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Tree Modular Neural Network Architecture
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Constructing The Hierarchy: Similarity Metrics

Properties
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Differences in Semantic and Visual Similarities
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Visual Distance
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Constructing the Hierarchy
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Finding Visual Similarities

Randomly initialized DNN: Softmax outputs are approxmately Py \
\

Input Airplany Auto. \\ Bird ! Cat Deer \ Dog Frog Hors Ship Truck

. Cat 0.094 | 0.108| ' 0.097| 0.098| 0.097| \0.103| 0.092| 0.092|\Q110| 0.105
untrained | ik | 0099| 0103| 0098| o101 o107 o101 o104| o105 00s2| 0086
‘ Cat 0.011| 0026 0103 0.303| 0.105 0.200| 0.102| 0.104| 0.010 0.032
Trained | rick | 0060 o0as3| o018 0024 0017 0022 0012| 0041 0060| 0.550

10 categories in the CIFAR-10 dataset
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Finding Visual Similarities

Randomly initialized DNN: Softmax outputs are approxmately Py

° N\

Input Airplany Auto. \\ Bird | Cat Deer \ Dog Frog Hors Ship Truck |

) Cat 0.09':1 0.108 h 0.097 0.098 0.097 \0.103 0.092 0.092 110 0.105
Untrained Truck 0.099 0.103 0.098 0.101 0.107 0.101 0.104 0.105 0.092 0.086
) Cat 0.011 0.026 0.103 0.303 0.105 0.200 0.102 0.104 0.010 0.032
Trained Truck 0.060 0.193 0.018 0.024 0.017 0.022 0.012 0.041 0.060 0.550

10 categories in the CIFAR-10 dataset

Trained DNN: Softmax outputs for certain categories increases after training
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Averaged Softmax Likelihood
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Neural Architecture Search To Find Neural Network Size
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Selecting DNN Sizes
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Training Tree Modular Neural Networks
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Tree Modular Neural Network Construction
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Hierarchy Constructed For CIFAR-10 Dataset
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Dataset Technique Model Size (KB) FLOPs Test Error
VGG 16 28,200 206 M 0.066
DenseNet 102,000 9,388 M 0.070
CIFAR-10 | CondenseNet 43,000 1,024 M 0.034
MobileNet v2 8,800 100 M 0.060
This Method 806 28 M 0.079
VGG 16 528,120 | 15,300 M 0.295
ResNet-34 84,100 3,640 M 0.276
ImageNet | DenseNet 32,400 3,000 M 0.230
SqueezeNet 5,330 837 M 0.425
This Method 2,515 713 M 0.313

Yung-Hsiang Lu, Purdue University
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Improvement in Energy Consumption
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Improvement in Inference Time

Inference Time (s)
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Tree Modular Networks
for Object Counting
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Object Counting
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Existing Object Counting Techniques
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Return the number of regions that contain humans.
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Tree Modular Neural Networks Increase Efficiency
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Identify Root-Leaf Path for Query

Query: Human
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Each region (red box) is processed by a small root DNN.
If region contains a living thing, process further; otherwise discard region.
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Different Paths for Different Queries
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Hierarchy Constructed for PASCAL-VOC Dataset
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Comparison with Existing Techniques

|

p Model -
Dataset Technique ' Size (MB) FLOPs ';I":;tE o YoiBua Tiny | Proposed
|Faster RCNN | 1,100| 440B| 138/ | YOLO | Wethos
YOLO 3 28| 1418 1e1 '"f‘(ﬁgﬁ;;')me 2233 125 1.02
Pascal | Tiny YOLO 55 5B 2.32 “-I-E-nergyrécr)nsumpt‘iénu J i '
VOC | LC-FCN 194 156 B 1.20 | | (J/img) lochu| & o
Semantic Tree 16 418B 2.56 |
This Method 16 428 1.80
|FasterRCNN | 1,100| 4408,  1.99
YOLO v3 249 141 B 2.07
COCO | TinyYOLO 56 5B 3.01
Semantic Tree 20 44 B 3.51
This Method | 19 1 44 B 2.24
RMSE: Root Mean Squared Error 07
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Object Re-ldentification
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Object Re-Identification
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Existing Object RelD Techniques
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Efficient Object RelD with Attribute Labels
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Tree Modular Neural Networks for Object RelD
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Neural Network Construction for RelD

e \Which attributes should be identified? Obtain
attribute correlations.

e \What order should they be identified? Quantify
the difficulty of attribute identifications.
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Difficulty of Identifications: In Market 1501 dataset

male e female

Feature vector of an image obtained
with a pre-trained DNN
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Attribute Correlations
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Hierarchy Constructed for Market-1501
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Experimental Results

Dataset | Technique Si'::?:lls) FLOPs | Rank-1 mAP Rapsip: ;:ry Jet:z:lbrld:no
RAM-VGG | 528l 15,483 M | 0.720 | 0.573 Query Energy Query Energy
Multi-Task | 351 | 11,172M | 0.803 | 0.786 Time(s) | (J) | Time(s) | (J)

yral | DenseNet 77: 4,340M: 0.671 | 0.700 | | PenseNet S - 255| 1818
Random Tree | 25| 2,006M| 0.6310.585| | DARE 1141 5583 09| 792
;ﬁiﬁed sall sveziel| e ogas $f:ed°m 439 19.83 0.77 5.72

| pyramidal ‘ 184 | 9,757M | 0.928 | 0.821 :Zi::d 2.13 10.33 0.35 2.70
Auto RelD 55| 2,050M | 0.938 | 0.834

Market- | DG-Net 101| 4,029M | 0.896 | 0.745

1501 | pandom Tree 257| 1,736| 0.788 | 0.535
;:;’;‘;?d 14| 808M| 0885|0699
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Conclusions

e Tree Modular Neural Networks perform efficient image classification.
e Can be extended to object counting and re-identification applications.
e Accuracy-efficiency tradeoff exist.

SOURCE CODE:
https://github.com/abhinavgoel95/Modular_Neural Networks
https://github.com/abhinavgoel95/Object-RelD-Hierarchical-Neural-Networks
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https://github.com/abhinavgoel95/Modular_Neural_Networks
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