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The Problem : CPU BOTTLENECK OF DL TRAINING 
Complexity of I/O pipeline is increasing 
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CPU BOTTLENECK OF DL TRAINING 
In practice 
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ML/DL Workload Anatomy 

Manage Data 

•All data 

•ETL/ELT 

•Pre-processing 

•Data Store 

•Labels/Annotation 

Explore and Train 
Models 

•Data preparation 

•Models Training 

•Post processing 

•HPO 

Evaluate model 

•Test 

•Robustness 
assessment 

•Fairness 

•Visualize 

Deploy models 

•Run time 
optimization 
(TensorRT …) 

•Life Scoring 

•Maintenance 

•Collect new data 

Data pre-processing 

• Uniformisation 

• Resampling 
• Augmentation 

• Patch/tile mgmt 

Model Training 

• Model type 

• Hyperparameters 
settings 

• Backend models 

Post processing 

• Patch 
reconstruction 

• Output processing 

Manage Data Model Training 

© Copyright IBM Corporation 2021 
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ML/DL Inference Pipeline complexity 
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8 

DL Parallel Inference Pipeline Example 

© Copyright IBM Corporation 2021 
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DL Workload : example 

Data 
preprocessing 

•Load the scans that come in 
DICOM format 

•Unify DICOM metadata 

•Unify the density of tissues and 
the spacing in millimetres of 
voxels 

•Resample images to the same 
dimensions (512^3) 

•Standardize voxel intensity based 
on Normal Organ intensity range 
in the image A 

•From A Create a lungs mask 
(density range mask, + water 
shading and connected 
components)  

•Apply lung mask to A -> B  

Model 
Training 

• From batch-size of B, Create 
overlapping Patches (128^3) 

• Apply On the flight random 
data augmentation 
(symmetry, rotation, cropping, 
elastic) 

• Model Feed forward 

• Aggregate and consolidate 
proposed bounding boxes in 
few BB with related score and 
classes 

Post 
processing 

• Aggregate the proposed 
nodules BB score per Patient 

• Feed-forward the Patient 
nodules scoring to a SVM ML 
model to diagnose the Patient 
himself 

… … 

Patient XYZ Pathologic 

Patient ABC Normal 

… … 

© Copyright IBM Corporation 2021 
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DL Workload : example 

Data preprocessing 

• 100% Python 
specific modules 

• Numpy 
manipulation 

• 100% CPU 

• 3’ to process one 
image 

Model Training 

• pyTorch 

• 90% GPU 

• 1’ to process one 
image (forward), 
3’ with 
backPropagation 

Post processing 

• Python : 
scikitlearn and 
pandas 

• 100% CPU 

• 10msec to 
process 1 patient 

If all is done in sequence (developer’s default) :  

 4’ to infer an image/7’ to train an image 

 GPU usage : 25% of on GPU,  No NVLINK advantage 

 CPU usage : 75% of one thread,  No SMT advantage 

© Copyright IBM Corporation 2021 
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What can we do to improve things ? 

1. Keep Calm and carry on 

 Apply Analytics Methods like an holistic approach: avoid narrow focus or blind changes for unknown issues 

 First check if the platform settings are OK, Compare workload Characteristics with an Intel platform (if possible) 

2. Monitor and Profile : Break down the whole workflow timing to identify bottlenecks 

 system monitoring (htop, nmon, nvidia-smi) and global profiling first (python>TF||pyTorch>C>GPU…) 

3. Change : remove the root cause of the biggest bottlenecks first  

 One change at a time 

4. Assess : Verify the workflow output are still functionally valid 

 Measure the the new performances     Goto 1, if it’s not satisfactory (e.g. all GPU are ~95% busy) 

Profile 

Change Assess 
© Copyright IBM Corporation 2021 
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Monitoring CPU and processes activity: htop 
Profile 

Change Assess 
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nvidia-smi provides monitoring and 

management capabilities 

for each of NVIDIA's GPUs. 

 

We want to make sure the ―GPU-Util‖ is 

high (it’s a instant snapshot measure, not an 

average) 

 

We want the ―Memory-Usage‖ to be high as 

well, but sometime high values might not be 

directly related to throughput improvement. 

