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What is Action Categorization?

Input Videos

Disregards tasks s.a. action segmentation, action localization.
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What is Action Categorization?

Input Videos

Biking

Running

Disregards tasks s.a. action segmentation, action localization.
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Classification

Video Representation

Sfandarcl Classic Approaches

Feature Pooling

Feature Extraction

Input Videos

Variations of features over time:

H. Wang, ICCV, 2013.
Trajectory description

Tracking in each spatial scale separately

Dense sampling
in each spatial scale

VX x\‘ X x”
v v
E. Taralova, ECCV, 2014.
Bag of Motion Words
ool
=

‘Motion Words|

4. Bag of Motion Words

3. Supervoxel features

2. Supervoxel

1 Stan;‘lard BoW codebook.
Problem: Feature extraction is slow and takes space to store

3/16



Standard Deep Net Approaches

Input Videos Feature Extraction Feature Pooling Video Representation Classification

4534 344534554

1546000348 7 634
3791754539656
> | 3947394759250 >
o 6062394 72349
5 | | m 8320705

Variations of pooling over frames:

J Yue-Hei Ng, CVPR 2015. X. Peng, ECCV, 2014.
" Feature
o Class Prediction iDT & Dense 1#FV layer in Max-Margin 2% FV layer in Classifier
= i Soores Inpu videos subvolumes subvolumes dim. reduction entire videos
Raw — S 090 Fencing
Frames = DD ~ B | cotio N | ime
— EEo — Golswig
p— [ CricketShot
20-120 secons Class coo/no 4”'“‘ punch
video clips Soorss Nunchucks
Fusion [ e - TempRope
Traditional Fisher Vectors , Kayaking
Optical L] ‘ Longlump
Flow ey il uing
ey == D ga - Rafting
LS Shotput
b 0 Roving
CNN Feature  Feature FVin entire B

Input videos DT

Computation Aggregation videos

Problem: Still extracts features and aggregates them, but better features.
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Deep Learning Approaches

K Simonyan, NIPS 2014.

d Spatial stream ConvNet
convl || conv2 || conv3 | conva || convs || fulle full7 ||softmax|
e aose || 2008
suide | s | swride 1 || swide 1 || e || cropout || aropout

nom. || norm. pool 22
single frame class.
- 4 score

I . Temporal stream ConvNet S

. ‘conv1 |[convz | conv3 | conva |[convs |[ fulls |[ fullz |[softmax]

7x7x96 4096 | 2048

stride 2 || stride 2 |'stride 1 || stride 1 | 'stide 1 [f cropout || dropout
22/

pool 2x2 pool

multi-frame | ool 22

N Srivastava, JMLR 2015.

@
+
(&)
E3 _
@ &
()] ()]
Patch extraction ro 1 2
(1) (13 (4 (s1) (s2)
Low level gescriptors ~ Fully connected layers
unsupervised layers Supervised layers

Slowly bridging the gap in performance.
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Is Feature Extraction Needed at Test-time?

e (lassic: extract handcrafted features and use them in a video representation.

Raw values Descriptor extraction ~ Codebook assignment

Classic » E
Approach

A

Final video
representation
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Is Feature Extraction Needed at Test-time?

® CNN-based: extract CNN features and use them in a video representation.

Raw values Descriptor extraction ~ Codebook assignment

Classic »
Approach

Raw values ~ Learned CNN features
N 3\
CNN-based 0l

Final video
representation
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Is Feature Extraction Needed at Test-time?

o Featureless: predict codeword IDs and compute a first-order video representation.

Raw values Descriptor extraction  Codebook assignment

Classic »
Approach

Raw values ~ Learned CNN features
i \
CNN-based » Final video
Approach [ representation
! 4
Raw values
Featureless Mapping from raw values to video representation
Approach T
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How? — Featureless Boosfing

Proof of concept: discard the features and learn their statistics instead.

From input raw-pixel values.
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How? — Featureless Boosfing
Proof of concept: discard the features and learn their statistics instead.

