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About Me

Why am | here?

“"44 University of Colorado i .+

University of Colorado Boulder (2020) &
Applied Math and Computer Science A\

Google (2020 - 2023)

Worked on resource allocation and isolation for multi-tenant services on
GCP

Databricks (2023 - Present)

Overload Protection, Service Discovery and Load balancing



Obligatory: About Databricks :)

The unified data platform

¢ @ @

== 000
Store big data Query big data Build on top of the data
Delta/lceberg Formats » Spark to query data fast + Create agents
Store it in S3 « Governance via Unity * Fine tune models
Catalog

Metadata in Unity Catalog Lakewatch

Build business dashboards Lakehouse Apps



Common Wisdom

Build a low latency, highly scalable service with a 99.999 uptime



Dimensions

Autoscale Storage Caching

* O downtime deployments * Keep consistent and durable Scalable and eventually
state via some remote consistent reads

» Scale horizontally with load
storage layer

e Fall back to storage layer
¢ Resource Utilization ge lay

Why care about these
» Reliability « Performance « Performance
+ Cost » Reliability » Reliability

e Cost Cost



Do these

The Setup h;ﬁmy replicas
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state?
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requests Policy
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LB Algorithms - Stateless

e Random Routing
o Uniform Distribution

o P2C
o Assign weights, pick 2 random replicas, choose replica with lower
wel g h t [] Service A (client)
Service B (backend)

11111



LB Algorithms - Static Stateful

e Recall LB Lecture
e Hash key matters
e Requests are not homogenous



https://www.rtealwitter.com/rads2026/notes/04_load_balancing.html

Common Wisdom

Autoscale Storage Caching
* O downtime deployments * Keep consistent and durable Scalable and eventually
state via some remote consistent reads

» Scale horizontally with load
storage layer

e Fall back to storage layer
¢ Resource Utilization ge lay

With stateless services

* O downtime deployments « Databases don't scale well Low cache hit rates

per tenant

» Scale horizontally with load Network 10 Overhead

Network IO Overhead

Serialization Overhead
» Serialization Overhead



Why not static sharding?

Autoscale Storage Caching
* O downtime deployments * Keep consistent and durable Scalable and eventually
state via some remote consistent reads

» Scale horizontally with load
storage layer

e Fall back to storage layer
¢ Resource Utilization ge lay

With statically sharded services

* O downtime deployments » Databases scale well per » High cache hit rates
tenant (batch writes/reads)

» Scale horizontally with load Low Network 10 Overhead

e Hot Spots » NetworklO Overhead » Low Serialization Overhead

» Serialization Overhead




The Way - Dynamic Autosharder

. Dlstrlbuted data path® o Centralized control path*
Hash(key) % , Hash(key) A

Clients
Clerk

Deployment/StatefuISet

N




Dynamic Autosharder

Autoscale Storage Caching
* O downtime deployments * Keep consistent and durable Scalable and eventually
state via some remote consistent reads

» Scale horizontally with load
storage layer

e Fall back to storage layer
¢ Resource Utilization ge lay

With dynamically sharded services

* O downtime deployments » Databases scale well per » High cache hit rates
tenant (batch writes/reads)

» Scale horizontally with load Low Network 10 Overhead

Network IO Overhead

Low Serialization Overhead
» Serialization Overhead



Use Case: Ratelimit and in memory stores

Critical path

------ non-critical path
Resource to be

protected

Clients hash based on Rate Limit Group and Dimension

Caller Service

rig_dimension_name_value_1: rejection rate = 60% L .
rig_dimension_name_value_2: rejection rate = 30% RatelimitV2Client

rig_dimension_name_value_1: allowed = 10
rejected = 5

rig_dimension_name_value_2: allowed = 20
rejected = 8

Slicelet

Redis

10 be deprecated

Ratelimit-v2 Deployment

rig_dimension_name_value_1: 50
fig_dimension_name_valus_2: 100




Use Case: Model Serving - Batch Inference

from the mount path
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The new problems

Clients in control Overload Protection
*  Proxies * Interactions with load shedder
+ Pod to Pod Forwarding « Load and health metrics not perfect

» Clients often do reachability checks



Case Study: Unity Catalog

API Gateway

Client

(Envoy)
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