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Modern Software Development

● Scalability

● Extensibility

● Configuration

● Consistency & Reproducibility

● Modularity

● Best Practices

● Testability

● Monitoring

● Safety & Security

Machine Learning Development

● Labeled data

● Feature space coverage

● Minimal dimensionality

● Maximum predictive data

● Fairness

● Rare conditions

● Data lifecycle management

+



“MLOps is an ML engineering culture and practice that 
aims at unifying ML system development (Dev) and ML 
system operation (Ops). Practicing MLOps means that 
you advocate for automation and monitoring at all 
steps of ML system construction, including integration, 
testing, releasing, deployment, and infrastructure 
management.” - http://goo.gle/mlops-levels



Continuous Integration

● Testing and validating code and components, but also 
testing and validating data, data schemas, and models



Continuous Deployment

● No longer about a single software package or service, 
but a system (an ML training pipeline) that should 
automatically deploy another service (model 
prediction service)



Continuous Training

● CT is a new process, unique to ML systems, that's 
concerned with automatically gathering and labeling 
new data, retraining, and serving new models







Your model predicts 
click-through rates (CTR), 
helping you decide how much 
inventory to order
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Modeling Code



Configuration

Data Collection
Data Verification

Feature Extraction Process Management Tools

Analysis Tools

Machine Resource 
Management

Serving 
Infrastructure Monitoring

ML Code



https://twitter.com/ginablaber/status/971450218095943681



“Hidden Technical Debt in Machine Learning Systems”

NIPS 2015

http://bit.ly/ml-techdebt

http://bit.ly/ml-techdebt




MLOps 
Level 1: ML 
pipeline 
automation





Powers Alphabet’s most important bets and products



Ranking Tweets with 
TensorFlow - Twitter
https://goo.gle/tf-twitter-rank

“... we have re-tooled our 
machine learning platform to 
use TensorFlow. This yielded 
significant productivity gains 
while positioning ourselves to 
take advantage of the latest 
industry research.”
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Flexible runtimes run components in the proper order using 
orchestration systems such as Airflow, Kubeflow, Interactive, or Local



Apache Airflow Kubeflow Pipelines Local



AI Platform Pipelines
● Metadata tracking + caching enabled, ability to 

resume pipelines from crashes.

● Containers as custom components

● Orchestrate existing R/C++/Scala components 
and get metadata tracking + caching

● Artifact provenance and  lineage visualized

● Deploy using Marketplace

● CloudSQL can be used to persist pipeline 
metadata across clusters

TensorFlow Extended (TFX)
● Open-source version of what Google uses 

internally for Production ML

● Currently supported orchestrators:

○ Kubeflow Pipelines

○ Apache Airflow

○ Local

○ Interactive

○ We’re adding more

○ You can add more

Best of both worlds when used together



● Environment for experimental and iterative development

● Build up your pipeline iteratively in a Jupyter / Colab notebook and 
export to production with minimal changes

● InteractiveContext object handles component execution, metadata 
management, and artifact visualization

● In production, you would use Airflow, Kubeflow, or something similar





Type definitions of Artifacts and their Properties



Type definitions of Artifacts and their Properties

Execution Records (Runs) of Components



Type definitions of Artifacts and their Properties

Execution Records (Runs) of Components

Data Provenance Across All Executions





- A unified batch and stream distributed processing API

- A set of SDK frontends: Java, Python, Go, Scala, SQL

- A set of Runners which can execute Beam jobs into various 
backends: DirectRunner, Apache Flink, Apache Spark, 
Apache Gearpump, Apache Samza, Apache Hadoop, 
Google Cloud Dataflow, …



Sum Per Key

Python

Java

Go

SQL

⋮

Cloud Dataflow

Apache Spark

Apache Flink

Apache Apex

Gearpump

Apache Samza

Apache Nemo 
(incubating)

IBM Streams
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Bulk InferenceExampleGen



Component: ExampleGen

examples = csv_input(os.path.join(base_dir, 'data/simple'))
example_gen = CsvExampleGen(input=examples)

Configuration

ExampleGen

Inputs and Outputs

Standard Formats
● CSV
● tf.Record
● BigQuery

Custom Formats
● Avro
● Parquet
● Presto

Formats Supported Using Beam
● S3
● GCS
● Hadoop
● Kafka
● PubSub
● BigQuery
● BigTable
● Datastore
● Mongo
● Flink



Component: StatisticsGen

statistics_gen = StatisticsGen(
    input_data=example_gen.outputs['examples'])

