

Influence	  of	  bone	  j	  
	  on	  vertex	  i	  	  

Rest	  pose	  posi.on	  
	  on	  vertex	  i	  	  

Rota.on	  of	  
bone	  j	  	  

Transla.on	  of	  
bone	  j	  	  



Example-‐based	  Skinning	  
Decomposi.on	  

•  Defini.on	  (inverse	  of	  LBS	  problem)	  
– Automa.cally	  extract	  the	  LBS	  model	  from	  example	  poses	  

•  Several	  selected	  skinning	  decomposi.on	  methods	  
–  Skinning	  mesh	  anima.on	  (SMA)	  [James	  and	  Twigg	  2005]	  
–  Fast	  and	  efficient	  skinning	  of	  animated	  meshes	  (FSD)	  [Kavan	  et	  al.	  2010]	  
–  Smooth	  skinning	  decomposi.on	  with	  rigid	  bones	  (SSDR)	  [Le	  and	  Deng	  2012]	  



Problem	  Formula.on	  
•  A	  constrained	  least	  squares	  op.miza.on	  problem	  

•  Constraints	  used	  in	  different	  methods	  
–  SSDR	  and	  SMA	  can	  handle	  the	  orthogonal	  constraint	  

Non-‐nega.vity	  constraint	  

Affinity	  constraint	  

Sparseness	  constraint	  

Rt,j
TRt,j = I, detRt,j = 1, 8t, j Orthogonal	  constraint	  

min
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General	  Pipeline	  

Clustering-‐based	  
Bone	  

Ini7aliza7on	  

Op7miza7on	  of	  Skinning	  
Parameters	  

Bone	  transforma.ons	  
update	  

Skinning	  weights	  	  
update	  



Clustering-‐based	  Bone	  Ini.aliza.on	  
•  Goal	  

–  Ini.alize	  proxy	  bones	  from	  
example	  poses	  

•  Algorithms	  
– Mean	  shi*	  clustering	  (SMA):	  
without	  explicitly	  specifying	  #	  of	  
bones.	  

– Mul1ple	  source	  region	  growing	  
(FSD):	  efficient.	  

–  K-‐means	  clustering	  (SSDR):	  
assuming	  each	  vertex	  is	  driven	  by	  
one	  bone	  only.	  

image	  courtesy	  of	  [kavan	  et	  al	  2010]	  

K-‐means	  clustering	  in	  SSDR	  method	  



Op.miza.on	  of	  Skinning	  Parameters	  
•  Single-‐pass	  strategy	  in	  the	  SMA	  method	  
–  Iden.fy	  influence	  bones	  per	  vertex	  (a	  fixed	  number)	  

•  Having	  the	  smallest	  squared	  error	  when	  predic.ng	  deformed	  posi.on	  
of	  vertex	  i	  alone.	  

–  Es.mate	  bone-‐vertex	  weights	  
•  A	  constrained	  least	  squares	  problem	  

•  Mul.-‐pass	  (Itera.ve)	  strategy	  in	  FSD	  and	  SSDR	  
–  Itera.vely	  update	  bone	  transforma.ons	  and	  skinning	  weights	  	  

•  only	  describe	  the	  algorithm	  in	  SSDR	  in	  this	  course	  
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Itera.ve	  Op.miza.on	  in	  SSDR	  

Rt,j
TRt,j = I, detRt,j = 1, 8t, j
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SSDR:	  Update	  Skinning	  Weights	  
minW,R,T E = minW,R,T
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SSDR:	  Update	  Bone	  Transforma.ons	  
minW,R,T E = minW,R,T
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SSDR:	  Skinning	  Weights	  Update	  
•  Per vertex solver: Constrained Linear Least Squares"

•  Speed up the Active Set Method [Lawson and Hanson]"
–  Pre-compute LU factorization of             and"
–  Pre-compute QR decomposition of"