Subpatches / dimensions Boosting --- Learn/Predict codeword IDs

L BT NS

Y Y
IY) 1D ID

Input raw patches

From input raw-pixels learn
a mapping to codeword ID-s.
(Time Efficient ---> so use Boosting)
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How? — Featureless Boosﬁng

Proof of concept: discard the features and learn their statistics instead.

Input raw patches Subpatches / dimension Boosting --- Learn/Predict codeword IDs
g B m.n.3 v
= |- 1 A 2
W'
L t D D
N 1D
4 |

l

From input raw-pixels learn a mapping

to codeword IDs, and use them
in the video representation --- bag m

7116



How? — Featureless Boosﬁng
We train the real version of the multiclass Adaboost [J. Zhu, 2009]:

1. Initialize the observation weights w; = 1/n, i =1,2,... n.
2. Form=1to M:

(a) Fit a classifier T¢

0 the training data using weights w;.
(b) Obtain the

ed class probability estimates

™ (&) = Prob,(c = klz), k=1,...,K.

(c) Set

o () () (K — (m) () — L (m) =
Training data are W) - (K- (logp" ) g ek (Z))' e
patch dimensions, ) s

labels are wi —wi- exp (—51%—111{10813("')(31‘))' i=1...,n
codeword IDs.

(e) Re-normalize w;.

3. Output

M
Clx) = argmax Z hf["')(z)‘

m=1
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How? — Featureless Boosﬁng

We train the real version of the multiclass Adaboost [J. Zhu, 2009]:

1. Initialize the observation weights w; = 1/n, i =1,2,... n.
2. Form=1to M:

o the training data using weights w;.
eighted class probability estimates

™ (&) = Prob,(c = klz), k=1,...,K.

Multiclass decision W) (K-1) (1ogp§;">(z) _ %Zlogp},’")(z)) .
.

trees with
probabilistic output. (@ Set

K-1
(e) Re-normalize w;.
3. Output
S (m)
m
Clz) = m'gm’x‘axz hy ().

m=1
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How? — Featureless Boosﬁng

We train the real version of the multiclass Adaboost [J. Zhu, 2009]:

1. Initialize the observation weights w; = 1/n, i =1,2,... n.
2. Form=1to M:
(a) Fit a classifier T™)(z) to the training data using weights w;.
(b) Obtain the weighted class probability estimates
™ (&) = Prob,(c = klz), k=1,...,K.

(c) Set

Decision boundary W™ () — (K —1) 1%210”2..)(2))‘ R
-

weighted in each
leaf by the sample

d) Set
W; — w; - exp (—uy{logp(m)(zi)) yi=1,...,n.

weight: K
ko
Py (xi) = % (e) Re-normalize w;.

3. Output
m
C(z)=m’gm’x‘ax§ hy ().

m=1
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2. Form=1to M:
(a) Fit a classifier T™)(z) to the training data using weights w;.
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%

(d) Set
K-1
i o— Wi - —— ,-71 (m)( i) L i=1,....n.
Weight Updates./’/> Wi w e"P( & yilogp z) i n
(e) Re-normalize w;.

3. Output
M
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m=1
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How? — Featureless Boosﬁng

We train the real version of the multiclass Adaboost [J. Zhu, 2009]:

1. Initialize the observation weights w; = 1/n, i =1,2,... n.

2. Form=1to M:
(a) Fit a classifier T™)(z) to the training data using weights w;.
(b) Obtain the weighted class probability estimates

™ (&) = Prob,(c = klz), k=1,...,K.

(c) Set
h;;m)("') —(K-1) (IOSPS")(E) - %;logp};")(z)) Ck=1,...
(d) Set
i cwiexp (~ K yTogp™ (@) ) | i =
Predicted codeword e e’"’( K viloep (z’))' i=l...m
ID for the input (e) Re-normalize w;.
patch. 3. Output y
 * Clz) = m'gm’x‘axz h™ ().

m=1
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How? — Featureless Multiclass Waldboost

» Can we make it even faster?
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How? — Featureless Multiclass Waldboost

» Can we make it even faster?

> Early stopping — Waldboost [J. Sochman, CVPR, 2005].

' : <t ) —

\ Y
D D D

If the prediction is below a
threshold continue, else stop.
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» Can we make it even faster?

