Supercomputer-scale training of large AI Radiology models
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Introduction Exploring network architectures on the ChestXray-14 dataset Conclusions

In recent years, the healthcare industry has been moving towards fully
digitized workflows. This facilitates the adoption of artificial intelligence

Scale-out, large-batch training is an effective way to speed up neural network training on unaccelerated Intel® Xeon®
platforms. We have shown in this work that we can efficiently leverage supercomputing infrastructures to train models

algorithms, particularly in cases where medical doctors do not reach a going from moderate scale (e.g. DenseNet), all the way to large, highly accurate models (e.g. large AmoebaNets).
consensus. The final goal of these algorithms is to support decision making and Conv LISE;WME ) ;:jff:fi Conv LISE;WME ) 63:2::6;?42 o
help with standardization. Therefore obtaining high quality models that can be e oM xN / - A After experimenting with the original DenseNet-121 model and making sure we reach a reasonable baseline, we decided to
quickly trained, becomes critical for this industry. In this poster we present our ResBlock 2> 256x56x56 ResBlock 2> 256x112x112 . Feﬁ A O - g&tﬂ m[ Tl — N also evaluate the performance of the very popular ResNet-50 topology. This allowed us improve the mean AUROC from
findings for training three different high accuracy artificial neural network L i A L M ™ A = |3“X3 | 2010 o (2] 0.819 to 0.826, a result achieved in similar training time. In order to better extract the details from the ChestXray-14 images
models for identifying pneumonia, emphysema, and a host of other lung ResBlock3b  512x28x28 ResBlock3b  512x56x56 «N “ & \ | +) / that are of higher resolution (1024x1024), we have designed an upscaled version of ResNet-50, called ResNet-59. This
afflictions. This was done on a dataset released by NIH Clinical Center, E:EZE:: "  an ﬁiiﬁiﬁﬁﬁ e oy hmﬁ l@ \l/ oo - improved accuracy on ImageNet-1K from around 76% to 78%, but more importantly improved the mean AUROC on
containing over 100,000 chest x-ray images from more than 30,000 patients and ResBlockda | _1024x14x14 GEEeidd | LPEi | / max ! ik | ChestXray-14 from 0.826 to 0.838.
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14 dlfferent pathologles. ResBlock 4c 1024x14x14 ResBlock 4d 1024x28x28 ' ‘ J;/ A m, I|
R R L o L A L xN \Cs Our next milestone was switching from the residual network architecture to some of the more modern topologies. We chose
Emphysema is estimated to affect more than 3 million people in the U.S., and ResBlock4f  1024x14x14 ResBlock5c  2048x14x14 . , - to experiment with AmoebaNets, since they currently hold the state-of-the art accuracy in various vision tasks. When
more than 65 million people worldwide. Severe emphysema is life threatening, A s x? [o] o] training a large AmoebaNet model (168 million parameters), we managed to obtain a mean AUROC of 0.842, significantly
and early detection is important to try to halt progression. Pneumonia affects ResBlock 5¢ 2048x7x7 ResBlock 5f  2048x14x14 [3x3 conv, stride 2 | better compared to the DenseNet-121 baseline, outperforming it in all 14 different pathologies.
more than 1 million people each year in the U.S., and more than 450 million Av;rf;gneeEOOI Bt E:EZE:: o pros Normal cell Reduction cell
each year worldwide. Every year, 1.4 million people die from pneumonia Output 14 11:5;‘3&1;:‘;:; R For all used network topologies, we first perform a full training run using the ImageNet dataset, followed by transfer
worldwide. ResNet-50 architecture Flatten 4096 . learning on the target ChestXray-14 dataset. All training runs are performed using large batches and 128-256 Intel® Xeon®-
— 1 SRtinelline oyerall model based compute nodes, showing that the methodology for performing large-batch training at scale applies to both training
The original ChestXray-14 images are of size 1024x1024, but general practice is to downsample the input images to 224x224 to (If::gNei;f)i’?E:;EZ:irg) AmoebaNet-D architecture e Rl S e
tit the input layer of traditional ImageNet-pretrained models. Our approach is to utilize as much of the available information Transfer learning and fine tuning approaches are an intelligent way of improving the time-to-solution of models trained on
0 Pl 5o e?<periment sl e hin conimnr Prediee .uts. e ondpa L 0% aPpl'roach ol m<.)cjlels fezilutiing & moderate-scale datasets, as reaching the accuracy targets typically significantly fewer training iterations. Fine tuning models
R R 0 rchitectures used for genericimageieie i R as In our current work we have focused on three different Convolutional Neural Network designs. The first one is a standard ResNet-50. In our previous already trained on ImageNet (or even other datasets) should be the default approach for those beginning a deep learning
research this proved to be superior to other Neural Network designs such as DenseNet for classification tasks. project for image classification.
ResNet-59 is a natural evolution of ResNet-50 when increasing the input size to 1024x1024 pixels. This architecture features an additional of a stride-2
Metho dOlogy convolution in the second residual block an increased number of layers in order to deal with the extra from the input layer. This leads to
approximately four times more trainable parameters than in the standard architecture. For example, when using a batch size of 64, the memory
footprint of the model is 43 GB. This model was trained only for 60 epochs on our teacher training set, ImageNet-1k, reaching a top-1 accuracy of 78% Future WO rk
and a top-5 accuracy of 94%, with a global batch size of 10240, using 256 nodes.
Stanford University researchers originally developed the CheXNet model by fine-tuning a 121-layer DenseNet topology : : i ) d . . ) .
originally trained on the ImageNet dataset. The data for fine tuning the model came from the U.S. National Institute of Health The AmoebaNet-D archltect.ure is automatically discovered and we have trained tv.vo flavors of it. One with 299x2?9 input, the other W1th 480x480
(NIH) ChestXray-14 dataset. input. In the both cases, the input layers h'ave leés ficurons than R(?sNet—59. In the first case, thg total m.lmber of trainable parameters is also small?r
than for ResNet-59. The table below contains a finetuning comparison between the three architectures in terms of throughput, memory consumption
and approximate training time when using 256 nodes. Also below we have plotted the mean Area Under the Curve for all these architectures, Although we have significantly improved over the base DenseNet model, we still see that the predictive performance of our
1 Use of pretrained models should always be a first consideration when including the baseline offered by DenseNet-121. (et prevfonmnivyg visdiels vesdhzs & pllatbsat
0.9 e P developing new deep learning models, as the need to isolate common ) ) ) i : o
83 N inated. We behevg tha.t one option to f.urther impreyeion the. validation accuracy of such a system is to perform additional data
06/ ResNet-50 | ResNet-59 | AmoebaNet | AmoebaNet augmentation in order to alleviate the inherent class imbalance.
Y o5’ : (4,256), (2,512), Mean AUROC
2 82 . In the two plots from the left-hand side we present the accuracy and --- 480x480 0 845 cppe s — e . 1 network e nans SR,
o loss during training of the mammography model with and without Taining 13.3 3.5 e e plan to tackle this problem by using class-conditional generative adversarial networks that have the potential to balance
0.2 pretraining. This (solid line) provides a much smoother loss profile and img/s/node] . the class dlSt.I'lbutIOn in the dataset. With this augmented dataset we plan to re-train the large-input models and expect to
01 faster time to high accuracy vs. the model that was not pretrained. Use I 43 61 125 0835 reach even higher accuracy levels.
2)o4 5588 8382 11176 13970 16764 19556 22352 25146 27940 of existing models should always be a first consideration when e 083 - : :
ey Slobal Step developing new deep learning models, as the need to isolate common [A(;i]roximate - . . . 0.825 Furthermore, we want to apply t}.@ methodology present.ed in this work to f)ther medical datasets, Wlth a close eye on
e liminated. wanngtme 0.82 comparing the fe.ature transferab.lhty of ImageNe’F-pr.etramed networl.<s. against ChestXray-yl pre.tramed. ne.tworks on the
rodes 0815 same.target medlce?l datasets. Th1§ future Work will aim to ?ffer Practltloners from the medical diagnostic fields the best
1.2 In order to obtain the desired accuracy, when picking an existing Top secuscy 76,2% = o e 0.81 practices for applying deep learning techniques to medical imaging data.
1 checkpoint, we do not pick the last one. We start with the learning rate :A'Zan —— A e o 0.805 e, S s — N—
5 08 at which the model was training when the'checkpomt was §aved. We on ChestXray- ' ' ' Saxon S 2ax2a 8061896 (4.256), 299299 (2,512), 480x480
= oen. 4N also perform gradual warmup of the learning rate, proportional to the
0a N global batch size.
0.2 e T