Non-‐nega.vity	  Constraint	  
Affinity	  Constraint	  



SSDR:	  Skinning	  Weights	  Update	  
•  Per vertex solver: Constrained Linear Least Squares"

•  Weight pruning of bones with small contribution"
Sparseness	  Constraint	  

Keep |K| bones with largest eij and solve the LS again"
Refer	  to	  the	  Course	  Note	  for	  more	  detailed	  explana.on	  of	  the	  non-‐nega.ve	  least	  
squares	  solver	  with	  affinity	  constraint	  

eij = kwij(Rt,jvi +Tt,j)k2



SSDR:	  Bone	  Transforma.ons	  Update	  

•  Per	  example	  pose	  solver	  
Et = minRt,j |Tt,j ,j=1···m

Pn
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2

Rt,j
TRt,j = I, detRt,j = 1, 8t, jSubject	  to:	  

  Levenberg-Marquardt optimization [Marquardt 1963]"
 Optimized solution             Slow"

 Absolute Orientation (a.k.a. Procrustes Analysis) 
    [Kabsch 1978; Horn 1987]"

 Fast                                    Approximate solution"

Nonlinear	  Constraint	  



SSDR:	  Bone	  Transforma.ons	  Solver	  
•  Solution: Solve bone transformation one-by-one to 

minimize the deformation residual of remaining bones"
 Linear solver, fast, and simple"
 Near optimized solution	  

Rest	  pose	   Example	  pose	  

Weights	  
Green	  bone	   Red	  bone	  



SSDR:	  Bone	  Transforma.ons	  Solver	  
•  Solution: Solve bone transformation one-by-one to 

minimize the deformation residual of remaining bones"
 Linear solver, fast, and simple"
 Near optimized solution	  



SSDR:	  Bone	  Transforma.ons	  Solver	  
•  Solution: Solve bone transformation one-by-one to 

minimize the deformation residual of remaining bones"
 Linear solver, fast, and simple"
 Near optimized solution	  



SSDR:	  Bone	  Transforma.ons	  Solver	  
•  Solution: Solve bone transformation one-by-one to 

minimize the deformation residual of remaining bones"
 Linear solver, fast, and simple"
 Near optimized solution	  



SSDR:	  Bone	  Transforma.ons	  Solver	  
•  Solution: Solve bone transformation one-by-one to 

minimize the deformation residual of remaining bones"
 Linear solver, fast, and simple"
 Near optimized solution	  



SSDR:	  Bone	  Transforma.ons	  Solver	  
•  Solution: Solve bone transformation one-by-one to 

minimize the deformation residual of remaining bones"
 Linear solver, fast, and simple"
 Near optimized solution	  



SSDR:	  Bone	  Transforma.ons	  Solver	  
•  Solution: Solve bone transformation one-by-one to 

minimize the deformation residual of remaining bones"
 Linear solver, fast, and simple"
 Near optimized solution	  

Before	   Amer	  



SSDR:	  Bone	  Transforma.ons	  Solver	  
•  The residual      for bone "

•  Now find the rigid transformation"
Bone	  	  	  	  out	  

(	  	  	  	  	  	  	  	  ,	  	  	  	  	  	  	  )	  
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���
2

vi
Rt,ĵ Tt,ĵ



SSDR:	  Bone	  Transforma.ons	  Solver	  

          SSDR method                 Weighted Absolute Orientation"

Bone	  blending	   No	  blending	  
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A	  Toy	  Example	  
          SSDR method                 Weighted Absolute Orientation"



SSDR:	  Rigid	  Bones	  versus	  Flex	  Bones	  



Comparisons	  of	  Different	  Skinning	  
Decomposi.on	  Methods	  

SSDR	  method	  [Le	  and	  Deng	  2012]	  

Ground	  truth	   SMA	   SSDR	   Ground	  truth	  

Skinning	  Mesh	  Anima.ons	  (SMA)	  
[James	  and	  Twigg	  2005]	  



