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http://image-net.org/about-stats

ImageNet
       21,841 Categories
14,197,122 Images
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https://www.fast.ai/2018/08/10/fastai-diu-imagenet/
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Distributed Deep Learning
Recent state-of-the-art models require distributed training.

Mastering Spark with R

https://therinspark.com/


Overview
This talk assumes you are somewhat familiar with TensorFlow and Spark:

Talk Outline: Distributed Deep Learning, TensorFlow and Spark.



Distributed Deep 
Learning



Deep Learning Recap: AlexNet

https://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf

https://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf


Parameter Server @Google

http://papers.nips.cc/paper/4687-large-scale-distributed-deep-networks.pdf

http://papers.nips.cc/paper/4687-large-scale-distributed-deep-networks.pdf


Parameter Server @TensorFlow

https://arxiv.org/pdf/1603.04467.pdf
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Ring All-Reduce @Baidu
Two steps: First, a scatter-reduce, and then, an allgather.

https://andrew.gibiansky.com/blog/machine-learning/baidu-allreduce/

https://andrew.gibiansky.com/blog/machine-learning/baidu-allreduce/


Ring All-Reduce @Horovod

https://arxiv.org/pdf/1802.05799.pdf

https://arxiv.org/pdf/1802.05799.pdf


TensorFlow



Distributed Training with TensorFlow

https://www.tensorflow.org/guide/distributed_training

https://www.tensorflow.org/guide/distributed_training


Distributed Training with TensorFlow

https://www.tensorflow.org/guide/distributed_training

https://www.tensorflow.org/guide/distributed_training


Configuration File
172.31.11.122

172.31.10.143

172.31.4.119

172.31.4.116

https://github.com/mlverse/distributed

https://github.com/mlverse/distributed


Distributed Pseudocode

Local Model Distributed Model

https://github.com/mlverse/distributed

https://github.com/mlverse/distributed


Distributed Code
Local Model

Distributed Model

https://github.com/mlverse/distributed

https://github.com/mlverse/distributed


Distributed Training
SSH to each machine, transfer data subset, run the code in each machine.

What if you need dozens of machines?



Spark



Deep Learning Frameworks and Spark

Project Hydrogen: State-of-the-Art Deep Learning on Apache Spark Reynold Xin

https://vimeo.com/274267107


Spark Apply

sdf_len(sc, 3) %>%

  spark_apply(~ 10 * .x)

You can use spark_apply() to apply an arbitrary transformation in R:

# Source: spark<?> [?? x 1]
     id
* <dbl>
1    10
2    20
3    30

Can’t we just use spark_apply() to run TensorFlow code?



Barrier Execution
Barrier Execution supported since sparklyr 1.1 and Spark 2.4. Used to 
schedule all-or-nothing resources, retrieve IP addresses and process data.

https://blog.rstudio.com/2020/01/29/sparklyr-1-1/#barrier-execution

https://blog.rstudio.com/2020/01/29/sparklyr-1-1/#barrier-execution


Spark and TensorFlow Pseudocode

https://github.com/mlverse/distributed

❏ Connect
❏ Partition Data
❏ Apply Transform
❏ Load Libraries
❏ Set Configuration
❏ Define Strategy
❏ Define Model
❏ Compile Model
❏ Fit Model
❏ Retrieve Model

https://github.com/mlverse/distributed


Example (1/2)
library(sparklyr)
sc <- spark_connect(master = "yarn", spark_home = "/usr/lib/spark/", config = 
list(spark.dynamicAllocation.enabled = FALSE, `sparklyr.shell.executor-cores` = 8, 
`sparklyr.shell.num-executors` = 3, sparklyr.apply.env.WORKON_HOME = "/tmp/.virtualenvs"))

sdf_len(sc, 3, repartition = 3) %>%
  spark_apply(function(df, barrier) {
    tryCatch({
      library(tensorflow)
      library(keras)

      Sys.setenv(TF_CONFIG = jsonlite::toJSON(list(
        cluster = list(worker = paste(gsub(":[0-9]+$", "", barrier$address), 8000 + 
seq_along(barrier$address), sep = ":")),
        task = list(type = 'worker', index = barrier$partition)
      ), auto_unbox = TRUE))
      
    if (is.null(tf_version())) install_tensorflow()

    // << tensorflow model >>

     }, error = function(e) e$message)
  }, barrier = TRUE, columns = c(address = "character"), ) %>% collect()

https://github.com/mlverse/distributed
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Example (1/2)
strategy <- tf$distribute$experimental$MultiWorkerMirroredStrategy()
mnist <- dataset_mnist()

x_train <- mnist$train$x
y_train <- mnist$train$y
x_train <- array_reshape(x_train, c(nrow(x_train), 28, 28, 1))
x_train <- x_train / 255
      
with (strategy$scope(), {
   model <- keras_model_sequential() %>%
     layer_conv_2d(filters = 32, kernel_size = 3, activation = 'relu', input_shape = c(28, 28, 1)) %>%
     layer_max_pooling_2d() %>%
     layer_flatten() %>%
     layer_dense(units = 64, activation = 'relu') %>%
     layer_dense(units = 10)
        
   model %>% compile(
     loss = tf$keras$losses$SparseCategoricalCrossentropy(from_logits = TRUE),
     optimizer = tf$keras$optimizers$SGD(learning_rate = 0.001),
     metrics = 'accuracy') })
      
model %>% fit(x_train, y_train, batch_size = 64L * 3L, epochs = 3, steps_per_epoch = 5)

https://github.com/mlverse/distributed

https://github.com/mlverse/distributed


Thanks!

blogs.rstudio.com/ai youtube.com/c/mlverse

@zkajdan

@dfalbel

@javierluraschi

@yl790

http://blogs.rstudio.com/ai
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NVIDIA NCCL

https://developer.nvidia.com/nccl

https://developer.nvidia.com/nccl


Infiniband

InfiniBand also provides RDMA capabilities for low CPU overhead.

Single Data Rate Double Quadruple Fourteenth Enhanced

https://en.wikipedia.org/wiki/InfiniBand

https://en.wikipedia.org/wiki/Remote_direct_memory_access
https://en.wikipedia.org/wiki/InfiniBand

