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Deep Learning Frameworks
Deep Learning Frameworks

Deep Learning and GPUs
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Deep Learning Frameworks

• In the past

• Caffe (UC Berkeley)

• Yang-qing Jia (贾扬清)

• the author of Caffe & leader of caffe2

• one of the authors of GoogLeNet  

• Torch (NYU / Facebook)

• C/C++, Lua 

• most used in research(now is PyTorch)

• be used by DeepMind(now is TensorFlow)

• Theano(U Montréal)

• Authors: Yoshua Bengio & Ian Goodfellow etc.

• Start from 2007(has died)
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Deep Learning Frameworks(cont.)

• Today
• Caffe (UC Berkeley)       →     Caffe2 (Facebook)

• April 18, 2017

• Torch (NYU/Facebook) →     PyTorch (Facebook)
• January 18, 2017
• most used in research

• Theano(U Montréal)    →     TensorFlow (Google)

• Google 
• TensorFlow - one framework to rule them all

• Facebook 
• PyTorch - Research
• Caffe2 - Production
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https://github.com/caffe2/caffe2
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Deep Learning Frameworks(cont.)

• Today

• Caffe2 (Facebook)

• PyTorch (Facebook)

• TensorFlow (Google)

• MXNet(Amazon)

• Mu Li(李沐)

• CNTK(Microsoft)

• Keras(François Chollet)

• A Deep Learning library for Python, that is simple, modular, and extensible.
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Deep Learning Frameworks(cont.)

• TensorFlow is a safe bet for most projects. Not perfect but has huge 
community, wide usage. 

• Maybe pair with high-level wrapper (Keras, Sonnet, etc.)

• Upper hand in distributed training

• PyTorch is best for research. 

• Consider Caffe, Caffe2, or TensorFlow for production deployment

• Consider TensorFlow or Caffe2 for mobile
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Deep Learning Frameworks(cont.)

• Today

• Caffe2 (Facebook)

• PyTorch (Facebook)

• TensorFlow (Google)

• MXNet(Amazon)

• Mu Li(李沐)

• CNTK(Microsoft)

• Keras(François Chollet)
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Deep Learning and GPUs

• FLOPS(floating-point operations per second)

• Single-precision

• Double-precision(no need)

• TFLOPS(teraFLOPS)

• GeForce GTX 1080TI  (10.6/11.34 tflops) 

• Tesla P100 SMX2  (10.61 tflops)

• Tesla V100 for NVLink (15.7 tflops)

• ECC memory(Error-correcting code memory)

• No need 
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https://en.wikipedia.org/wiki/FLOPS


Deep Learning and GPUs

• Training time on caffe2(ResNet-50,90 epoch)
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Deep Learning and GPUs(cont.)

K80 is here(poor effect and expensive).  So sad!!!

Highly cost–performance ratio
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Deep Learning and GPUs(cont.)

• Total GPU memory requirements

• Memory for model

• Memory for layer outputs

• Total GPU memory in testing time(forward)

13



Deep Learning and GPUs(cont.)

• Total GPU memory requirements

• Memory for model

• Memory for layer outputs

• Total GPU memory in training time(forward + backward)
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Deep Learning and GPUs(cont.)

• Total GPU memory requirements

• Memory for model

• params (parameters need to train)

• 𝑪𝒊𝒏 ∗ 𝑪𝒐𝒖𝒕 ∗ 𝑲
𝟐

• Memory for layer outputs

• according to batch size

• 𝑪𝒐𝒖𝒕 ∗ 𝑯 ∗𝑾

𝐻 ∗W: output shape

𝐶𝑖𝑛: input channels

𝐶𝑜𝑢𝑡: output channels

𝐾: kernel size
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Feature map Size