Comparisons	  of	  Different	  Skinning	  
Decomposi.on	  Methods	  

LSSP	   SSDR	   Ground	  truth	  

SSDR	  method	  [Le	  and	  Deng	  2012]	  

Ground	  truth	  

Learning	  Skeletons	  for	  Shape	  and	  Pose	  (LSSP)	  
[Hasler	  et	  al.	  2010]	  



Comparisons	  of	  Different	  Skinning	  
Decomposi.on	  Methods	  

Result	  in	  parentheses:	  rank-‐5	  EigenSkin	  correc.on	  [Kry	  et	  al.	  2002]	  



Part	  I:	  	  
Example-‐based	  Skinning	  Decomposi.on	  	  

Part	  II:	  	  
Example-‐based	  Skeleton	  Extrac.on	  

Part	  III:	  	  
Skinning	  Weights	  Reduc.on	  &	  Compression	  

	  



Example-‐based	  Skeleton	  Extrac.on	  
•  Concept	  

–  Directly	  extract	  skeleton	  from	  example	  poses	  
–  Minimize	  the	  example	  pose	  reconstruc.on	  error,	  while	  handling	  rota.onal	  

joint	  constraint	  
•  Categories	  of	  method	  

–  Single-‐pass	  methods	  [Schaefer	  and	  Yuksel	  2007;	  de	  Aguiar	  et	  al.	  2008a;	  Hasler	  et	  al.	  
2010]	  
✔	  Fast	  and	  efficient	  
✖	  Redundant	  bones	  in	  skeleton	  
✖	  Accumulated	  errors	  in	  skeleton	  

–  Mul.-‐pass	  methods	  [Le	  and	  Deng	  2014]	  
✖	  Slow	  and	  more	  computa.onal	  .me	  
✔	  Accurate	  and	  robust	  skeleton	  

Results	  from	  an	  implementa1on	  of	  	  [Hasler	  et	  al.	  2010]	  



Single-‐pass	  Methods	  
•  Ini.aliza.on	  	  

–  Proxy	  bones	  and	  skinning	  weights	  
•  Skeleton	  construc.on	  

–  Linking	  bones	  to	  a	  tree-‐structure	  
•  Joint	  posi.ons	  calcula.on	  

–  Compu.ng	  joint	  posi.on	  

Skinning	  
Decomposi.on	  

Apply	  
Joint	  

Constraints	  

Example	  Poses	  

Unorganized	  Bone	  
Transforma.ons	  with	  Weights	   Skeleton	  



Single-‐pass:	  Ini.aliza.on	  
•  Genera.ng	  bone	  transforma.ons	  and	  skinning	  
weights	  
–  Similar	  to	  the	  example-‐based	  skinning	  decomposi.on	  

•  Ini.aliza.on	  algorithms	  
–  Example-‐based	  skinning	  decomposi.on	  (SSDR,	  FSD,	  SMA,	  
LSSP,	  etc)	  

–  Spectral	  clustering	  [de	  Aguiar	  et	  al.	  2008a]	  
•  Seed	  ver.ces	  drive	  the	  segmenta.on	  of	  nearly	  rigid	  parts.	  

–  Edge	  collapsing	  [Schaefer	  and	  Yuksel	  2007]	  
•  Borom-‐up	  hierarchical	  clustering	  strategy	  



Single-‐pass:	  Skeleton	  Reconstruc.on	  
•  A	  weighted	  graph	  G	  
–  Nodes	  correspond	  to	  bones	  
–  Cost	  of	  edge	  

•  Minimum	  spanning	  tree	  algorithm	  
–  [Kirk	  et	  al.	  2005;	  Schaefer	  and	  Yuksel	  2007;	  	  de	  Aguiar	  et	  al.	  2008;	  Hasler	  et	  

al.	  2010]	  

g(j, k) =
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✓
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Numerator:	  Joint	  constraint	  value	  	  
Denominator:	  Weight	  blending	  of	  2	  bones	  