 

For a lean and fast output : 

Monitoring GPU activity: nvidia-smi 
Profile 

Change Assess 

$ watch -n 0.2 "nvidia-smi | grep '^| N'" 
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http://nmon.sourceforge.net/pmwiki.php?n=Main.Compili

ngNmon 

 

$ wget 

http://sourceforge.net/projects/nmon/files/lmon16f.c 

 

$ gcc -o nmon_power_rhel7 lmon16f.c -g -O3 -D JFS -D 

GETUSER -Wall -D LARGEMEM -lm -lncurses -g -D 

POWER -D KERNEL_2_6_18 -D RHEL7 -

DNVIDIA_GPU -L /usr/lib64/nvidia -lnvidia-ml 

 

$ NMON=alkmt. ./nmon_power_rhel7 

NMON : monitoring CPU, GPU, RAM, Ios, Processes, kernel stats, Network … 

http://sourceforge.net/projects/nmon/files/lmon16f.c
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Python profiling 

1. Use global profiling (function calls) like cProfile (reasonable overhead) 

1. python -m cProfile -o profile_output search.py  

2. You could install cprofilev or pyprof2calltree for web output 

3. https://ymichael.com/2014/03/08/profiling-python-with-cprofile.html  

2. If the function code bootleneck is unclear use line level profiler like line_profiler with iPython (or notebook) 

 https://ipython-books.github.io/43-profiling-your-code-line-by-line-with-line_profiler/  

 

Profile 

Change Assess 
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TensorFlow profiling  
tensorflow.python.client.timeline  

 You should note additional 
options and run_metadata 
provided to the session run.  

 This script should work as on 
CPU, as on GPU. After 
execution, we will have a 
timeline_01.json file with our 
profiled data stored in Chrome 
trace format.  

 If your script failed  — try the 
first solution from Issues 
during profiling section. 

 

 Caution : It will slow down the 
training duration by 10x !!! 

 

Profile 

Change Assess 

© Copyright IBM Corporation 2021 
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TensorFlow profiling : Chrome tracing 

 To view stored data, we 

should use Chrome . 

 Go to the page 

chrome://tracing. In the 

upper left corner, you will 

find Load button.  

 Press it and load our 

JSON file. 

 

Profile 

Change Assess 

© Copyright IBM Corporation 2021 
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pyTorch profling 
Layer-by-layer model profiling in Pytorch  

import torch  

import torchvision.models as models  

model = models.densenet121(pretrained=True)  

x = torch.randn((1, 3, 224, 224), requires_grad=True)  

with torch.autograd.profiler.profile(use_cuda=True) as prof:  

model(x)  

print(prof)  

prof.export_chrome_trace(path) # to generate a chrome time line trace file  

-----------------------------------  ---------------  ---------------  ---------------  ---------------  --------------- 

Name                                        CPU time        CUDA time            Calls        CPU total       CUDA total 

-----------------------------------  ---------------  ---------------  ---------------  ---------------  --------------- 

conv2d                                    9976.544us       9972.736us                1       9976.544us       9972.736us 

convolution                               9958.778us       9958.400us                1       9958.778us       9958.400us 

_convolution                              9946.712us       9947.136us                1       9946.712us       9947.136us 

contiguous                                   6.692us          6.976us                1          6.692us          6.976us 

empty                                       11.927us         12.032us                1         11.927us         12.032us 

… 

Profile 

Change Assess 
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NVIDIA profiling 
Profile 

Change Assess 

https://docs.nvidia.com/cuda/profiler-users-guide/index.html  
© Copyright IBM Corporation 2021 
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Tensorflow profiling using NVIDIA tool nvprof 

$ nvprof python mnist_cnn.py 

Using TensorFlow backend. 

x_train shape: (60000, 28, 28, 1) 

