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ANALYSIS OF NETWORK

o Activating Single Units

“Zoom" Neuron
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CONCLUSION

« Supervised Training of CNN can also be used to generate images.
« Generative network does not merely learn, but also generalizes well.

« The proposed network is capable of processing very different inputs using the
same standard layers
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MOTIVATION

« Why do we need Fine Pose Estimation?

 Why is it a hard problem?

ad,




APPROACH

e Goal: Given a set of CAD models, accurately detect and pose align
them in RGB images if they contain instance of that object.







APPROACH

« Disadvantages of using CAD Models

Image Statistics are significantly different

- No Texture

- No Occlusion

- No lllumination Artifacts




APPROACH

« Model:
« Advantages of CAD Models + Difference in modalities.

« We define a function F_ which measures how well a
pose 9, fits a rectangular image window:

F.(x)=a'S_ (x)+B' O, (x)+Y' Q. (x)

e Goal is to maximize F_ for positive poses and minimize
for negative poses.



DPM WITH 3D SHARED PARTS (S.)

« Training on simple parts based model using rendered
Images:

Sc=max[S,(x)+ ) SP.(P; x) ]

where S’ (X) =Wy . X hog and SP(P;, x) = (WP . X hog- O)

« Each pose © is considered a mixture of possible
discretized poses



DPM WITH 3D SHARED PARTS (S.)

e Obtaining Parts:
« Unlike DPM, parts are not treated as Latent variables.
» They are explicitly found using joints in 3D models

e Learning Mixture components:

o |tis computationally expensive to learn weights using
SVM.

« Exemplar LDA is used on root and part templates.
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OBJECTNESS SCORE (O,)

e Detect whether image window contains an object
or not.

e Learnt using objectness classifier [Alexe et. al, cVPR 2010].

e Deep features and selective search used.



POSE QUALITY (Q_)

« Too many false positives when training with
rendered images.

« More non-empty cells a view of a model has, more
it suffers from false positives.

» To address this, they model the emptiness using 2
terms:

Q. =| ”WeH (N | T
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EXPERIMENTS

« Top Detections




air |bookcase ble
bzllyl poang | expedit karlstad bdly5

mmmm

mmmm .
Full FPM| 10.52 [14.02] 0.30 |15.32] 7.15 | 6.10 |16.00] 5.66 [10.51

bookcase | chair | bookcase | table sofa | bookcase | chair | sofa
billyl | poang | expedit | lack2 | karlstad bzlly.‘.i stefan | ektorp | mean

| 085 [ 093] 09 [090] 082 | 075 | 090 [ 063 | 0.84
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bookecase | chair | bookcase | table | sofa | bookcase | chair | sofa
- lack? | karlstad | billy5 | stefan | ektorp [ mean
7| 083 | 08 | 080 [ 083 ] 037 | 088 | 077 | 056 [ 075
FPM| 0.87 |093] 094 [0.88] 0.83 | 0.91 | 0.99 | 0.91 | 0.91

(a) Intersection over Union > 0.5

TKEA [27]] 9441 [2832] 2173 [1112] 9265 [ 11.09 [2857] 237 [1880
DPN [§] | 40.80 [51.63] 71.87 [48.85] 3401 | 42.11 |45.34|28.80|46.56
—FPM_| 7351 [2083] 37.06 [35.16] 35.85 | 3300 [3052]97.13]31.00

b) Intersection over Union > 0.8

443 1574 [014 [ 1532 | 773 [9045[ 158 [13.00

17.37

22.80 [20.88] 22.26 | 8.71 [24.31[12.64|20.05

2012 | 305 [2044] 1150 1321
22.36