Single-‐pass:	  Joint	  Posi.on	  Solver	  
•  Joint	  posi.on	  solver	  [Anguelov	  et	  al.	  2004]	  

min
ojk

PS
t=1

����

✓
[Rt,j |Tt,j ]� [Rt,k|Tt,k]

◆
ojk

1

�����
2

2

+ µ kgj + gk � 2ojkk22

Joint	  constraint	  term	  
Distance	  between	  the	  joint	  and	  
the	  centroid	  of	  two	  bones	  



Mul.-‐pass	  Method	  
•  Itera.ve	  rigging	  strategy	  [Le	  and	  Deng	  2014]	  

Update	  
Skeletal	  topology	  
Joints	  posi.ons	  

Update	  
Skinning	  weights	  

Bone	  transforma.ons	  



Mul.-‐pass	  Method	  



Mul.-‐pass:	  Objec.ve	  Func.on	  
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Where:	  

Subject	  to:	  
wij � 0,

Pm
j=1 wij = 1, kwik0  K(= 4), 8i, j

Rt,j
TRt,j = I, detRt,j = 1, 8j, t

Data	  	  
Term	  

Weights	  
Smoothness	  

Joint	  
Constraints	  



Mul.-‐pass:	  Data	  Term	  
minE = ED + !ES + �EJ

•  Data	  Term	  

– Minimizing	  reconstruc.on	  error	  w.r.t.	  Weights	  &	  
Bone	  transforma.ons	  [Le	  and	  Deng	  2012]	  

– No	  skeletal	  structure	  

Rest	  pose	  

Input	  
example	  
poses	  

Skinning	  weights	  

Bone	  transforma7ons	  

ED = 1
nS
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Mul.-‐pass:	  Weight	  Regulariza.on	  Term	  
minE = ED + !ES + �EJ

•  Skinning	  Weight	  Regulariza.on	  Term	  
–  No	  regulariza.on:	  Fracture	  due	  to	  weights	  sparseness	  
constraint	  or	  noisy	  input	  data	  	  

–  Our	  rigidness	  Laplacian	  regulariza.on:	  Smooth,	  deforma.on	  
sensi.ve	  

Evaluated	  on	  all	  example	  poses	  (	  f = 1..F )	  

ES =
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Mul.-‐pass:	  Joint	  Constraint	  Term	  
minE = ED + !ES + �EJ

•  Joint	  Constraint	  Term	  
– Minimizing	  devia.ons	  of	  the	  joint	  loca.ons	  amer	  
applying	  bone	  transforma.ons	  

Bone	  j	   Bone	  k	  Ojk 
Rest	  Pose	  	  

Example	  Pose	  t 

Ojk	  is	  the	  joint	  posi.on	  	  
in	  the	  rest	  pose	  

Recovering	  ar1culated	  object	  models	  from	  3D	  range	  data	  [Anguelov	  et	  al.	  2004]	  
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Mul.-‐pass:	  Joint	  Constraint	  

No	  Joint	  Constraint	   With	  Joint	  Constraints	  



Mul.-‐pass:	  Skeleton	  Pruning	  
•  Over-‐completed	  clustering	  (for	  bones)	  at	  the	  
ini.aliza.on	  step	  
– Difficult	  to	  avoid	  (true	  #	  of	  bones	  is	  unknown)	  	  
–  Lead	  to	  unnecessary	  redundant	  bones	  in	  the	  skeleton	  

Ini.aliza.on	   Skeleton	  



Mul.-‐pass:	  Skeleton	  Pruning	  
Remove bone j if

nX

i=1

wij
2 < 10

�2M

where: M = max

k

(
nX
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wik
2

)



Mul.-‐pass:	  Skeleton	  Pruning	  



Mul.-‐pass:	  Results	  

Skeleton	  (27	  bones)	   Skinning	  Weights	  Input	  (48	  poses)	  