1x1x1000

1x1x4096

1x1x4096

7x7x512

14x14x512

14x14x512

14x14x512

14x14x512

28x28x512 

28x28x512 

28x28x512

28x28x256 

56x56x256

56x56x256

56x56x256

56x56x128

112x112x128

112x112x128

112x112x64

224x224x64

224x224x64

224x224x3 input

3x3 conv,64

3x3 conv,64

pooling

3x3 conv,128

3x3 conv,128

pooling

3x3 conv,256

3x3 conv,256

pooling

3x3 conv,256

3x3 conv,512

3x3 conv,512

pooling

3x3 conv,512

fc,4096

fc,4096

fc,1000

pooling

3x3 conv,512

3x3 conv,512

3x3 conv,512

params

4096*1000*1*1 = 4096000

4096*4096*1*1 = 16777216

512*4096*7*7   = 102760448

0

512*512*3*3     = 2359296

512*512*3*3   = 2359296

512*512*3*3   = 2359296

0

512*512*3*3     = 2359296

512*512*3*3     = 2359296

256*512*3*3     = 1179648

0

256*256*3*3     = 589824

256*256*3*3     = 589824

128*256*3*3     = 294912

0

128*128*3*3     = 147456

64*128*3*3       = 73728 

0 

64*64*3*3         = 36864 

3*64*3*3           = 1728

0

memory of layers

1*1*1000     =  1000

1*1*4096      =  4096

1*1*4096 =  4096 

7*7*512       =  25088

14*14*512    =  100352

14*14*512   =  100352

14*14*512   =  100352

14*14*512   =  100352

28*28*512   =  401408

28*28*512   =  401408

28*28*512   =  401408

28*28*256   =  200704

56*56*256   =  802816

56*56*256   =  802816

56*56*256   =  802816

56*56*128  = 401408 

112*112*128 =  1605632 

112*112*128 =  1605632 

112*112*64   =  802816 

224*224*64 =  3211264

224*224*64   =  3211264

224*224*3     =  150528 

• Number of params : 

• 138,344,128

• 138,357,544(add bias)

• about 138M

• Memory of params:

• float32 occupies 4 bytes

• 138357544 * 4 = 553430176 byte

• 553430176/1024/1024 = 527.79MB

• about 528MB

• Number of (memory of layers):

• 15,237,608(15.2M)

• Memory of (memory of layers):

• 15237608 * 4 = 60950432 byte

• about 58.12MB / image
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input

3x3 conv,64

3x3 conv,64

pooling

3x3 conv,128

3x3 conv,128

pooling

3x3 conv,256

3x3 conv,256

pooling

3x3 conv,256

3x3 conv,512

3x3 conv,512

pooling

3x3 conv,512

fc,4096

fc,4096

fc,1000

pooling

3x3 conv,512

3x3 conv,512

3x3 conv,512

• Memory of (memory of layers):

• about 58.12MB / image

• When training:

• SGD + momentum

• Batch size = 128

• Memory for model:

• 𝟓𝟐𝟖 𝐌𝐁 ∗3≈ 𝟏. 𝟓𝟒 𝐆𝐁

• 1 for params, 1 for SGD , 1 for momentum

• If use Adam, need to x 4

• Memory for outputs:

• 𝟏𝟐𝟖 ∗ 𝟓𝟖. 𝟏𝟐 𝐌𝐁 ∗2= 𝟏𝟒𝟖𝟕𝟖. 𝟕𝟐 𝐌𝐁 ≈ 𝟏𝟒. 𝟓𝟑𝐆𝐁

• Total memory:

• 𝟏. 𝟓𝟒𝑮𝑩 + 𝟏𝟒. 𝟓𝟑𝑮𝑩 = 𝟏𝟔. 𝟎𝟕𝑮𝑩

• So we need about 16 GB memory to train VGG16 Net with 128 batch size.

• Assume we using GTX 1080(8GB) to train this Network

• at least 2 GPUs

• or reduce batch size
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Deep Learning and GPUs(cont.)

• Total GPU memory requirements

• Memory for model

• Memory for layer outputs

• Estimate computational complexity

• FLOPs (float operations need to calculate)

• In conv layer:     𝑯 ∗𝑾 ∗ 𝑪𝒐𝒖𝒕 ∗ 𝑪𝒊𝒏 ∗ 𝑲
𝟐

• In fc layer:                         𝑴 ∗𝑵

• In pooling layer: 𝑯 ∗𝑾 ∗ 𝑪𝒐𝒖𝒕∗ 𝑲
𝟐

• In ReLU layer: 𝑯 ∗𝑾 ∗ 𝑪𝒐𝒖𝒕

# of output points op of  each points

𝐻 ∗W: output shape

𝐶𝑖𝑛: input channels

𝐶𝑜𝑢𝑡: output channels

𝐾: kernel size

𝑀: input shape

𝑁: output shape
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Feature map Size