60000 train samples 

10000 test samples 

Train on 60000 samples, validate on 10000 samples 

Epoch 1/1 

==21608== NVPROF is profiling process 21608, command: python mnist_cnn.py 

2018-06-05 12:15:15.497962: I tensorflow/core/common_runtime/gpu/gpu_device.cc:1030] Found device 0 with properties:  

name: Tesla P100-SXM2-16GB major: 6 minor: 0 memoryClockRate(GHz): 1.4805 

pciBusID: 0007:01:00.0 

totalMemory: 15.89GiB freeMemory: 15.59GiB 

2018-06-05 12:15:15.498046: I tensorflow/core/common_runtime/gpu/gpu_device.cc:1120] Creating TensorFlow device (/device:GPU:0) -> (device: 0, name: Tesla P100-SXM2-16GB, pci bus 
id: 0007:01:00.0, compute capability: 6.0) 

60000/60000 [==============================] - 7s - loss: 0.3306 - acc: 0.9002 - val_loss: 0.0806 - val_acc: 0.9752 

Test loss: 0.08056559731634334 

Test accuracy: 0.9752 

==21608== Profiling application: python mnist_cnn.py 

==21608== Profiling result: 

            Type  Time(%)      Time     Calls       Avg       Min       Max  Name 

 GPU activities:   13.39%  327.78ms      6804  48.174us  7.0080us  78.465us  void tensorflow::functor::SwapDimension1And2InTensor3UsingTiles<float, int=32, int=8>(float const *, 
tensorflow::functor::Dimension<int=3>, tensorflow::functor::SwapDimension1And2InTensor3UsingTiles<float, int=32, int=8>*) 

                    6.46%  158.05ms       471  335.56us  262.37us  360.00us  maxwell_scudnn_winograd_128x128_ldg1_ldg4_tile418n_nt 

                    4.94%  120.80ms       481  251.14us  1.8240us  285.48us  void flip_filter<float, float>(float*, float const *, int, int, int, int) 

                    4.52%  110.55ms       958  115.40us  20.000us  153.09us  void fft2d_r2c_32x32<float, unsigned int=0, bool=0>(float2*, float const *, int, int, int, int, int, 
int, int, int, int, cudnn::reduced_divisor, bool) 

                    3.79%  92.736ms      1876  49.432us  3.4240us  120.55us  void tensorflow::BiasGradNHWC_SharedAtomics<float>(int, float const *, 
tensorflow::BiasGradNHWC_SharedAtomics<float>*, int) 

                    3.61%  88.446ms      3444  25.681us  1.6960us  86.369us  void tensorflow::BiasNHWCKernel<float>(int, float const *, float const , 
tensorflow::BiasNHWCKernel<float>*, int) 

                    3.37%  82.544ms       469  176.00us  167.87us  188.23us  cudnn_maxwell_gcgemm_64x32_tn_batched 

                    3.35%  82.014ms       553  148.31us  25.216us  156.87us  maxwell_sgemm_128x64_nn 

 

Profile 

Change Assess 
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Nvprof output  
Profile 

Change Assess 
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• Juste here for reference as it’s very rarely used 

for ML/DL case 

• The Linux performance analysis command 

―perf_events‖ converts hardware performance 

counters in files and provides a new system 
call ―sys_perf_event_open‖ 

• The basis for most performance tools 

nowadays (oprofile, PEDE, libpfm...) 

 

 
 

 Perf is very rich: 

 
 $ perf –help 

 

 See Also: 

http://www.brendangregg.com/perf.html 

 

 

Perf 
Linux System and hardware counter Profiling : perf 

Profile 

Change Assess 

http://www.brendangregg.com/perf.html


$ perf stat ./cg.W.x 

 Performance counter stats for './cg.W.x': 
 

       1132,016701 task-clock (msec)         #    2,778 CPUs utilized           

               545 context-switches          #    0,481 K/sec                   

                 6 cpu-migrations            #    0,005 K/sec                   

             1 402 page-faults               #    0,001 M/sec                   

     3 475 567 360 cycles                    #    3,070 GHz                     

     2 655 690 094 stalled-cycles-frontend   #   76,41% frontend cycles idle    

   <not supported> stalled-cycles-backend   

     2 245 529 475 instructions              #    0,65  insns per cycle         

                                             #    1,18  stalled cycles per insn 

       352 734 927 branches                  #  311,599 M/sec                   

         6 546 990 branch-misses             #    1,86% of all branches         

 
       0,407562279 seconds time elapsed 

 

Perf: simple ―online‖ usage 
Profile 

Change Assess 



$ perf record ./cg.W.x 
... 
[ perf record: Woken up 1 times to write data ] 

