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AWS Neptune/DocDB plus Gen AI are powerful, but…

AWS Modern Databases and AI Challenges

Simplified code examples
Qarbine interactions showing

1. native DB querying and AI service integrations
2. handling of complex modern data results
3. delivering publication quality analytics

Legacy enterprise tools:
• use SQL vs. Cypher or MongoDB QL 
• want tabular results vs. graphs or documents

Let’s see how the duo of AWS Bedrock Gen AI services 
and AWS DBs can be applied across the app lifecycle…
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Bedrock AI Benefit Areas Across the Lifecycle

1. Using AI Assistants for 
1. Authoring queries
2. Explaining existing queries

2. Leveraging vector indexes for queries

3. Analyzing answer set content

4. Using ad hoc prompts for flexible vector retrievals

5. Retrieval Augmented Generation (RAG) for analysis
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Various Technologies

1. Databases
1. AWS Neptune and Neo4j use Cypher for querying
2. AWS DocumentDB and MongoDB use MongoDB 

Query Language for queries
3. AWS DynamoDB native is a JSON specification
4. AWS RDS is SQL oriented

2. Bedrock AI Services
1. AWS Bedrock supports a variety of LLMs

1. Completions- ~ chatGPT
2. Embeddings- similarity array “vector” used by 

DBs for querying
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https://docs.aws.amazon.com/neptune-analytics/latest/userguide/vector-index.html

You can only create a vector search index for a Neptune Analytics graph at the time the 
graph is created. Neptune Analytics lets you create only one vector index for a graph, 
with a fixed dimension between 1 and 65,535 inclusive.

AWS Database Considerations

Neptune support 2 querying languages
1. openCypher
2. Gremlin

Neptune Analytics provides the vector search features

AWS DocumentDB
1. Sort of a work-a-like to MongoDB
2. Slightly different AI vector search querying syntax
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Core Bedrock AI Concepts

1. Completions
1. ChatGPT and co-pilot in nature
2. Provide context and then “ask AI”

Most enterprise use cases are text oriented
3. Bedrock API sits on top of underlying LLMs

* Many AI services are OpenAI API look-alikes which simplifies integrations

1. LLMs conversational input rules vary * 
Claude- Human: ${humanInput}
 Question: ${promptArg}\nAssistant:
Llama-
<s>[INST]\n<<SYS>>${humanInput}<</SYS>>
 Question: ${promptArg}\n[/INST]

Considerations



              

7 / 27              AWS Philly Meetup   qarbine.com   Contact Bill Reynolds, CTO   breynolds@qarbine.com

Simplified Bedrock node.js Completion I/O
// Claude
var payload = { "prompt": `Human: ${humanInput*}\nQuestion: ${promptArg}\nAssistant:`,
  "max_tokens_to_sample":300,
  "temperature":1,
  "top_k":250,
  "top_p":0.999,
  "stop_sequences":[]
};
var params = {
 modelId: "anthropic.claude-v2",
 contentType: "application/json",
 body: JSON.stringify(payload)
};
var data = await bedrockRuntime.invokeModel(params);
const asciiDecoder = new TextDecoder('utf-8');
const replyBodyJson = asciiDecoder.decode(replyBodyBlob);
var replyBody = JSON.parse(replyBodyJson);
var completionText = replyBody.completion;

* Answer the question below as truthfully as possible considering the 
provided context. If you don't know the answer, just say "I don't know"
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Visualizations are very useful to depict relationships.

But many business decisions require the details behind the diagrams.

Why not benefit from having both!  Gen AI can help us on the way!

Sample Movies Query and Graph Data Result
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“<~~ “are relationships pointing into a Movie:

An Actor_Director_Person ACTED_IN a Movie.

 ‘~~> ‘are relationships that a Movie points to: 

 A Movie is “IN_GENRE” Genre.

You can use this context to “Ask Bedrock AI” 
for guidance on authoring your Cypher queries.

AI Helps Devs Understand & Query Graph Data
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Query goal:
Find all of the movies in 
which "Sean Connery" has 
acted in

Qarbine has an Integrated Query Co-pilot

The context given to AI to 
answer the user’s prompt varies 
across AWS Neptune, RDS, 
DocumentDB, DynamoDB, etc.
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AI Helps Devs Understand & Use Cypher

Find all of the movies in which "Sean Connery" has acted in

The “myBedrock” value refers to a Qarbine “AI Assistant”.
 
Multiple may be defined based on AI service, model, etc. 

Qarbine supports many popular Gen AI services. 
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“Ask AI” for an Appropriate Cypher Query

YOMV
Your output may vary!
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Results of Running the Generated Cypher Query

Filled in Cypher query

Cypher query results
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Cypher Query Result Element

Notice the JSON structure has many 
embedded and arrays

The plotEmbedding vector is 1536 in size 
and the postEmbedding vector 512 in size.

Cypher and such nested structures are both 
non-starters for legacy analytics tools.
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Asking AI to Explain Existing Cypher Queries

Provide AI context such 
as the type of database.

