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Part 1: Shashank Prasanna, AWS (18 mins)
• Challenges with machine learning deployment
• TorchServe: Open-source model serving library for PyTorch
• Key features and benefits
• How it works
• Demo: Getting started with TorchServe 

Part 2: Geeta Chauhan, Facebook AI (10 mins)
• Best practices for production deployment
• Future releases

Key takeaways and resources (2 mins)
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Challenges with machine learning deployment

Ease of deployment
Write custom service handlers for initialization, 
preprocessing, and postprocessing

2

Performance
Optimize for target throughput under desired latency 

1

Cost efficiency
Maximize instance utilization with multiple model hosting 
to reduce cost / inference

3

Host and manage models in production at scale
Host secure, scalable, and reliable RESTful endpoints that 
scale to millions of users simultaneously
A / B testing, versioning, and model monitoring

4



TorchServe: Open-source model serving library 
for PyTorch
High-performance serving framework for PyTorch
• Low-latency prediction APIs out of the box
• Inference optimized for CPUs and GPUs

Easy to use
• Zero code changes for image classification, object 

detection, image segmentation, and text classification 
with default handlers

Fully customizable and flexible 
• Multi-model serving
• Model versioning for A/B testing
• Server-side request batching
• Monitoring and logging 
• Low-latency prediction APIs out of the box

TorchServe

https://github.com/pytorch/serve

https://github.com/pytorch/serve


Three easy ways to deploy with TorchServe
Flexibility and control

Fully m
anaged

1
Host a server locally on Amazon EC2
• pip install torchserve
• conda install torchserve

2

Host server locally on Amazon EC2 or on Kubernetes with 
Amazon EKS and AWS Deep Learning Containers
docker pull <account>.dkr.ecr.<region>.amazonaws.com/pytorch-
inference:<version>
github.com/aws/deep-learning-containers/blob/master/available_images.md

3
Fully managed endpoint with Amazon SageMaker
model = PyTorchModel(...)
model.deploy(initial_instance_count=N, instance_type=<CPU/GPU>)

https://github.com/aws/deep-learning-containers/blob/master/available_images.md


How it works

torchserve --start --model-store <model_store>

localhost:8080/

TorchServe

Management API

Model store

Model 1 Model 3Model 2 . . .Model 5Model 4

Logging

Metrics API

Inference API

Server-side 
batching

localhost:8081/

Model 
endpoint 1

min workers=N

Model 
endpoint K

min workers=M

. . .

Inference 
process

Inference 
process

Model status
Register / unregister models
Scale workers
Set model version

torch-model-archiver

TorchScript, Eager



Default model handlers that perform 
initialization, preprocessing, and post-
processing for common cases:
• Image classification
• Image segmentation
• Object detection
• Text classification

Extend and customize

Automatically map from numeric classes to 
friendly strings when you include 
index_to_name.json

Ease of use github.com/pytorch/serve/blob/master/ts/torch_handler/image_classifier.py

https://github.com/pytorch/serve/blob/master/ts/torch_handler/image_classifier.py


Management API (default): http://localhost:8081
Query model status
curl "http://localhost:8081/models"

Register multiple models
curl -X POST "http://localhost:8081/models?url=densenet161.mar"
curl -X POST "http://localhost:8081/models?url=fastrcnn.mar"

Unregister model
curl -X DELETE http://localhost:8081/models/fastrcnn/

Scale workers
curl -v -X PUT "http://localhost:8081/models/fastrcnn?min_worker=20"

Inference API (default): http://localhost:8080
curl -X POST http://127.0.0.1:8080/predictions/densenet161 -T kitten.jpg

Management and inference APIs
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Best practices for production 
deployment

Future releases
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Best practices for production deployment



Fairness by design

• Measure skewness of data, model bias, data bias; identify relevant metrics

• Transparency, Explainable AI, inclusive design

Human-centered design

• Consider AI-driven decisions and their impact on people at the time of model design

• Provide ability to have human recourse instead of full automation – for example, mortgage 
applications AI rejecting people of certain category or race

