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What is PostgreSQL for an Al Engineer?



w The role of structured and unstructured data managing mechanisms in the Internet of things. June 2020
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https://link.springer.com/article/10.1007%2Fs10586-019-02986-2

Traditional ML vs LLMs
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C, o Fig: Hands on LLMs - Jay Alammar & Maarten Grootendorst
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& Fig: Hands on LLMs - Jay Alammar & Maarten Grootendorst
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LLMs
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HOW dala & VECTOrsS are connected 1o eacn
other?

PRE PROCESSING +
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HOW dala & VECTOrsS are connected 1o eacn
other?

PRE PROCESSING +
AT DATA EMBEDDING GENERATION EMBEDDING VECTORS
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What is PostgreSQL after pg vector extension
for an Al Scientist?



PgVector

Vector Indexing SimilaritySearch

pgvector
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Similarity Search
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Chat Bots — The John Doe of Gen Al Applications
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Postgres is perfectly positioned as THE Al database

- Absolute battle proof Enterprise QoS S e s/
In community distro but also — . —
very vital commercial E—) v V4 Su‘r;ort
Enterprise option ecosystem Ecosystem Business Data |  Business Events

4 v v

- Perfect extensibility & customization

With Al relevant languages & ecosystems: Python, Rust
Custom Data Types
Index & Table Access Methods

- Already houses the most valuable enterprise business data
in fully relational manner

3o



What brings aidb?



ing GenAl applications with EDB Postgres Al

SUPPORT

Postgres as GenAl Retriever & Generator: Enabling Sovereign Al for enterprises:

Automating document (and other modalities) Runs with either, embedded LLMs (in PG memory),
prep, embedding generation & vector indexing, external model provider of your choice, or EDB

providing a simple semantic retriever interface, Postgres Al platform hosted models.
and even chat completion in database
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IESROIE pgvector pgvector R A G
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A recommendation engine with pgvector

PRE PROCESSING +
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A recommendation engine with aidb
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A recommendation engine as an app
‘ A
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Demo

OO

localhost

@ Google Wikipedia [ | Twitter @ Linkedin (.: My Apps Dashboard | EDB

( 3 EDB Products Solutions Resources Company

Recommendation Engine

Powered by EDB Postgres and AIDB

Select a Category: Enter search term:
l Accessoriesl v
. Or upload an image to search
2go Active Gear USA Men
Pack of 3 White Socks _. Dragand drop file here
(e mit 200MB per file « JPG
LS JPEG, PNG
»,
Reset
X
)
e
2go Active Gear USA Men

Pack of Two Cushion Socks

Browse
files


https://docs.google.com/file/d/1pekHAB6U8TNiyh0hodMz994xHdqIeNqQ/preview

function_start_time - time.time()

ImpIementatmnmwuhpgvector

model - CLIPModel.from_pretraine clip-vit-base-pa

. . . proces, or CLIPP_r cessgr.from_pretrained("openai/clip-vit
132 lines of code without, vs 5 Ilqg@f Ttime()
fetch_start - time.time()
cursor = conn.cursor()
cursor.execute("SELECT id, gender, mastercategory, subcategory, articletype, basecolour, season, year, usage, product name FROM products;")

result = cursor.fetchall()
fetch_end - time.time()

batch_size = batch
total_rows_inserted - @

total image processing time - @

i range(@, 50, batch_size):

batch_ids [row[@] row result[i:i+batch_size]]
inputs, valid_paths load_images_batch(batch_ids, base path, processor, tag)
inputs None:

image_processing_start_time - time.time()

outputs = model(++inputs )émm—

image_processing_end_time - time.time()

embeddings - outputs.image_embeds (e

image_processing_time - image_processing_end_time - image_processing_start_time
total_image_processing_time image_processing_time

embeddings_list - embeddings.detach().cpu().numpy().tolist() dmmmm

nn.cursor() cursor:

idx, embedding enumerate(embeddings_list):

row = result[i + idx]

image_path - valid_paths[idx]

cursor.execute(
“MUINSERT INTO p ucts_emb

ercategory, subcatego

\ ES (%s, "ss %s, %s, %s, %s, %s, %s, %s, %s %s, %s)’

(row[@], row(1l], row(2], row[3], row[4], row[5], rowl[6], raw[7,, row(8], row[9], image_path, embedding)

> _path, embedding) "

iclet basecolour, season, year, usage, productdisplayname,

ry, art

)

total_rows_inserted 1

function_end_time - time.time()

total_time = function_end_time - function_start_time

print(f"Total Rows: {total_rows_inserted}")

on execution time: {total_time} seconds")

time: {model_loading_end - model_loading_start} seconds")
ime: {fetch_end - fetch_start} seconds")
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Implementation with aidb
132 lines of code We of function with aidb

-
t. -
1. -
R cur.execute(r"
{
{
iy

{

cur.execute(r"SELECT aidb.refresh ret



generate_embeddings_clip_byteal(

Implementation with pgvector

SETOF vector
70 lines of code without, vs 1 line of function with aidb
COST 100
VOLATILE PARALLEL
1000
$BODY$

import sys

import os

path = '{}/lib/python{}.{}/site-packages'.format(
os.environ['VIRTUAL_ENV'],
sys.version_info.major,
sys.version_info.minor