Bedrock AI query 
explanation via 
completions
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Asking AI About a More Complex Cypher Query

MATCH (m:Movie {title: 'Inception'})-[:IN_GENRE|ACTED_IN|DIRECTED]-
                   (t)<-[:IN_GENRE|ACTED_IN|DIRECTED]-(other:Movie)
WITH m, other, count(t) AS intersection, collect(t.name) AS common,
     [(m)-[:IN_GENRE|ACTED_IN|DIRECTED]-(mt) | mt.name] AS set1,
     [(other)-[:IN_GENRE|ACTED_IN|DIRECTED]-(ot) | ot.name] AS set2

WITH m,other,intersection, common, set1, set2,
     set1 + [x IN set2 WHERE NOT x IN set1] AS union

RETURN m.title, other.title, common, set1,set2,
       ((1.0*intersection)/size(union)) AS jaccard
ORDER BY jaccard DESC LIMIT 25

Bedrock AI query 
explanation via 
completions
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Vector Query Flow for AWS DB and Gen AI Analytics

WITH node, vector.similarity.cosine( [! embeddings(@input, "myOpenAI") !], 

Vector searching using dynamic Bedrock AI embeddings

A “vector” is an array of numbers representing a point in n-space.
Various ways to compute distance/similarity of 2 embeddings.
Algorithms: cosine, Euclidean, approximate nearest neighbor…
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var bedrockRuntime = new ClientBedrockRuntime.BedrockRuntime(accessArgs);
var params = { "modelId": "amazon.titan-embed-text-v1",}
params.body = JSON.stringify( { "inputText": "this is where you place your text", } );
var data = await bedrockRuntime.invokeModel(params);
console.log(data); 
//  { '$metadata': {...}
//  body: Uint8ArrayBlobAdapter(16954) [Uint8Array] [
//    123, 34, 101, 109, 98, 101, 100, 100, 105, 110, 103, 34, ... 16854 more items
//  ] }
 var replyBodyBlob = data.body;
 const asciiDecoder = new TextDecoder('utf-8');
 const replyJson = asciiDecoder.decode(replyBodyBlob);
 var embeddingHolder = JSON.parse(replyJson);
 var vectors = embeddingHolder.embedding;
 // {"embedding":[0.123...] ,"inputTextTokenCount":8} 

Simplified Bedrock node.js Embedding I/O

The embedding values are:
1. Stored as the field/column value of the DB document/row
2. Used to query the DB for similar objects
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Queries with Vector Similarity Indexes

MATCH (node:Movie)
WITH node, vector.similarity.cosine( [! embeddings("dracula", "myBedrock") !], 
node.plotEmbedding) AS score
where score is not null
RETURN node, score
ORDER BY score DESCENDING
LIMIT 5

Qarbine dynamically determines this 
value using the Bedrock AI Assistant.

Sample Results Sample Result Element

NOTE - Your query embedding model must match that used 
to compute the stored embedding values in the first place!
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Prompt for user input 
from which we obtain 
a vector

We call Bedrock to obtain the embedding for the user 
input to form the final Cypher query which is then run.

MATCH (node:Movie)
WITH node, vector.similarity.euclidean( [! embeddings(@prompt) !], 
node.plotEmbedding) AS score  where score is not null
RETURN node, score ORDER BY score DESCENDING LIMIT 3

Base query
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Qarbine “Prompt” for Runtime Values

Qarbine “Data Source”

Base
Query

vector: [! embedding(“dracula”) !]

Dynamic embedding lookup

Execution Flow Across AWS Components

vector: [embedding numbers ]Final
Query

Interactive Analysis Result

Template 
Processor

AWS NoSQL DB
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Next, given the retrieved and formatted content, let’s apply retrieval augmented 
generation (RAG) to ask Bedrock AI to comment their similarity and revenues

Cypher vector similarity 
retrieved data formatted for 
interactive analytics
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Adding RAG Commentary to the Analysis

=completion(concat("Below is a listing of movies. Comment on 
their similarity and revenues", 
formattedResult(false) ),
"myBedrock", true)

Qarbine templates define how to process graph data

You can gain RAG commentary with just 1 Qarbine formula! 



              

24 / 27              AWS Philly Meetup   qarbine.com   Contact Bill Reynolds, CTO   breynolds@qarbine.com

AI insights driven by Retrieval 
Augmented Generation (RAG) 
from on-the-fly analytic content 
using Bedrock AI completions
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Interactive “Ask Bedrock AI”
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Interactive “Ask Bedrock AI”
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Wrap Up - Bedrock AI Broadly Benefits the Lifecycle

1. Using AI Assistants for 
1. Authoring queries
2. Explaining existing queries

2. Leveraging vector indexes for queries

3. Analyzing answer set content

4. Using ad hoc prompts for vector retrievals

5. Retrieval Augmented Generation (RAG) for analysis


	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27

