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1. Summary 4. System Overview

Deep CNNs achieve near-human accuracy in image understanding tasks. Vista is implemented as a library on top of the Spark-TensorFlow combine.

ImageNet Challenge

In_many applications powered primarily by structured Declarative API to specify the feature transfer workload.
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Elevate the feature transfer workload to a declarative level; automate

Our Approach: optimization of feature materialization trade-offs at scale to improve 5. System Optimizations
efficiency and reliability

(1) Logical Plan Decisions
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D  Bulk with CNN inference is performed after the join.
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In brief: The new Bulk and Staged inference plans avoid redundant partial CNN inference;
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(B) CNN Feature Transfer for Multimodal Analytics Downstream ML Model in Spark. e
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structured features, and train the downstream ML model for each layer, e.g., using ey, e -
TensorFlow for CNN inference and Spark for downstream ML model training. Memory management scheme for Spark
Iteratively performing CNN inference for each layer is inefficient. Repeated computations! Vista uses information about CNN operator characteristics such as input/output

In brief: dimensions, runtime memory footprints and estimates of intermediate data sizes
CNN features can be big (orders of magnitude larger than raw images). Can cause efficiency to pick system configuration values.

issues due to disk spills or even system crashes! ]
(3) Physical Plan Decisions

3, Pr()blem Formalization Pick broadcast join or shuffle join? Depends on the size of T,

Store intermediate data in serialized form? Depends on chance of disk spills
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I are raw images (say, as files on HDFS). Vista Optimizer

We define simple optimization problem for minimizing runtime subject to a suite of memory
constraints to ensure Spark will not crash

A CNN f with n; layers, a set of layer indices L C |n;]| specific to f that are of interest
for transfer learning.

, . _ Line search algorithm to set all free parameters and execution plan decisions
A downstream ML algorithm M (e.g logistic regression)

A set of system resources R (humber of cores, system memory, and number of nodes) 6- SnapShOt Of RESUItS
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