Visualization

StatisticsGen

ConfigurationInputs and Outputs



Analyzing Data with TensorFlow Data Validation



Component: SchemaGen

SchemaGen

infer_schema =
    SchemaGen(statistics=statistics_gen.outputs['statistics'],
              infer_feature_shape=False)

Visualization

ConfigurationInputs and Outputs



Component: ExampleValidator

Example
Validator

validate_stats = ExampleValidator(
      statistics=statistics_gen.outputs['statistics'],
      schema=infer_schema.outputs['schema'])

Visualization

ConfigurationInputs and Outputs



Component: Transform

transform = Transform(
      examples=example_gen.outputs['output_data'],
      schema=infer_schema.outputs['schema'],
      module_file=module_file)

for key in _DENSE_FLOAT_FEATURE_KEYS:
    outputs[_transformed_name(key)] = transform.scale_to_z_score(
        _fill_in_missing(inputs[key]))
# ...

outputs[_transformed_name(_LABEL_KEY)] = tf.where(
      tf.is_nan(taxi_fare),
      tf.cast(tf.zeros_like(taxi_fare), tf.int64),
      # Test if the tip was > 20% of the fare.
      tf.cast(
          tf.greater(tips, tf.multiply(taxi_fare, tf.constant(0.2))), tf.int64))

# ...

Transform

Code

ConfigurationInputs and Outputs



Using TensorFlow Transform for Feature Engineering



Using TensorFlow Transform for Feature Engineering

Training Serving



Component: Trainer

Trainer

Transform SchemaGen

Evaluator

Code

Pusher

TensorFlow 
Serving

TensorFlow 
Model Analysis

Highlight: SavedModel Format

Train, Eval, and Inference Graphs

SavedModel

Inputs and Outputs



Component: Trainer

trainer = Trainer(
      module_file=module_file,
      transformed_examples=
          transform.outputs['transformed_examples'],
      schema=infer_schema.outputs['schema'],
      transform_graph=transform.outputs['transform_graph'],
      train_args=trainer_pb2.TrainArgs(num_steps=10000),
      eval_args=trainer_pb2.EvalArgs(num_steps=5000))

Trainer

Transform SchemaGen

Evaluator

Code

Pusher

Inputs and Outputs

Your model
● TensorFlow (Keras or Estimator)
● Sci-Kit Learn
● With Cloud AI Platform

○ XGBoost
○ PyTorch

Code

Configuration

Advantages to
using TensorFlow







Component: Tuner

tuner = Tuner(
    module_file=module_file,  # Contains `tuner_fn`.
    examples=transform.outputs['transformed_examples'],
    transform_graph=transform.outputs['transform_graph'],
    train_args=trainer_pb2.TrainArgs(num_steps=20),
    eval_args=trainer_pb2.EvalArgs(num_steps=5))Tuner

Tuner works with Trainer Configuration

Trainer trainer = Trainer(
    module_file=module_file,  # Contains `run_fn`.
    custom_executor_spec=executor_spec.
        ExecutorClassSpec(GenericExecutor),
    examples=transform.outputs['transformed_examples'],
    transform_graph=transform.outputs['transform_graph'],
    schema=schema_gen.outputs['schema'],
    # This will be passed to `run_fn`.
    hyperparameters=tuner.outputs['best_hyperparameters'],
    train_args=trainer_pb2.TrainArgs(num_steps=100),
    eval_args=trainer_pb2.EvalArgs(num_steps=5))

Adding to Pipeline



Component: Evaluator

Evaluator

Data Model

ExampleGen Trainer

Inputs and Outputs

Evaluation 
Metrics

evaluator = Evaluator(
    examples=example_gen.outputs['examples'],
    model=trainer.outputs['model'],
    baseline_model=model_resolver.outputs['model'],
    eval_config=eval_config)

Configuration

Visualization

Validation 
Outcome

ResolverNode





Component: InfraValidator

InfraValidator

Validation

ServingSpec: Type of model server and infrastructure to test with
ValidationSpec: Adjusts the infra validation criteria or workflow
RequestSpec: Which model signature, how many examples to test

Inputs and Outputs

Configuration Options

Trainer infra_validator = InfraValidator(
    model=trainer.outputs['model'],
    serving_spec=ServingSpec(...),
    validation_spec=ValidationSpec(...),
    request_spec=RequestSpec(...)
)