• Computer vision models measure results based on demographics; for example, include support 
for different skin tones, age groups

Responsible AI



Build with performance vs. latency goals in mind

Reduce size of the model: Quantization, pruning, mixed precision training

Reduce latency: TorchScript model; use SnakeViz profiler

Evaluate GPU vs. CPU for low latency

Evaluate REST vs. gRPC for your prediction service

Optimizations



Quantization



SnakeViz profiler
B E R T  
M O D E L  
P R O F I L I N G

Eager mode 



SnakeViz profiler
B E R T  
M O D E L  
P R O F I L I N G

TorchScript mode

4x speedup



Offline vs. real-time predictions

• Offline: Dynamic batching

• Online: Asynchronous processing – push/pull

• Pre-computed predictions for certain elements

Cost optimizations

• Spot Instances for offline

• Autoscaling based on metrics, on-demand cluster

Optimizations (cont’d)



Deploying models in production

Develop,
Test

Production

Staging,
Experiments

Hybrid CloudOn-premises Cloud Managed

Install from source

Standalone

Docker

Large Scale
Production

MLflow, Kubeflow

Kubernetes, Kubeflow/KFServing

Primary/Backup, ML microservices

Autoscaling, canary rollouts

Minikube
Self-managed Docker 

AWS CloudFormation

Amazon EC2, 
Amazon ECS

Microservices behind 
Amazon API Gateway

Amazon EC2, 
Amazon ECS

Amazon SageMaker 
endpoints, BYOC

Amazon SageMaker

Amazon EKS

Amazon SageMaker 
endpoints

Serverless computing

Amazon SageMaker 
canary rollouts 

Databricks 
Managed MLflow



Create robust endpoint for serving, for example, SageMaker endpoint

Auto-scaling with orchestration deployments, multi-node for EC2, and 
other scenarios

Canary deployments: Test new version of a model on small subset before 
making default

Shadow inference: Deploy new version of model in parallel

A / B testing of different versions of model

Resilience



Define model performance metrics, such as accuracy, while designing the 
AI service; use-case specific

Add custom metrics as appropriate

Use CloudWatch or Prometheus dashboards for monitoring model 
performance

Model interpretability analysis via Captum

Deploy with a feedback loop, if model accuracy drops over time or new 
version, analyze issues like concept drift, stale data, etc.

Measurement



Understand

Align

Mitigate

Monitor

Measure



Ensemble model support

Improved memory and resource usage for better scalability

C++ backend for lower latency

AWS Inferentia AI accelerator support

Enhanced profiling tools

Future releases



Resources

youtube.com/watch?v=AIrrI8WOIuk

aws.amazon.com/blogs/machine-
learning/deploying-pytorch-models-
for-inference-at-scale-using-
torchserve/

pytorch.org/serve/
github.com/pytorch/pytorch

https://www.youtube.com/watch?v=AIrrI8WOIuk
https://aws.amazon.com/blogs/machine-learning/deploying-pytorch-models-for-inference-at-scale-using-torchserve/
https://pytorch.org/serve/
https://github.com/pytorch/pytorch


Resources: Amazon SageMaker

https://github.com/awslabs/a
mazon-sagemaker-examples

https://docs.aws.amazon.com/sage
maker/latest/dg/whatis.html

https://sagemaker.readthedocs.i
o/en/stable/overview.html

https://github.com/awslabs/amazon-sagemaker-examples
https://docs.aws.amazon.com/sagemaker/latest/dg/whatis.html
https://sagemaker.readthedocs.io/en/stable/overview.html


re:Invent 2020 talk
AIM301: How to choose the right instance type for ML inference

Resources: Related AWS re:Invent 2020 talk

Blog post
https://towardsdatascience.com/a-complete-guide-
to-ai-accelerators-for-deep-learning-inference-gpus-
aws-inferentia-and-amazon-7a5d6804ef1c

https://towardsdatascience.com/a-complete-guide-to-ai-accelerators-for-deep-learning-inference-gpus-aws-inferentia-and-amazon-7a5d6804ef1c


Thank you!
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