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Residual Learning

• Three advantages: 

• Easy to optimize 

• Gain accuracy from 
considerably increased depth  

• Speed up training

Introduced by He et al., 2015. 
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Inception Network

Inception-v3: Factorization

Inception-v1 (aka GoogLeNet)
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Architectural Choices
Pure Inception blocks: Uniform choices for each grid size
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Pure Inception blocks: Uniform choices for each grid size
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Architectural Choices
Residual Inception blocks: Cheap 1x1 convolution
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Architectural Choices
Residual Inception blocks: Cheap 1x1 convolution
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Architectural Choices
Small tricks:
• Use batch-normalization only on top of layers (Inception Res-Net)
• Scaling down the residuals to stabilize training
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Training

• Stochastic gradient utilizing the TensorFlow distributed machine learning 
system 

• Using 20 replicas running each on a Nvidia Kepler GPU
• Momentum with a decay of 0.9
• Best models were achieved using RMSProp with decay of 0.9 and     = 1.0. 
• Learning rate of 0.045, decayed every two epochs using an exponential 

rate of 0.94. 
• Model evaluations are performed using a running average of the 

parameters computed over time.
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Experimental Results

10



Experimental Results

11



Experimental Results

12



Questions?
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Thank you!
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