[ perf record: Captured and wrote 0.193 MB perf.data (~8435 
samples) ] 
 
 
 

$ perf report –stdio 
… 
# Samples: 5K of event 'cycles' 
# Event count (approx.): 3710992320 
# 

# Overhead  Command      Shared Object                                           
# ........  .......  .................  
........................................ 
# 
    52.53%   cg.W.x  cg.W.x             [.] conj_grad_                           

     8.57%   cg.W.x  cg.W.x             [.] sparse_..0                           
     4.20%   cg.W.x  [kernel.kallsyms]  [k] 0xffffffff8104f45a                   
     0.15%   cg.W.x  cg.W.x             [.] makea_                               
     0.12%   cg.W.x  cg.W.x             [.] randlc_ 

 

 

You can get an annotated listing (source code and/or assembly): 

$ perf record ./cg.W.x 

$ perf annotate –stdio 

$ perf record -g # gives a callgraph 

$ perf report –g # according callgraph report 

 

Perf: ―offline‖ usage 
Profile 

Change Assess 
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Perf Graph and FlameGraph 
Profile 

Change Assess 
https://github.com/brendangregg/FlameGraph  
https://speakerdeck.com/mrfoto/what-are-flame-graphs-and-how-to-read-them?slide=12 
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Profile : Analysis and bottleneck identification 

Identification of workload profile 

• Highlight code sections which is consuming most of the time cpu or else GPU spend 

• Identify growing waits 

• Compare profiling data with different parameters workload experiments (concurrent workers, batch size, )  

 

Typical workload issues categories 

• IO bound (network, disks), CPU Bound (user or system mode), data Transfer bound (Memory, PCIe)  

• Sequential or single thread dominance,  

• Ressources locking,  

• GPU bound, Now what are the Potential causes of slow down : 

Possible bootlenecks 

• Code flow not optimal (too complex workflow, try-except errors handling, array tranversal) 

• inefficient Data structure (python dict, ) 

• Componants limitations (hdf5 multi-threading locking) 

• exhausted Hardware or Systems ressources 

 
© Copyright IBM Corporation 2021 
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Change : Options and Technics ? 

Remove the root cause of the biggest bottlenecks first. For examples:  

• Update versions or change components 

• Increase Systems resources usage: CPU, GPU, buses 

• Increase parallelism, Batching, LMS, Horovod, Mixed-Precision … 

• Reduce Transfer overhead (async transfers, buffering, batch size, GPU pre-fetching, improve IO subsystems ... ) 

• Simplify the workflow (reduce useless computational steps, LMS …) 

• Apply best practices 

• For example : Pytorch Lightning : https://pytorch-lightning.readthedocs.io/en/latest/ 

 

 

© Copyright IBM Corporation 2021 
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Data PreProcessing: the usual suspect 

 The data pre-processing stage is a good usual suspect (e.g. fully serialized with the training) 

 Keras data pipeline is usually slow but it could be improved a bit 

 model.fit_generator (… max_queue_size=batch_size*512,workers=8, use_multiprocessing=True) 

 It’s also recommended to switch from Keras.io to tf.keras 

 TensorFlow has now tf.data to improve this PreProcessing phase  

 Possibly important code impact as it requires tf.Estimators  

 https://cs230-stanford.github.io/tensorflow-input-data.html  

 pyTorch DataLoader does a pretty good job 

 For some specific cases, data-prep could be accelerated with hand-written GPU batch pre-fetching (if you 

have enough free GPU memory) 

 https://github.com/NVIDIA/apex/blob/master/examples/imagenet/main_amp.py 

 DALI is a very  performant (with GPU acceleration) and complete framework nowdays 

 https://docs.nvidia.com/deeplearning/dali/user-guide/docs/ 

 

© Copyright IBM Corporation 2021 
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What is NVIDIA DALI ? 
High Performance Data Processing Library 

DALI is available with OpenCE 1.1.3 conda package 

Profile 

Change Assess 
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DALI Performance results 
RN50 PyTorch and TensorFlow 

Profile 

Change Assess 

PyTorch 
TensorFlow 
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DALI: Data-prep Stages 

