
Deep neural networks performance 
optimization in image recognition

Rassadin A. G., Savchenko A. V.

ITNT-2017, Samara



Outline
1. Problem discussion and formulation

2. Overview of performance optimization approaches: categorization and survey

3. Evaluation of existing optimization methods with the respect to the real task

4. Distillation the knowledge as multi-objective optimization
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Problem Discussion
The success of deep convolutional neural networks (CNN) has started from the paper Krizhevsky et al. [5]. 

Contemporary CNN architectures are much more accurate when compared with original AlexNet. However, their runtime 

complexity becomes insufficient for application in several practical tasks, especially with implementation on mobile 

platforms. Hence, the performance optimization of deep CNN is now considered as one of the most important studies in deep 

learning.

image credits: https://image.slidesharecdn.com/gtc-express-deep-learning-with-cudnn-webinar-150709172741-lva1-app6891/95/gpu-accelerated-deep-learning-for-cudnn-v2-4-638.jpg?cb=1436463102
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Problem Formulation
Review and evaluate methods for performance optimization of deep neural networks in application to real image 

recognition task, namely emotion recognition from images.

We are fixing or don’t review:

● hardware / driver optimization

see, for example, special-purpose processing and memory units (Google TPU, Nervana Engine, Movidius VPU, 

SnapDragon 820 etc.)

● optimization-precision trade-offs

vDNN, FP16, INT8

● general framework optimizations



By the accuracy loss:

● lossless;

● optimization with accuracy loss;

● optimization-accuracy trade-off.

By the approach type:

● architectural;

● operational;

● computational;

● hardware.

By the restrictions:

● architecture-dependent;

● architecture-independent.

Classification of performance optimization methods
By the optimization type:

● speed;

● memory consumption;

● energy consumption.

By the implementation:

● runtime implementation;

● two-step (training -> optimization);

● sequential (training -> optimization -> re-training).

Optimization building block:

● everything

● convolutional layers

● FC layers 5



● Pruning

Han et al. 2016 [9], Molchanov et al. 2016 [11]

● Distillation The Knowledge

Hinton et al. 2014 [12], Romero et al. 2014 [13]

● Weights Hashing / Quantization

Chen et al. 2015 [14], Han et al. 2016 [9]

● Tensor Decompositions: TT, CP, Tucker, … 

Lebedev et al. 2015 [15], Kim et al. 2015 [16], Novikov et al. 2015 [17], Garipov et al. 2016 [18]

● Binarization

Courbariaux / Hubara et al. 2016 [19], Rastegari et al. 2016 [20], Merolla et al. 2016 [21], Hou et al. 2016 [32]

● Architectural tricks (simple but yet powerful architecture)

Hong et al. 2016 [24], Iandola et al. 2016 [22], Teerapittayanon et al. 2016 [25] 

Advanced performance optimization
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Comparisons. Scores
Memory reduction while 

training
Memory reduction 

while inference Inference speedup Accuracy gain Baseline model Dataset

FitNets - 36 13.36 -1.17 Maxout CIFAR-10

HashedNets - 64 ? 0,24 same-size MNIST

Deep Compression - 49 (~4) ? 0.33 VGG-16 ImageNet

CP-Decomposition - 12 4.5 -1 AlexNet ImageNet

TensorNet ? 80 ? -1.1 simple CIFAR-10

BinaryNet ~32 (theoretical) 3.4~23 1.53 Maxout CIFAR-10

Binary-Weight-Network -
67 58 (CPU)

-8.5
ResNet-18 ImageNet

XNOR-Net - -18.1

SqueezeNet ? 50 1. 0.3
AlexNet ImageNet

Tiny Darknet ? 60 2.9 1.5

BranchyNet - - 1.9 -1,53 ResNet-110 CIFAR-10
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Comparisons. Summary
Train - Memory Train - Speed Inference - Memory Inference - Speed

HashedNets ? ? + ?

CP-Decomposition - - + +

BinaryNet - - + +

Binary-Weight-Network - - + +

XNOR-Net - + + +
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Experiments. Formulation
Baseline - visual emotion recognition, Levi et al. 2015 [27]. Unfortunately, original EmotiW 2015 [28] dataset not available 

and Radboud Faces Database [33] cropped by face was used instead for training and evaluation:

● 士45゜ of rotation, the same balanced and independent train / test sets for all experiments.

Common experiments settings:

● SquezeNet, CP-decomposition, HashedNets, BWN, XNOR-Net

● author’s code (guarantees exact implementation and results reproducibility);

● SGD with momentum equal to 0.9, fixed learning rate equal to 0.001;

● no data augmentation except channel-wise z-score for SquezeNet.

