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Proposed	
  methodSummary

Conclusions

•	
  Largest	
  behavior	
  dataset	
  to	
  date.
•	
  Social	
  behavior.
•	
  Segmenta6on	
  and	
  classifica6on	
  of	
  ac6ons	
  in	
  
con6nuous	
  video.
•	
  Novel	
  trajectory	
  features.	
  
•	
  Temporal	
  context	
  in	
  behavior	
  analysis.

Caltech	
  Resident-­‐Intruder	
  
Mouse	
  Dataset	
  (CRIM13)
hKp://www.vision.caltech.edu/Video_Datasets/CRIM13

Spa1o-­‐temporal	
  features	
  benchmark

Largest	
  behavior	
  dataset	
  to	
  date:	
  	
  	
  88	
  hours	
  and	
  8	
  million	
  frames.	
  

Con1nuous,	
  unsegmented	
  videos:	
  	
  	
  ~10	
  min,	
  140	
  behavior	
  instances/video.

Real-­‐world	
  scenario:	
  high	
  variance	
  in	
  behavior	
  frequencies	
  and	
  dura1ons,	
  
both	
  inter/intra-­‐class.

Frame-­‐by-­‐frame	
  expert	
  annota1on:	
  experts	
  spent	
  350	
  hours	
  annota1ng	
  videos.
13	
  Meaningful	
  behaviors:	
  basis	
  for	
  a	
  state-­‐of-­‐the-­‐art	
  neuroscience	
  study	
  of	
  
behavior,	
  published	
  in	
  Nature.

Focused	
  in	
  social	
  interac1on:	
  dataset	
  collected	
  to	
  study	
  neurophysiological	
  
mechanisms	
  involved	
  in	
  aggression	
  	
  and	
  courtship	
  in	
  mice.	
  	
  

Synchronized	
  top	
  and	
  side	
  views:	
  allow	
  to	
  study	
  behavior	
  from	
  different	
  views.

Results
Features	
  
used

No	
  
Temporal	
  
Context

With	
  
Temporal	
  
Context

TF 52.3% 58.3%

STF	
  (both) 29.3% 43.0%

STF	
  (top) 26.6% 39.3%

STF	
  (side) 28.2% 39.1%

(Full	
  
method)
TF	
  +	
  STF

53.1% 61.2%

Ground	
  truth

Proposed	
  method

Output	
  example

•	
  Spa1o-­‐temporal	
  features	
  are	
  
not	
  sufficient.

•	
  Novel	
  weak	
  trajectory	
  
features	
  (TF)	
  perform	
  20%	
  
beaer	
  than	
  STF.

•	
  Combina1on	
  of	
  both	
  features	
  
achieves	
  best	
  results.

•	
  Temporal	
  context	
  is	
  crucial,	
  
improving	
  final	
  classifica1on	
  
8.1%	
  (14%	
  in	
  average).

Comparison	
  with	
  human	
  annota6ons

Human	
  agreement

69.7%
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Annotators	
  2-­‐5

Proposed	
  approach

62.6%

Detector+
Descriptor Performance Codebook	
  size fps

Harris3D+
Pca-­‐Si4

20.9% 250 2.7

Harris3D+
Hog3D

18.7% 250 4.0

Harris3D+
Hog/Hof

15.5% 500 1.1

Cuboids+
Pca-­‐Sif

24.6% 250 4.5

Cuboids+
Hog3D

18.2% 250 8.7

Cuboids+
Hog/Hof

19.8% 500 1.6

Cuboids+
Pca-­‐Si4	
  

mul*-­‐scale
16.4% 1000 0.8

LTP 22.2% -­‐ 15

•	
  Differences	
  are	
  small.

•	
  We	
  use	
  Cuboids+Pca-­‐
Sif.

•	
  CRIM13	
  is	
  a	
  realis6c	
  and	
  challenging	
  dataset.
•	
  Novel	
  trajectory	
  features	
  are	
  more	
  discrimina6ve	
  
than	
  spa6o-­‐temporal	
  features.
•	
  Temporal	
  context	
  is	
  crucial	
  in	
  con6nuous	
  videos.
•	
  Our	
  method’s	
  performance	
  is	
  not	
  far	
  from	
  that	
  of	
  
trained	
  human	
  annotators.

Input video

Local features

Weak	
  trajectory	
  features

k	
  AdaBoost	
  classifiers

Auto-context

Behavior with highest confidence

Temporal	
  context	
  features
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Behavior types

Loop

t = 1..T

ŷ(i) ∈ 1..K
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Sliding	
  windows

Spa*o-­‐temporal	
  patches

Histogram

Spa1o-­‐temporal	
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  of	
  words
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Trajectory	
  features
xmi∈[1,2]

(t), ymi∈[1,2]
(t)Position

Dist(t) =
�

(xm1(t)− xm2(t))
2 + (ym1(t)− ym2(t))

2Distance
CDist(t) = Dist(t)−Dist(t− 1)Dist change

Diri(t) = atan−1(
ymi(t)− ymi(t− 1)

xmi(t)− xmi(t− 1)
)Direction

CDiri(t) = Diri(t)−Diri(t− 1)Dir change
DDir(t) = |Dir1(t)−Dir2(t)|Dir difference

�
Axmi(t)
Aymi(t)

�
=

�
V xmi (t+1)−V xmi (t−1)

2∆t
V ymi (t+1)−V ymi (t−1)

2∆t

�

Acceleration

�
Vxmi(t)
Vymi(t)

�
=

1

∆t

�
xmi(t− 1)− xmi(t− 2) xmi(t)− xmi(t− 1) xmi(t+ 1)− xmi(t)
ymi(t− 1)− ymi(t− 2) ymi(t)− ymi(t− 1) ymi(t+ 1)− ymi(t)

�
∗




0.25
0.5
0.25



Velocity

Temporal	
  context	
  features
hk
t−1(i)Confidence levels

D(k1,k2, i) = hk1
t−1(i)− hk2

t−1(i), ∀k1, k2 ∈ 1..K
Conf. differences

between behaviors

Mean behavior 
confidence

(all, past, post)

�
µ(i− sz

2 , i+ sz
2 ) µ(i− sz

2 , i) µ(i, i+ sz
2 )

�

µ(start, end) =

�end
start h

k
t−1

(end− start)
where,

1st order 
derivative

(all, past, post)
∂hk

t−1

∂t
(start, end) = hk

t−1(end)− hk
t−1(start)where,

�
∂hk

t−1

∂t (i− sz
2 , i+ sz

2 )
∂hk
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∂t (i− sz
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∂hk
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∂t (i, i+ sz
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