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Outline	  

•  Affec&ve	  Modeling	  
– Affec&ve	  Classifica&on	  of	  Audio	  Clips	  
– Affec&ve	  Tracking	  of	  Movies	  

•  Mul&media	  and	  Cogni&on	  
– Saliency	  and	  AFen&on	  
– Representa&on	  modeling	  

•  Seman&c-‐Affec&ve	  Models	  
– Symbolic,	  Associa&ve,	  Conceptual	  
– Representa&on	  models	  in	  machine	  learning	  
– Our	  proposal:	  Audio,	  Music,	  Speech	  

•  Grand	  Challenges	  



Affec&ve	  Classifica&on	  of	  Generic	  Audio	  
Clips	  using	  Regression	  Models	  	  

N.	  Malandrakis,	  S.	  Sundaram,	  A.	  Potamianos	  	  
InterSpeech	  2013	  



Seman&cs	  of	  Generic	  Audio	  I	  



Seman&cs	  of	  Generic	  Audio	  II	  



Overall	  affec&ve	  characteriza&on	  



Distribu&on	  of	  All	  Ra&ngs	  



Distribu&on	  of	  Clip	  Average	  Ra&ngs	  



3D	  Affec&ve	  space	  correla&ons	  



Inter-‐annotator	  agreement	  



Frame	  level	  vs	  Long-‐Term	  Features	  



Feature	  Selec&on	  



3-‐class	  Classifica&on	  Accuracy	  

Arousal	   Valence	  



A	  Supervised	  Approach	  to	  	  
Movie	  Emo&on	  Tracking	  

N.	  Malandrakis,	  A.	  Potamianos,	  G.	  
Evangelopoulos,	  A.	  Zla<ntsi	  	  

ICASSP	  2011	  



Example	  Frames	  



Arousal	  vs	  Valence	  Labeled	  Data	  



Features	  and	  Models	  

• 	  Con&nuous-‐&me	  modeling	  using	  HMM	  models	  

• 	  Language	  model	  used	  for	  smoothing	  

• 	  Features	  used:	  



Results:	  Frame	  Confusion	  Matrix	  

Valence	  Arousal	  



Con&nuous-‐Time	  Emo&on	  Tracking	  

Arousal	  

Valence	  
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Example	  

Affec&ve	  tracks:	  	  
Arousal	  &	  Valence	  

Green–	  Machine	  

Blue	  –	  Human	  
Annotators	  (average)	  







Discussion	  

•  Affec&ve	  analysis	  of	  generic	  audio	  using	  
frame-‐level	  features	  and	  their	  sta&s&cs	  

•  Affect	  of	  movies	  fusing	  mul&modal	  cues	  

•  Hard	  to	  draw	  general	  conclusions	  about	  
feature	  selec&on	  

•  No	  universal	  features	  (except	  MFCCs!?)	  

•  A	  detec&on-‐based	  approach	  for	  audio	  
processing?	  	  
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Teager	  Energy	  and	  Modula&on	  

Features	  for	  Speech	  Applica&ons	  	  

Alexandros	  Potamianos	  
Dept.	  of	  ECE	  

Technical	  Univ.	  of	  Crete	  

Saliency,	  AFen&on	  	  and	  Summariza&on	  in	  Movies	  	  



Cogni&on	  and	  AFen&on	  	  

•  What	  grabs	  our	  aFen&on?	  
– Salient	  events	  	  

•  AFen&on	  and	  Percep&on:	  	  
– A	  simple	  perceptual	  algorithm	  	  
– Quickly	  iden&fy	  relevant	  (to	  survival)	  informa&on	  
– BoFom-‐up	  selec&onal	  aFen&on:	  features	  extracted	  via	  low	  
level	  signal	  processing	  

– Fusion	  of	  top-‐down	  and	  boFom-‐up	  aFen&on	  

•  The	  aFen&on/saliency	  rela&onship	  is	  used	  in	  
mul&media	  produc&on	  



What	  
Grabs	  

Your	  

AFen&on	  

in	  an	  

Image?	  

from	  hFp://www.feng-‐gui.com	  



AFen&on	  and	  Saliency	  

•  Audio:	  rhythm,	  energy,	  change	  of	  frequency	  content	  

•  Images	  over	  &me	  (video):	  mo&on	  (direc&on,	  
velocity),	  flicker	  

•  Such	  low	  level	  features	  capture	  about	  60-‐80%	  of	  
“events”	  in	  each	  modality	  

•  How	  do	  we	  capture	  the	  rest?	  
– Mul&modality	  (up	  to	  90%)	  
– Seman&cs	  (top-‐down	  selec&onal	  aFen&on)	  



AFen&on	  Models:	  Good	  Example	  

example	  from	  hFp://www.feng-‐gui.com	  



AFen&on	  Models:	  Bad	  Example	  



AFen&on	  Models	  and	  Saliency	  

*  Attention model of  video streams 

*  Saliency measures: 
- Aural: energy of  multi-frequency band features 

-  Visual: multi-scale intensity, color and motion 

-  Text: part of  speech assignments 

* Fusion on a single audio-visual-text saliency metric 



Audio	  Saliency	  Features	  



Visual	  Saliency	  



A. Potamianos, TUC 

AVT	  Salience	  via	  Linear	  Fusion	  



Example:	  x2	  compression	  
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AV	  Key	  Frames:	  300	  
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Movie	  Summariza&on	  Algorithm	  