Our code is developed in Tensorflow and we pack the data in the TF .

2794 5588 8382 11176 13970 16764 19558 22352 25146 27940 | Records format so that it can be efficiently consumed asynchronously e e In all these experiments we used a variant of the cyclic learning rate, REferenceS and f u rther re adlng
Global Step with the computation. Horovod was then added to parallelize the plotted in the figure on the left-hand side.

With pre-training training,

-=-=-=No pre-training

The learning rate is increased and decreased in several cycles. Each
learning rate inflection point is half of the previous value. The number

Horovod uses the Ring-AllReduce approach to distributed deep learning, which take a single- e final accuran

program, multiple-data (SPMD) model approach to the parallelization process, using MPI for
communications.

+ I' +- ( ) This technique ensures that overfitting is reduced, while diversity is
Tensor obtained from the learning rate variation. This could be expressed also

Each MPI h i f the network being trained. Each looks at a sli
ac process has a unique copy of the network being trained. Each process looks at a slice ik | transfer learning)

of the training data, and exchanges gradient information using the MPI_AllGather operation.
Loss information is aggregated using MPI_AllReduce.

We have also compared the efficiency of our Tensorflow implementation with a Keras-Tensorflow one. For our architecture
and dataset, we've noticed the Tensorflow-only code is approximately 4 times faster when doing a 128 node run, distributed
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The figure above shows the scaling behavior for ResNet-50. Since the other

S catcgory accuracy using all the tested architectures architectures have more computational demands, the scaling performance is

better in their case. Even in the case of ResNet-50, we can observe that by Efficient Neural Network training )
using 256 nodes, the total time required to obtain a trained model is reduced on DellEMC Intel Xeon(R) Based ’ rk training
by 187 times. Supercomputers 1 improved

ime to train