1x1x1000

1x1x4096

1x1x4096

7x7x512

14x14x512

14x14x512

14x14x512

14x14x512

28x28x512 

28x28x512 

28x28x512

28x28x256 

56x56x256

56x56x256

56x56x256

56x56x128

112x112x128

112x112x128

112x112x64

224x224x64

224x224x64

224x224x3 input

3x3 conv,64

3x3 conv,64

pooling

3x3 conv,128

3x3 conv,128

pooling

3x3 conv,256

3x3 conv,256

pooling

3x3 conv,256

3x3 conv,512

3x3 conv,512

pooling

3x3 conv,512

fc,4096

fc,4096

fc,1000

pooling

3x3 conv,512

3x3 conv,512

3x3 conv,512

FLOPs

1*1*4096*1000*1*1 =  4096000

1*1*4096*4096*1*1      =  16777216

1*1*512*4096*7*7        =  102760448

14*14*512*512*3*3      =  462422016

14*14*512*512*3*3      =  462422016

14*14*512*512*3*3      =  462422016

28*28*512*512*3*3      =  1849688064

28*28*512*512*3*3      =  1849688064

28*28*256*512*3*3      =  924844032

56*56*256*256*3*3      = 1849688064

56*56*256*256*3*3      = 1849688064

56*56*128*256*3*3      =  924844032

112*112*128*128*3*3   = 1849688064

112*112*64*128*3*3     = 924844032 

224*224*64*64*3*3       = 1849688064 

224*224*3*64*3*3         = 86704128

• Number of FLOPs : 

• 15470264320

• About 15.4 GFLOPS

• About training time:

• Depend on your GPUs

• Depend on your framework

• Depend on your code implement

• etc.
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Deep Learning and GPUs(cont.)
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TensorFlow Basic
Quick Strat

How to train a Network

Magic: TensorBoard

Keras: The Python Deep Learning library

Calling TensorFlow Python Program from C++

21



Preparation

• Installation:

• Official Setup 

• NVIDIA Driver & PyTorch(TensorFlow) installation

• Tutorials:

• TensorFlow: Getting Started

• Stanford CS 20SI: Tensorflow for Deep Learning Research

• TensorFlow-Examples
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https://www.tensorflow.org/install/
https://github.com/2017-fall-DL-training-program/Setup_tutorial/blob/master/PyTorch-install.md
https://github.com/aymericdamien/TensorFlow-Examples
https://www.tensorflow.org/get_started/
https://web.stanford.edu/class/cs20si/
https://github.com/aymericdamien/TensorFlow-Examples


Quick Start

• Computation graph

• Variables(mostly parameters)

• Placeholders(inputs, labels, …)

• Mathematical operations
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Quick Start(cont.)

• Computation graph

• Variables(mostly parameters)

• Placeholders(inputs, labels, …)

• Mathematical operations

24



Quick Start(cont.)

• Computation graph

• Variables(mostly parameters)

• Placeholders(inputs, labels, …)

• Mathematical operations
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Quick Start(cont.)

• Computation graph

• Variables(mostly parameters)

• Placeholders(inputs, labels, …)

• Mathematical operations
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How to train a Network

• Define a graph
• build a graph using variables and placeholders

• Define the loss
• use placeholder for labels

• build loss node using labels and prediction

• Create operations 
• train op, evaluate op etc.

• Create a session
• deployed the graph onto a session, which is the execution environment

• Train the Model
• also include testing
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• Define a graph

• Define the loss

• Create the operations

• Create a session

• Train the model
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• Define a graph

• Define the loss

• Create the operations

• Create a session

• Train the model
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• Define a graph

• Define the loss

• Create the operations

• Create a session

• Train the model
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• Define a graph

• Define the loss

• Create the operations

• Create a session

• Train the model
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• Define a graph

• Define the loss

• Create the operations

• Create a session

• Train the model
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Magic: TensorBoard

• TensorBoard is a suite of web applications for inspecting and 
understanding your TensorFlow runs and graphs.

