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Text-to-SQL comes in many shapes
and sizes

Who is the end user?
. How many datasets?

. How much specialized knowledge?

What is the target user experience?
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QOur use case

» All Linkedln Employees ¢ Millions of datasets * Data/query assistant for
from no SQL experience across product areas data analytics
to SQL / Data experts
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Modeling Architecture

Question
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—Write query.
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Updated Context
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Five strategies to deploy a
practical text-to-SQL solution at

Scale



o strategies:

2

3

4

Quality Metadata
. Query Validation
. Interactive Chat UX
. Self-serve Customization

. Ongoing Benchmarking
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#1 Quality Context Start with the basics!

Prioritize reliable sources with high information density

Improved descriptions and example queries = big lift in accuracy
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Knowledge graph
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LEGEND

Table permissions

associated_with

contains

Human description

Human description

Is partition key

~ Field type
(metric, dimension,
attribute)

Knowledge Graph Nodes

Knowledge Graph
Node Attributes

Attribute Name

Data Sources for
attributes

DataHub
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#2 Query Validation Always check your work!

Fix errors before returning the query to the user:
 Doadll exist?

 Dodll exist?

o Will the query run?

* Does the user have to the tables?

We use a to fix errors
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#3 Interactive Chat UX

e T[imely assistance

0 LOGS

A A\ ERROR

Query failed: line 2:1: mismatched input 'not". E
'DESCRIBE', 'DROP', "EXECUTE', 'EXPLAIN', 'G
'TRUNCATE', 'UPDATE', 'USE', <guery=>

& FIX WITH Al
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* Human-in-the-loop

@& All tables are valid
@ All columns are valid

@& No syntax issues

Query Explanation:
The query retrieves the count of each post reaction by joining the 'metrics.feed_viral_actions'
table with the 'metrics.feed_posts' table on the 'post_id". It filters for September 2024 and US

celebration posts to calculate the number of times each post reaction was used.

Here are the tables used in the query:

1. metrics.feed_posts [View on DataHub]

This dataset hosts metrics related to content creation on LinkedIn, including original posts,
reshare posts, group posts, messaging shares, etc.

2. metrics.feed_viral_actions [View on DataHub]

This dataset contains metrics related to social gestures and viral actions (such as react, like,
comment, etc.) that are taken on feed updates, with the information on both actors and the feed

updates which the actions are taken upon.

Please Verify: The query assumes that the 'content_type' field in the 'metrics.feed_posts' table
can be used to identify the celebration posts. The 'metrics.feed_viral_actions' table is used to

count the reactions on these posts by 'reaction_type".

Looks good to me Update query » Update table selections ~

O Al-generated content may be incorrect. Is this response helpful? (5 9

Press Enter to send message

* Rich chat elements

& You

Calculate how many times each post reaction was used in September 2024 on celebration posts in the US

SQLBot

Let's find some datasets to answer your question.

[ metrics.feed_viral_actions @ ViEWONDATAHUB [[] copy Na!

This dataset contains metrics related to social gestures and viral actions (such as react, like, comment
etc.) that are taken on feed updates, with the information on both actors and the feed updates which tt
SHOW MORE

Commonly queried with:
* metrics.feed_posts
» prod.member
« prod.follows

[} metrics.feed_posts @ VIEW ON DATAHUB f_[] COPY NAM
PULAF
This dataset contains metrics related to content creation on Linkedin, including original posts, reshare

posts, group posts, messaging shares, etc. It captures the number of different content creation activit

SHOW MORE

Commonly queried with:
« prod.member
» metrics.feed_updates_viewed
« metrics.feed_viral_actions

SHOW MC

Use tables to write query Find more tables »

QAl-generated content may be incorrect.

Press Enter to send messaqe
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#4 Self-Serve Customization

Allow users to specify:
* Relevant datasets
e Custom instructions

* Example queries
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Add Instruction

Instruction Text

Always apply a date filter for this dataset. Data are available between 30 days ago

and yesterday.

Product Areas

Herizontal

Tables

prod.member_snapshot

Columns

date

CAMCEL SUBMIT
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#5 Ongoing Benchmarking Speed up your development!

» Curate your own benchmark set

Define metrics for each part of the stack: retrieval, query writing, fixing, general QA

Use LLM-as-a-judge to complement human eval

Note! The same question can be answered with different tables/queries
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Key Takeaways from our benchmark experiments

Impact of Knowledge Adding example queries

Graph Context

Impact of Modeling
Components
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Adding descriptions and human

annotated data

Adding re-rankers

Adding self-correction agent

Table Recall

+16%

+4%

+9%

+2%

Field Recall

+14%

+8%

+5%

+1%

Hallucination %

+1%

-1%

-8%

-14%
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User adoption strategies

Our Audience : All LinkedIn Employees from no SQL experience to SQL / Data experts

Meeting users where they are - Integration with existing Data Analytics Platforms

o Drove 5-10X increase in user adoption

Understanding the user's needs
o Analyzing the logs to understand the needs based on the intent of the questions users ask

o UXinterviews for different user groups

Building User confidence in the output
o "Step-by-step" mode for building user confidence

o by providing rich chat elements, detailed explanations and certified code snippets

Making the bot interactions frictionless through quick replies
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Unleashing potential through LLM Agents

* LM Agents have an intrinsic versatility to
themselves with their access to different tools
for updating their knowledge

* Self-Correction Agent

o Use "Trino Explain” for detecting errors and
hallucinations

User

question

Bot

o Fetches additional metadata and updates
context

o Searches table/schemainfo and suggests fixes

* QQuestion Answering Agent

o Expanding the types of question you could ask
this bot!

o Making the responses more well-rounded

response

Linkedf
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Deeper Dive into the Question Answering LLM Agent

- For"meeting the user where they are" - QA LLM Agent was the solution

- Helps answer questions about the metadata stored across the vector stores and Knowledge Graph

- This helps support questions ranging from optimizing code to updating existing code snippets to answering
any general question

- Also improves the interactivity with the user for follow-ups

[Question Answering LLM Agent

(Tools )
Search Fetch
Tables Tool metadata Tool
Glean API Trino
results Validation Tool
. . Answer,
Situation | )
! J

Context

\

\

\ -

Question
Answering LLM

—
—

“give feedback
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Questions?
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