Profile 

Change Assess 
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How to use DALI 
Define a pre-processing Graph 

Profile 

Change Assess 
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How to use DALI 
Define a pre-processing Graph 

Profile 

Change Assess 
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How to use DALI  
Define a pre-processing Graph 

Profile 

Change Assess 
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How to use DALI with TensorFlow 

© Copyright IBM Corporation 2021 
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How to use DALI with pyTorch 

© Copyright IBM Corporation 2021 
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Object Detection 
Single Shot Multibox Detector Model (SSD) 

Profile 

Change Assess 
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How to handle video with DALI 
Video Pipeline Example 

Profile 

Change Assess 
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How to handle video with DALI 
Optical Flow Example 

Profile 

Change Assess 
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DALI links 

 DALI Documentation available online: 

 https://docs.nvidia.com/deeplearning/sdk/dali-developer-guide/docs/index.html 

 https://github.com/NVIDIA/DALI 

 https://developer.nvidia.com/dali 

 Included in the OpenCE conda repository 

 

Profile 
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How to Improve GPU speed ? 
Mixed-Precision and Tensor Cores 

What are NVIDIA Volta Tensor Cores? 

 Optimized hardware units for mixed precision matrix-multiply-and- accumulate (4x4):  

D = A * B + C 

Profile 

Change Assess 

A B C 
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Mixed Precision Training Background 
What is Mixed Precision? 

 Goal 

 Keep stored values in FP16: weights and activations, along with their gradients 

 Use Tensor Cores to accelerate math and maintain accuracy 

 Benefits 

 Up to 8x math speedup (depends on arithmetic intensity) 

 Half the memory traffic 

 Half the memory storage 

 Can enable larger models or batch sizes 

Profile 
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TensorCores benchmark results 

Profile 

Change Assess 
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Making use of Tensor Cores 
Performance Guidelines  

 Matrix Multiply 

• All three dimensions (M, N, K) should be multiples of 8 

• Larger K (shared dimension) is more efficient (amortizes write overhead) 

 Note this makes wider recurrent cells more practical (K is input layer width) 

 Convolution 

• Number of channels for input and output should be a multiple of 8 (can be different) 

 If you are designing models: 

• Choose layer widths and batch sizes or channel counts that are multiples of 8 

 ―Am I using Tensor Cores?‖ 

• cuBLAS and cuDNN are optimized for Tensor Cores, coverage is always increasing 

• Run with nvprof and look for ―s[some digits]‖ in kernel name 

 Eg: volta_fp16_s884gemm_fp16_128x128_ldg8_f2f_nn 

Profile 
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Enabling Mixed Precision 
In real-world training pipelines 

 Three ways to switch to mixed precision training: 

• 1. Add all the necessary code yourself 

• 2. Use libraries that enable safe updates; manage model conversion by hand 

• 3. Use a fully-automated tool to perform necessary transformations under-the-hood 

 Recommendation: (3) to get familiar with mixed precision training; (2) for more control (and 
occasionally better performance) 

• (1) if using a custom setup for which libraries don’t exist :  

• For most of the model, we make simple type updates to each layer: 

• Use FP16 values for the weights (layer parameters) 

• Ensure the inputs are FP16, so the layer runs on Tensor Cores 

Profile 

Change Assess 
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Mixed Precision : accuracy impact 

Mode Top1 accuracy, % Top5 accuracy, % 

Fp32 58.62 81.25 

Mixed_precision training 58.12 80.71 

FP16_training 54.89 78.12 

FP16_training,_loss_scale=1000 57.76 80.76 

FP16_training,_loss_scale=1000 
FP16_master_weight_storage 58.56 80.89 

Mode Top1 accuracy, % Top5 accuracy, % 

Fp32 73.85 91.44 

Mixed_precision training 73.6 91.11 

FP16_training 71.36 90.84 

FP16_training,_loss_scale=1000 74.13 91.51 

FP16_training,_loss_scale=1000 
FP16_master_weight_storage 73.52 91.08 

 INCEPTION-V3 RESULTS 

 100 epochs, batch=512 

 ALEXNET RESULTS 

 100 epochs, batch=1024 

Mode Top1 accuracy, % Top5 accuracy, % 

Fp32 71.75 90.52 

Mixed_precision training 71.17 90.1 

FP16_training,_loss_scale=1 71.17 90.33 

FP16_training,_loss_scale=1 
FP16_master_weight_storage 70.53 90.14 

 ResNet RESULTS 

 100 epochs, batch=512 

Profile 

Change Assess 
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Training : Mixed Precision Speed Ups 
Not limited to image classification 