Evaluation settings:

● accuracy metric: test accuracy;

● speedup metrics:

○ epoch time for single forward pass and subsequent gradient update on GPU for mini-batch in one random 

sample, averaged over 1000 runs

○ GPU inference time for single random sample, averaged over 1000 runs 9

http://www.openu.ac.il/home/hassner/projects/cnn_emotions/
https://cs.anu.edu.au/few/emotiw2015.html
http://www.socsci.ru.nl:8180/RaFD2/RaFD


Experiments. CP-decomposition
The setting:

● SquezeNet 1.1;

● decomposition of last two convolutional layers to rank 192.

Conclusions:

● suitable only for fully-convolutional architectures;

● good trade-off between compression rate and accuracy loss;

● iterative optimization process can overcome accuracy loss;

● 1.5 time slower possibly due to replacement of the single large convolutional layer to four sequentially connected small 

layers.
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Experiments. HashedNets

Baseline VGG-S model
test accuracy: 97.13%

HashedNet model
test accuracy: 96.31%
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The setting:

● compression rate equal to 0.125

Conclusions:

● ultimate compression;

● grate slowdown possibly because of usage libhashnn.



Experiments. XNOR-Nets

XNOR-Net model
test accuracy: 58,81%

Baseline VGG-S model
test accuracy: 97.13%
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Conclusions:

● BWN converges 2~4 times faster - strong regularization effect;

BWN model
test accuracy: 98.57%

● XNOR-Net practically useless with current hardware / software stack.

The setting:

● XNOR-Net layers (ordering) configuration according the 

paper (conv-bn-activation replaced with the 

bn-activation-conv)



Experiments. Scores
Epoch time, ms Inference time, ms Accuracy, % Model size, MB

CP-Decomposition N/A 7.74 87.5 -23.5%

Baseline (Caffe) 22.94 4.94 89.14 2.8

HashedNets 294.8 158.2 96.31 -81.64%

Binary-Weight-Network 83.8 33.5 98.57 0%

XNOR-Net 84.3 34.2 58.81 -2.4%

XNOR-Net w/o weights b-n 43.4 34.1 88.32 -2.4%

Baseline (Torch) 43.7 33.4 97.13 372.2
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Experiments. Summary

Training speedup Memory reduction while 
inference Inference speedup Parameters reduction Accuracy loss

HashedNets - ? 4.7 times slower 81.64% slight

CP-Decomposition N/A 0% - 23.5% slight

Binary-Weight-Network 4x (by epochs number) 0% - 0% sloght

XNOR-Net - 2.4% - 2.4% huge

Subtotal:

It is clear, that despite the large number of papers devoted to improvements in performance of CNNs, their application in 

different tasks is very difficult. However, our results demonstrate the advantages of hashing techniques and tensor 

decomposition. Unfortunately, existing hardware and driver stack unable to exploit the full power of binary calculations.
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Problem Rethinking
Say we want to build a powerful model for some task, e.g. emotion recognition from single image. However, we also have:

● lack of computational resources.

On the other hand, there can be available pre-trained model though still out of our computational capabilities to use it. 

Moreover, we can not reproduce it with more compact architecture, say, due to

● lack of original or suitable dataset.

Possible pipeline will consist of:

● online optimization: transfer the knowledge as a multi-objective optimization

● offline optimization: pre-trained model optimization
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Experiments. Formulation
Tramèr et al. shows the possibility to reproduce existing model having only labels it predicts. Having also scoring for each 

sample (softmax output in our case) such reverse engineering becomes more accurate.

What if we can distill the knowledge to the lightweight one learning from labels and scoring of the heavy baseline?

Experiments settings:

● pre-trained on EmotiW 2015 [28] Levi et al. 2015 [27] model and similar one trained on RaFD [33]

● Pubfig83 [31] as training dataset

● RaFD [33] as evaluation dataset
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Distillation the knowledge as a multi-objective optimization

VGG(EmotiW) -> SqueezeNet(Pubfig83) -> SqueezeNet(RaFD) VGG(RaFD) -> SqueezeNet(Pubfig83) -> SqueezeNet(RaFD)

labels only labels + softmax labels only labels + softmax

baseline accuracy >40% >80%

distilled accuracy 66.5% 73% 75.5% 77%

new data accuracy 12.3% 18.6 (23.8)% 40.9% 46.9%

Subtotal:

● labels + softmax accuracy always better than labels only

● weaker initial model tends to weaker result on new data

● straightforward implementation still suffer in accuracy

17



18

● reviewed several modern approaches to optimize performance of deep neural networks

● emphasized the obvious trends in this field, namely, efficient tensor decomposition techniques, lower precision 

calculations and more accurate network binarization

● performed an evaluation of the state-of-the-art techniques in application to visual emotion recognition based on facial 

expressions

● studied a possibility to build a maximal effective pipeline with limited both data and computational resources

The main direction for the further research will be concentrated on combining of the most successful reviewed techniques for 

implementation on mobile platforms.

Conclusions
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