Comparisons	  
horse-‐gallop	  
8431	  ver.ces	  

48	  example	  poses	  
27	  bones	  



Comparisons	  

Lowest	  RMSE	  

Method	  I	  



Comparisons	  

Method	  I	  
[Le	  and	  Deng	  2014]	  



Part	  I:	  	  
Example-‐based	  Skinning	  Decomposi.on	  	  

Part	  II:	  	  
Example-‐based	  Skeleton	  Extrac.on	  

Part	  III:	  	  
Skinning	  Weights	  Reduc.on	  &	  Compression	  	  



Skinning	  Weights	  Reduc.on	  
•  Weights	  in	  linear	  surface	  
deforma.on	  
– Non-‐nega.vity	  and/or	  affinity	  
constraints	  

–  Locality	  
•  A	  small	  number	  of	  bones	  (or	  
control	  points)	  per	  vertex	  

•  Weights	  decrease	  w.r.t.	  distance	  
between	  vertex	  and	  the	  bone	  (or	  
control	  point).	  

v0
i =

P
j wijcj

v0
i =

Pm
j=1 wij [Rj |Tj ]vi

(cage-‐based	  deforma.on)	  

(linear	  blend	  skinning)	  



Skinning	  Weights	  Reduc.on	  
•  Discrete	  op.miza.on:	  

–  Difficult	  to	  find	  op.mum	  solu.on	  
–  High	  pay-‐off	  for	  non-‐op.mum	  solu.on	  

•  Fracture	  
•  Significant	  increase	  of	  compu.ng	  cost:	  nK	  non-‐zero	  	  n(K+1)	  non-‐zero	  

•  Pros	  and	  Cons	  
–  Speed	  up	  skinning	  efficiency	  significantly	  (in	  par.cular,	  GPUs)	  
–  Loss	  of	  skinning	  visual	  quality	  (in	  par.cular,	  excep.onal	  ver.ces)	  

Image	  courtesy	  of	  [Landreneau	  and	  Schaefer	  2010],	  @EG	  2010	  	  

excep.onal	  ver.ces	  



Two-‐layer	  Sparse	  Compression	  of	  
Dense	  Skinning	  Weights	  

•  Posi.oning	  
– Speed	  up	  skinning	  efficiency	  
– Maximally	  maintain	  visual	  
quality	  

•  Idea	  
– Two-‐layer	  blending	  
– Caching	  similar	  blending	  
opera.ons	  



Two-‐layer	  Sparse	  Compression	  

Bone	  Transforma.ons	  

Blending	  

Ver.ces	  

Ver.ces	  

Bo
ne

s	  
•  Input:	  Skinning	  weights	  	  dense	  matrix	  



Two-‐layer	  Sparse	  Compression	  
 Compression:	  W ≈ DA 
–  Dic.onary	  D, and sparse	  coefficients	  A 
–  card(D) + card(A) << card(W) 



Two-‐layer	  Sparse	  Compression	  
Dense	  

Sparse	  

•  Virtual	  Bones	  
–  Cache	  similar	  transforma.on	  
–  Use	  as	  basis	  

•  Sparse	  Virtual	  Bone	  Blending	  
–  Keep	  the	  number	  of	  bones/vertex	  as	  small	  as	  possible	  	  
(2	  bones/vertex)	  



Two-‐layer	  Sparse	  Compression	  
Dense	  

Sparse	  

Master	  Bones	   Master	  Bones	  +	  Virtual	  Bones	   All	  



Two-‐layer	  Sparse	  Compression	  

c=max{card(wi)}+1 
n is	  very	  large	  
card(A)=2n→min 



Preliminaries:	  Sparse	  Decomposi.on	  	  
•  Defini.on	  
– Given	  mul.-‐dimensional	  
observed	  data	  and	  a	  
dic.onary	  matrix,	  es.mate	  a	  
sparse	  vector	  that	  sa.sfies	  a	  
linear	  system	  of	  equa.ons,	  	  

•  Applica.ons	  
–  Image	  processing,	  audio	  
processing,	  data	  
compression,	  denoising,	  etc.	  