* In all cases trained to 

same accuracy as FP32 

model 

** No hyperaparameter 

changes, except as 

noted 

Profile 

Change Assess 

Model 
FP32  M.P. 
SpeedUp Comments 

GNMT (Translation) 2.3x Iso-batch size 

FairSeq Transformer  
(Translation) 

2.9x 
4.9x 

Iso-batch size 
2x lr + larger batch 

ConvSeq2Seq 
(Translation) 2.5x 2x batch size 

Deep Speech 2 
(Speech recognition) 4.5x Larger batch size 

Wav3letter 
(Speech recognition) 3.0x 2x batch size 

Nvidia Sentiment 
(Language modeling) 4.0x Larger batch size 
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PyTorch : Automatic Mixed Precision (3) 

Profile 

Change Assess 

import torch 

# Creates once at the beginning of training 

scaler = torch.cuda.amp.GradScaler() 

 

for data, label in data_iter: 

   optimizer.zero_grad() 

   # Casts operations to mixed precision 

   with torch.cuda.amp.autocast(): 

      y_pred = model(x) 

      loss = torch.nn.functional.mse_loss(y_pred, y)     

   # Scales the loss, and calls backward() 

   # to create scaled gradients 

   scaler.scale(loss).backward() 

 

   # Unscales gradients and calls 

   # or skips optimizer.step() 

   scaler.step(optimizer) 

 

   # Updates the scale for next iteration 

   scaler.update() 
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import torch 

 

 

 

for data, label in data_iter: 

   optimizer.zero_grad() 

 

 

   y_pred = model(x) 

   loss = torch.nn.functional.mse_loss(y_pred, y)     

 

   # back propagation 

   loss.backward() 

 

    

   # calls optimizer 

   optimizer.step() 

 

    # Updates the scale for next iteration 

   optimizer.step() 
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DL Workload : back to the example 

Data preprocessing 

• 100% Python 
specific modules 

• Numpy 
manipulation 

• 100% CPU 

• 3’ to process one 
image 

Model Training 

• pyTorch 

• 90% GPU 

• 1’ to process one 
image (forward), 
3’ with 
backPropagation 

Post processing 

• Python : 
scikitlearn and 
pandas 

• 100% CPU 

• 10msec to 
process 1 patient 

Apply DALI for the PreProcessing and AMP for the Model Training:  

 1’ to infer an image/3’ to train an image and use 4 GPU ! 

 GPU usage : 90% of 4 GPU,   

 CPU usage : 75% of 40 thread,   
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TakeAways 

Keep Calm! Adopt holistic approach 

 

Remember : 

 

Mixed Precision 

 Mixed precision training is a general-purpose technique with tremendous benefits: 

 Math and memory speedups 

 Memory savings, enabling larger models (or minibatches) 

 Accuracy matches FP32 training across a wide range of models (all we have tried)  

 Significant speedups are common and getting more common with each new library release 

 Enabling mixed precision depends on a specific methodology: 

 There are many tools to make it easier to use mixed precision – all the way up to fully 

 automatic! 

 

DALI  

 Open source, GPU-accelerated data augmentation and image loading library 

 Over 1100 GitHub stars 

 Full pre-processing data pipeline ready for training and inference 

 Easy framework integration 
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More informations 

 DALI Documentation available online: 

 https://docs.nvidia.com/deeplearning/sdk/dali-developer-guide/docs/index.html 

 https://github.com/NVIDIA/DALI 

 https://developer.nvidia.com/dali 

 

 New mixed precision model examples: 

 https://developer.nvidia.com/deep-learning-examples 

 GitHub: 

 https://github.com/NVIDIA/DeepLearningExamples 
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Thank you! 

 

Jean-Armand Broyelle 

 

 

Please complete the Session 

Evaluation!  
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