Configuration



Component: Pusher

Pusher

Evaluator

Pusher
PusherDeployment 

Options

pusher = Pusher(
    model=trainer.outputs['model'],
    model_blessing=evaluator.outputs['blessing'],
    infra_blessing=infra_validator.outputs['blessing'],
    push_destination=pusher_pb2.PushDestination(
        filesystem=pusher_pb2.PushDestination.Filesystem(
            base_directory=_serving_model_dir)))

Block push on validation outcome

Push destinations supported today
● Filesystem (TensorFlow Lite, TensorFlow JS)
● TensorFlow Hub
● TensorFlow Serving
● Cloud AI Pipelines
● etc

ConfigurationInputs and Outputs

InfraValidator



Component: BulkInferrer

BulkInferrer

Evaluator

Pusher
PusherInference 

Result

Block batch inference on a successful model validation. 
Choose the inference examples from example gen's output.
Choose the signatures and tags of inference model.

Inputs and Outputs

Configuration Options

ExampleGenTrainer

Inference Result

Contains features and predictions.

bulk_inferrer = BulkInferrer(  
    examples=inference_example_gen.outputs[‘examples’],
    model_export=trainer.outputs[‘output’],
    model_blessing=evaluator.outputs[‘blessing’],
    data_spec=bulk_inferrer_pb2.DataSpec(
        example_splits=[‘unlabelled’]),
    model_spec=bulk_inferrer_pb2.ModelSpec())

Configuration





Pipeline nodes are special-purpose classes for 
performing advanced metadata operations

● Import external artifacts into ML-Metadata

● Perform queries of current ML Metadata based on 
artifact properties and history



ImporterNode imports an
external data object into the
metadata store

● Key requirements: source_uri, artifact_type

importer = ImporterNode(
      instance_name='import_schema',
      source_uri='uri/to/schema'
      artifact_type=standard_artifacts.Schema,
      reimport=False)

Metadata Store

ImporterNode

source_uri

artifact_type



ResolverNode is used to perform 
metadata queries

● Key requirements: Class, Query 
config, Channel

latest_five_examples_resolver = ResolverNode(
      instance_name='latest_five_examples_resolver',
      resolver_class=latest_artifacts_resolver.LatestArtifactsResolver, # Class
      resolver_config={'desired_num_of_artifacts' : 5},                 # Query config
      examples=example_gen.outputs['examples'])                         # Channel

Metadata Store

ResolverNode

query
TFX 

Component



● LatestArtifactsResolver
○ Resolver that returns the latest N artifacts in a given channel

● LatestBlessedModelResolver
○ Returns the latest blessed model





3 ways to create a custom component

● Python function with decorator and annotations
● Components using containers
● Extending existing component classes



Create your own components to run within a TFX
pipeline while still providing the benefits of metadata

management, lineage, and pipeline monitoring.



● Decorate a Python function

● Use Python annotations to declare inputs and outputs

@component
def MyComponent(
    model: InputArtifact[Model],
    blessing: OutputArtifact[Model],
    accuracy_threshold: Parameter[int] = 10,
    ) -> OutputDict(accuracy=float):

  # Component code here

  return {
    'something': something
  }



● Configure inputs, outputs, parameters, and the image

● Wrap with container_component.create_container_component
from tfx.dsl.component.experimental import container_component
from tfx.dsl.component.experimental import placeholders
from tfx.types import standard_artifacts

grep_component = container_component.create_container_component(
    name='...',
    inputs={ 'text': standard_artifacts.ExternalArtifact },
    outputs={ 'filtered_text': standard_artifacts.ExternalArtifact },
    parameters={ ... },
    
    image='google/cloud-sdk:278.0.0', # Image to run
    command=[ # Command to run inside container
        'sh', '-exc',
        '''
          # Body of command
        ''',
    ],
)



TFX and Kubeflow Pipelines in GCP

82

AI Platform
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Standard components for your production model needs

Flexible orchestration and metadata

Extensible with custom components



https://docs.google.com/file/d/1nYxf5a93OsVl1bNqyJ0uSTLOcUUEw_No/preview


https://www.tensorflow.org/tfx
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Helpful resources

Web

Repo

Community

YouTube

https://tensorflow.org/tfx

https://github.com/tensorflow/tfx

https://goo.gle/tfx-group

https://goo.gle/tfx-youtube

https://tensorflow.org/tfx
https://github.com/tensorflow/tfx
https://goo.gle/tfx-group
https://goo.gle/tfx-youtube