• tf-dev-summit-tensorboard-tutorial

• summaries_and_tensorboard

• mnist_with_summaries.py

• Usage:

• For remote:
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https://github.com/dandelionmane/tf-dev-summit-tensorboard-tutorial
https://www.tensorflow.org/get_started/summaries_and_tensorboard
https://github.com/tensorflow/tensorflow/blob/r1.4/tensorflow/examples/tutorials/mnist/mnist_with_summaries.py
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• Attach summaries

• Merge summary op

• Create a writer

• Run op in session

• Save summary
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• Attach summaries

• Merge summary op

• Create a writer

• Run op in session

• Save summary
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• Attach summaries

• Merge summary op

• Create a writer

• Run op in session

• Save summary

• code is here
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https://gist.github.com/BIGBALLON/5821d9414f7c5e15edb2e1ce12a45cf4


Keras:The Python Deep Learning library

• Keras is a high-level neural networks API, written in Python and 
capable of running on top of TensorFlow, CNTK, or Theano. 

• High-Level, User friendliness

• Easy to use(very easy)

• Support TensorFlow backend

• Good documentation

• Quick start : Getting started: 30 seconds to Keras

• See more: cifar-10-cnn
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https://keras.io/#getting-started-30-seconds-to-keras
https://github.com/BIGBALLON/cifar-10-cnn


Two ways to build model

• The Sequential model API

• Model class API
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ImageDataGenerator
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Callbacks

• TensorBoard()

• LearningRateScheduler()

• ModelCheckpoint()

• etc.
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Multi-output(AlphaGo Zero)

Another model need to implement
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https://keras.io/getting-started/functional-api-guide/#multi-input-and-multi-output-models


Calling Python Program from C++

• See tensorflow_tricks/C_Python/

• This Demo will show how to call an pre-trained imagenet model to predict picture in C++.

├─ prediction.cpp                 % C++ file

├─ vgg_model.py                 % TensorFlow vgg model   

├─ makefile % Compile file

├─ little_demo % An simple Demo

└─ test_pic/                      % Test pictures

├─ cat.jpeg     

├─ puzzle.jpeg

└─ tiger.jpeg 
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https://github.com/BIGBALLON/tensorflow_tricks/tree/master/C_Python
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Distributed Deep Learning
Distributed Training

Distributed Deep Learning Frameworks
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Distributed Training

• One machine with one GPU

• One machine with many GPUs

• TensorFlow 

• Caffe / Caffe 2

• PyTorch

• MXNet

• CNTK

• Keras
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Distributed Training(cont.)

• One machine with one GPU

• One machine with many GPUs

• Multiple machines with multiple GPUs

• Synchronous training: 

• all the workers will read the parameters at the same time, compute a training operation 
and wait for all the others to be done. Then the gradients will be averaged and a single 
update will be sent to the parameter server. So at any point in time, the workers will all be 
aware of the same values for the graph parameters

• Asynchronous training:

• the workers will read from the parameter server(s) asynchronously, compute their training 
operation, and send asynchronous updates. At any point in time, two different workers 
might be aware of different values for the graph parameters
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Distributed Training(cont.)

50

Recommend if possible



Distributed Deep Learning Frameworks
• Caffe-MPI: A parallel Framework on the GPU Clusters

• Inspur(浪潮)

• Only support  16 GPUs
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https://github.com/Caffe-MPI/Caffe-MPI.github.io
http://en.inspur.com/


Distributed Deep Learning Frameworks

• Horovod: Distributed training framework for TensorFlow

• Fast and easy to use
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https://github.com/uber/horovod


Distributed TensorFlow
Multi-GPUs Training

Distributed Training

53



Multi-GPUs

• TF maps nearly all of the GPU memory of all GPUs by default

• Two option methods

• If you have more than one GPUs, run this cmd:
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Multi-GPUs(cont.)

• Manual device placement
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Multi-GPUs(cont.)

• Manual device placement
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• Using Multi-GPUs
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Training Model on Multiple GPU cards

• Place an individual model replica on each GPU.

• Update model parameters synchronously by waiting for all GPUs to finish 
processing a batch of data.