1.   Filter: AVSC with median of length 2M + 1.  
2.  Threshold choice 
3.  Selection: segments 
4.  Reject: segments shorter than N frames  
5.  Join: segments less than K frames apart  
6.  Render: Linear overlap-add on L video frames and 

audio 

Evaluation: M = N = 20, K = L = 10 (videos at 25 fps). 
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Movie	  Summariza&on	  Algorithm	  (2)	  

1

2

3

5 4

--- c = 0.2 
--- c = 0.3 
--- c = 0.5 
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Summary	  
annotated	  with	  AVT	  

Saliency	  

Grey	  –	  Rejected	  

Color-‐	  Accepted	  in	  
summary	  



Discussion	  

•  Low-‐level	  selec&onal	  aFen&on	  can	  be	  modeled	  using	  	  
o  Low	  level	  feature	  detectors	  
o  Fusion	  of	  detectors	  across	  modali&es	  

o  Can	  capture	  up	  to	  95%	  of	  seman&cs	  

•  Relevance	  for	  audio	  processing	  
o  Audio	  source	  separa&on	  
o  Event	  detec&on	  



Seman&c	  Representa&ons	  	  













Representa&on	  Learning	  

•  Proper&es	  of	  a	  classifier	  with	  good	  generaliza&on	  
proper&es	  [Bengio	  et	  al	  2013]:	  
–  Low-‐dimensionality/Sparseness	  
–  Distributed	  representa&ons/hierarchy	  

•  Depth	  and	  abstrac&on	  
–  Shared	  factors	  across	  tasks	  

•  Examples:	  auto-‐encoders,	  manifolds,	  deep	  neural	  nets	  …	  
•  How	  to	  induce	  these	  proper&es	  in	  your	  classifiers:	  

–  Include	  as	  regulariza&on	  term	  in	  training	  classifier	  criterion	  
–  Include	  proper&es	  directly	  in	  classifier	  design	  
– Go	  deep	  and	  pray	  (dirty	  neural	  net	  tricks)	  







Computa&ons	  are	  mappings	  between	  layers	  





Grand	  Challenges	  



Detec&on-‐based	  Audio	  Processing	  

•  …	  



Saliency-‐driven	  Mul&media	  Processing	  

•  …	  



Representa&on	  Models	  for	  Mul&media	  

•  Similarity	  is	  the	  main	  building	  block	  
–  3	  types:	  similarity	  w.	  internal	  seman&c	  representa&on,	  self-‐similarity	  over	  

&me,	  similarity	  in	  context	  (biases	  by	  world/internal	  view)	  
–  Associa&ve	  network	  is	  layer	  1	  –	  all	  computa&ons	  use	  this	  basic	  representa&on	  

•  Detectors	  live	  in	  low-‐dimensional	  spaces	  with	  good	  geometric	  
proper&es	  (“metric”)	  	  

•  Features	  are	  labels,	  labels	  are	  features	  
•  Features/labels	  are	  organized	  hierarchically	  (mul&ple	  layers	  

from	  specific	  to	  general,	  i.e.,	  abstrac&on)	  	  



Descrip&ons	  of	  Sounds	  
[slide	  by	  Shiva	  Sundaram]	  	  

TEXT 

AUDIO CLIPS 

(narrow) 

(Broad) 

Quan&ta&ve	  

Language	  level	  

Analysis	  

Content	  
descrip&on	  

Impressions	  

Capture	  



Descrip&ons	  of	  Sounds	  
[original	  slide	  by	  Shiva	  Sundaram]	  	  

TEXT 

AUDIO CLIPS 

(narrow) 

(Broad) 

Quan&ta&ve	  

Language	  level	  

Analysis	  

Content	  
descrip&on	  

Impressions	  

Capture	  
(Self-‐)Similarity	  Network	  of	  Associa&ons	  

Union	  of	  	  low-‐dim.	  
“metric”	  sub-‐spaces	  

Maps	  



Our	  Timeline	  

•  Unexpectedly	  good	  results	  on	  seman&c	  similarity	  tasks	  using	  web	  data	  
•  [E.	  Iosif,	  and	  A.	  Potamianos,	  "Unsupervised	  Seman&c	  Similarity	  Computa&on	  Between	  Terms	  Using	  Web	  

Documents,''	  IEEE	  Transac<ons	  on	  Knowledge	  and	  Data	  Engineering,	  Nov.	  2010]	  
–  Lucky	  enough	  to:	  	  1)	  work	  on	  a	  seman&c	  similarity	  task,	  
	   	   	   	   	   	  2)	  directly	  modeling	  human	  cogni&on	  

•  Goal:	  reduce	  web	  query	  complexity	  from	  quadra&c	  to	  linear	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
[E.	  Iosif,	  and	  A.	  Potamianos,	  "Similarity	  Computa&on	  Using	  Seman&c	  Networks	  Created	  From	  Web-‐Harvested	  
Data",	  Natural	  Language	  Engineering,	  2013]	  

–  Lucky	  enough	  not	  to	  stop	  at	  good	  ini&al	  performance	  

•  Realiza&on:	  
–  generaliza&on	  power	  is	  in	  the	  seman&c	  representa&on/network	  
–  mul&-‐&er	  models:	  associa&ve	  network	  is	  the	  1st	  &er	  	  	  

•  Cogni&ve	  science	  literature	  [P.	  Gardenfors,	  Conceptual	  Spaces,	  2000]	  	  
–  Low-‐dimensional	  “metric”	  sub-‐spaces	  (good	  geometric	  proper&es)	  
–  Maps	  and	  operators	  defined	  in	  this	  space	  	  

•  Combine	  experience	  from	  machine	  learning	  to	  come	  up	  with	  a	  general	  
model	  