> Early stopping — Waldboost [J. Sochman, CVPR, 2005].
' : <t ) -
\ A Y
ID 1D D

If the prediction is below a
threshold continue, else stop.

» But Waldboost finds stopping thresholds for 2-class Adaboost only.
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How? — Featureless Multiclass Waldboost

» Can we make it even faster?

> Early stopping — Waldboost [J. Sochman, CVPR, 2005].

' : <t ) —

\ Y
D D D

If the prediction is below a

threshold continue, else stop.

» But Waldboost finds stopping thresholds for 2-class Adaboost only.

» Train on unused training data a stopping decision tree that gets as input
the prediction of the strong classifier up to now.

mia,x (Stopﬁf )) >«

The strong classifier
prediction up to M.
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A-to-Z Featureless Approach

e Get a set of training videos and test videos.

(1) Video data

Training

Test
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A-to-Z Featureless Approach

During:
® {raining: extract (patch, codeword-ID) pairs;
e testing: only patches and predict codeword-IDs in the multiclass Waldboost.

(1) Video data (2) Efficient multiclass Waldboost video representation learning
TrainirE Input raw patches Learn/Predict codeword IDs
2 Tie
. L R R | AL

] A
I:J D D

O .
orsubpatcnes. ol Y N
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A-to-Z Featureless Approach

e Compute a video representation with the predicted codeword-IDs.

(1) Video data (2) Efficient multiclass Waldboost video representation learning (3) Video representation
T’ai"f’E Input raw patches Learn/Predict codeword IDs AP ERD
L' RS RS | - d
Y Y A
N D D D

3D representation

Sample dimensi % 1 3
orubpatcnes. - BN NI
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A-to-Z Featureless Approach

e Use the video representation for action categorization.

(1) Video data (2) Efficient multiclass Waldboost video representation learning (3) Video representation (4) Labeled videos
T’ai"f’E Input raw patches Learn/Predict codeword IDs AP ERD @
s A ! X v
: [ CPE W o R
Al Y Y 2
N D D D 50
) °® 1
>
1-vs-all
Test SVM
N
P \

Sample dimensions »f
or sub-patches. \ ﬂ E -
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Experimenta] Evaluation

Experimental Setup:

» UCFII dataset. [J. Liu, CVPR, 2009]

v

Codebook with K-means over 100 K descriptors.

v

Gray-scale patches of 24x24 dimensions.

v

1000 weak classifiers, trained on 24 random dimensions.

v

Stopping threshold « set to .97.
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Experimenta] Evaluation

Waldboost word prediction versus other Iearning a]gorithms

> Setup:
> ]00 din1(’]15i()nal C()del)()()l(.
» HOG descriptors for codebook construction.

> Results:
Linear SVM Adaboost Waldboost
MAP 16% 41% 41%
Time/frame  15.00 sec 4.00 sec 0.60 sec
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Experimental Evaluation
Learning versus feature extraction

> Setup:
> ]OO din1e]1$i()nﬁ| C()del)()()l( {()r HOCIy HOF
» 1000 dimensional codebook for 3D-HOF.
> 3D'H()(] descl‘ipﬁ)rs over 8 Fl'ﬂmt'SA

» Results:

HOG HOF
BOW  Waldboost BOW  Waldboost
MAP 4% 41% 37% 32%
3D HOF
BOW  Waldboost BOW & Waldboost
45% 36% 50%
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Experimenta] Evaluation

Learning featureless and codebookless representations

> Setup:
> From the 100 K patches each is considered to be a data center.

> Only & 100 patches have test-time patches assigned to them.

» Results:

BOW Codebookless
Adaboost  Waldboost
MAP 44% 41% 37%
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Conclusions

Present a proolc of concept showing that we can bypass feature extraction.
Still obtain comparable performance with the representation we learn from.
To this end, a straightforward Waldboost multiclass approach is proposed.

Fina“y, we consider both featureless and codebookless representations.
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Thank you

(1) Video data (2) Efficient multiclass Wal [deo representation learnin (3) Video representation (4) Labeled videos

2D representation
VAN

/Predict codeword IDs

{ e |

Training Input raw patches

3D representation

e ) ﬂ Sample dimensions

- or sub-patches.
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