• See cifar10_multi_gpu_train.py

• One question: iteration or batch size?
• Epoch 100

• Iteration 400

• Batch size 256

• Assume we have 8 GPUs,  Batch size / 8  or  Iteration / 8??
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https://github.com/tensorflow/models/blob/master/tutorials/image/cifar10/cifar10_multi_gpu_train.py
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• Training on Multi-GPUs(TensorFlow)



• Training on Multi-GPUs(Keras)
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• Training on Multi-GPUs(Keras)

• DenseNet-160x24 See densenet_multi_gpu.py

• Use 2 GTX 1080

• Batch Size 64(32 each GPU)

• Training Time: 50 h 20 min

• Accuracy: 95.90%

• Really??

• Keras has a built-in utility, which can produce a data-parallel version of any 
model, and achieves quasi-linear speedup on up to 8 GPUs. (wow!)
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https://github.com/BIGBALLON/cifar-10-cnn/blob/master/9_Multi-GPU/densenet_multi_gpu.py


Distributed Training(TensorFlow)

• Distributed TensorFlow

• CIFAR10-distribute-latest

• Running Distributed TensorFlow Example via Docker

• DISTRIBUTED TENSORFLOW EXAMPLE
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https://www.tensorflow.org/deploy/distributed
https://github.com/pickou/cifar10-distribute-latest
https://deepdive.tw/2017/01/03/running-distributed-tensorflow-example-with-gpu-via-nvidia-docker/
http://ischlag.github.io/2016/06/12/async-distributed-tensorflow/


Distributed Training(TensorFlow)

• Cluster: A TensorFlow cluster comprises a one or more "jobs"

• Job: A job comprises a list of "tasks"

• Parameter Server(ps)

• a job named ps typically hosts nodes that store and update variables

• need to kill the process after training

• Worker(worker)

• a job named worker typically hosts stateless nodes that perform compute-intensive tasks.
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Distributed Training(TensorFlow)
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Distributed Training(Horovod)

• Horovod: Distributed training framework for TensorFlow

• Fast and easy to use

• Support TensorFlow and Keras

• Installation:

• Install Open MPI

• Install NCCL 2(opt: RDMA and GPUDirect)

• Install Horovod
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https://github.com/uber/horovod
https://www.open-mpi.org/faq/?category=building#easy-build
http://docs.nvidia.com/deeplearning/sdk/nccl-install-guide/index.html


66

• TensorFlow Implement
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• Keras Implement



Distributed Training(Horovod)

• Usage:

• Put the file in the same directory

• Then run the following cmd(only need to run it on one machine)

• My test:

• Residual Network(110 layers) for CIFAR-10:

• Single GPU:                                            270 min(4 h 30 min)

• Distributed by Horovod(4 machines): 81min(1 h 21min)
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Thanks for your attention



Appendix1:
Params for VGG16

70



Feature map Size

1x1x10

1x1x4096

1x1x4096

1x1x512

2x2x512

2x2x512

2x2x512

2x2x512

4x4x512 

4x4x512 

4x4x512

4x4x256 

8x8x256

8x8x256

8x8x256

8x8x128

16x16x128

16x16x128

16x16x64

32x32x64

32x32x64

32x32x3 input

3x3 conv,64

3x3 conv,64

pooling

3x3 conv,128

3x3 conv,128

pooling

3x3 conv,256

3x3 conv,256

pooling

3x3 conv,256

3x3 conv,512

3x3 conv,512

pooling

3x3 conv,512

fc,4096

fc,4096

fc,1000

pooling

3x3 conv,512

3x3 conv,512

3x3 conv,512

FLOPs

1*1*4096*10*1*1 = 40960

1*1*4096*4096*1*1      = 16777216

1*1*512*4096*1*1 = 2097152

2*2*512*512*3*3      = 9437184

2*2*512*512*3*3      = 9437184

2*2*512*512*3*3    = 9437184

4*4*512*512*3*3     = 37748736

4*4*512*512*3*3     = 37748736

4*4*256*512*3*3          = 18874368

8*8*256*256*3*3    = 37748736

8*8*256*256*3*3     = 37748736

8*8*128*256*3*3          = 18874368

16*16*128*128*3*3   = 37748736

16*16*64*128*3*3        = 18874368 

32*32*64*64*3*3       = 37748736 

32*32*3*64*3*3            = 1769472

• Number of FLOPs : 

• 332111872

• About 0.332 GFLOPS
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Appendix2:
FLOPs for CIFAR10