Preliminaries:	  Sparse	  Coding	  
•  Defini.on	  
–  Solving	  the	  op.mal	  sparse	  vector	  a	  given	  the	  dic.onary	  D	  
–  L0	  norm	  and	  L1	  norm	  regulariza.on	  

•  Algorithms	  
– Matching	  pursuit	  algorithm	  [Mallat	  and	  Zhang	  1993]	  
–  Orthogonal	  matching	  pursuit	  algorithm	  [Tropp	  and	  Gilbert	  

2007,	  Cai	  and	  Wang	  2011]	  

mina2Rm
1
2kx�Dak22 subject to kak0  L

Sparse	  coding	  with	  L0	  norm	  regulariza7on	  



Preliminaries:	  Dic.onary	  Learning	  
•  Defini.on	  
–  Solving	  the	  op.mal	  Dic.onary	  
D	  given	  the	  sparse	  vector	  a	  

•  Algorithms	  
–  K-‐SVD	  for	  L0	  norm	  
regulariza.on	  [Aharon	  et	  al.	  2006]	  

–  Online	  dic.onary	  learning	  for	  
L1	  norm	  regulariza.on	  [Mairal	  et	  
al.	  2010]	  

minA kX�DAk2F 8j, s. t. kajk0  L

minD kX�DAk2F 8j, s. t. kajk0  L



Two-‐layer:	  Sparse	  Matrix	  
Decomposi.on	  Solver	  

•  Alterna.ve	  update	  D	  and	  A 
(Block	  coordinate	  descent) 

Update	  D Update	  A 



Two-‐layer:	  Update	  Dic.onary	  D	  

dj 

•  Online	  learning	  with	  warm	  restart	  
[Mairal	  et	  al.	  2010]	  

–  Result	  dj	  is	  normalized	  to	  have	  the	  unit	  length	  

� =
nX

i=1

aiai
T = [�1, . . . ,�m] 2 Rq⇥q

� =
nX

i=1

wiai
T = [�1, . . . , �m] 2 Rm⇥q

dj  1
ajj

(�j �D�j) + dj



Two-‐layer:	  Update	  Coefficients	  A	  

αi 

•  (per	  vertex)	  Linear	  least	  squares	  with	  2	  unknowns	  

•  Use	  mesh	  smoothness	  
assump.on	  to	  quickly	  
find	  the	  non-‐zero	  	  
candidates	  (virtual	  bones)	  



Virtual	  Bones	  Distribu.on	  







Summary	  
•  Example-‐based	  skinning	  decomposi.on 	  	  
–  Inverse	  problem	  of	  LBS,	  extrac.ng	  the	  LBS	  model	  from	  
a	  small	  set	  of	  example	  poses	  

– Handling	  joint	  constraint	  for	  skeleton	  extrac.on	  
•  Skinning	  weight	  reduc.on	  and	  compression	  
–  Speed	  up	  skinning	  efficiency	  esp.	  on	  GPUs	  
–  Balance	  the	  trade-‐off	  between	  efficiency	  and	  quality	  



Thank	  you	  for	  aren.on!	  
•  Executable	  code/files	  of	  
–  Smooth	  skinning	  decomposi.on	  with	  rigid	  bones	  [Le	  and	  
Deng	  2012],	  

–  Skeletal	  rigging	  from	  mesh	  sequences	  [Le	  and	  Deng	  2014],	  	  
–  two-‐layer	  sparse	  compression	  of	  dense	  skinning	  weights	  [Le	  
and	  Deng	  2013]	  	  

are	  available	  at	  the	  link	  below.	  

hXp://graphics.cs.uh.edu/ble/progs/skinning/	  