)
sys.path. {(path)
PIL import
transformers import CLIPModel, CLIPProcessor
import numpy np
import BytesI0 # Import BytesIO handle bytea input
# Define the model processor outside the avoid reloading them each

model = CLIPModel.from_pretrained("openai/clip-vit-base-patch32")
processor = CLIPProcessor.from_pretrained("openai/clip-vit-base-patch32")

# Convert the bytea a bytes the
img_bytes = BytesIO(img_bytea)
img = Image.open(img_bytes) e

# Process the calculate embeddings

inputs = processor(text=[tag]l, images=img, return_tensors="pt")
outputs = model(++inputs) b

embedding = outputs.image_embeds

# Convert embeddings a list store the
embeddings_list = embedding.tolist() i

embeddings_list
$BODYS;

query = text(

"SELECT public.generate_embeddings_clip_bytea(:bytes_data, 'person'::text);"

engine.connect() connection:
vector_result = connection.execute(query, {"bytes_data": bytes_data})
data [
{"generate_embeddings_clip_bytea": row["generate_embeddings_clip_bytea"]}
row in vector_result.mappings().all()

data:

data[e]

query = text(
"""SELECT id, productDisplayname, image_path FROM products_emb

ORDER BY (embedding <=> :vector_result) LIMIT 2;"""
) “..i|.
isinstance(
vector_result, list
) : i 4 £ i i )
vector_result NG N ",".join(map(str, vector_result)) o
engine.connect() connection:
result connection.execute(query, {"vector_result": vector_ result})
data [
{

"id": row["id"],
“name": row["productdisplayname"],
"image_path": row["image_path"],

row result.mappings().all()

%



In'q!imy_entatl'on with aidb

.q muﬂ nlu.mnu enbeduings_clip_text(:text_guery);:*)

7Q-Iine2f code without, vs 1 line of function with aidb engine. connect() connect Son:
WRATRE MRS vector_result - commection.emacutedquery, (“text_guery™: text_geery))
- ote - {
vy Cesbedding™: rewl"generate_sabeddings_clip_text*))
row o wector_result.mappings!) . alll)
..t vy )
-part e
pett O/ Lavpytaend) . ()/rite gechages . feraetd ’
N enwiren VIRTuN B ], - ata:
LR T R
)
gt [P ]
cur.execute(

f"""SELECT data from
aidb.retrieve_via_s3('{st.session_state.retriever_name}', 5, '{st.session_state.s3_bucket_name}', ‘{image_name}', ‘{st.session_state.s3_endpoint}');"""

)
0 tefise the sadel precesser autiidie The sl wleading e e )

wotn|  CLIMRL. Pram pretratnedl oeca it e gt vl ) 5"
processes  CLIMPracesser fram pratradsel ocoa. v B setn i) m". st
PR— - - | B
.-.mn -m‘m-.‘ o wector_reselt « “I* « *. " Jololgapighe, vector_resuit)) « *)*
hage spend oo o)
engine . connect{)  commection:
0 Pracess the alcelate eumestings result - commection.amecutelouery, (“vector_resslt™: wecter_resuit))
ewts  precesser@rest [tagl, imeges iy, reters temsers 5t ) L |
tputs  smteil  sets) {
SRSl ) ewtpwty imege seleds “w: rewltr),
“nene”: rowl“productaisplaynane™],
P lonwart siadiings 4 LIt e Te “age_path": rewl” mage_paty*],
ement cgn 0 esmesting telistl) )
row  result.mappdngsi) . atli)
eaneetings | ist ] \%
-y



Implementation with pgvector

$S

55 lines of code without, vs 1 line of function with aidb

generate_embeddings_clip_text(text_query text)
[]

import sys
import os
path '{}/1lib/python{}.{}/site-packages'.format(
os.environ['VIRTUAL_ENV'],
sys.version_info.major
sys.version_info.minor
)
sys.path.
import torch
transformers import CLIPProcessor, CLIPModel

(path)

model = CLIPModel.from_pretrained("openai/clip-vit-base-patch32")
processor = CLIPProcessor.from_pretrained("openai/clip-vit-base-patch32")
inputs = processor(text=[text_query], return_tensors="pt")

inputs = {k: v k, v inputs.items()}

torch.no_grad():

text_embeddings = model.get_text_features(++inputs).cpu().numpy().tolist()

text_embeddings[0]
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query = text("SELECT public.generate_embeddings_clip_text(:text_query);")
engine.connect() connection:
vector_result = connection.execute(query, {"text_query": text_guery})

data [
{"embedding": row["generate_embeddings_clip_text"]}
row vector_result.mappings().all()

]
data:
datal[e]
query = text(
"UUSELECT id, productDisplayname, image_path FROM products_emb
ORDER BY (embedding <=> :vector_result) LIMIT 2;"""
) -~
isinstance(

vector_result, list
vector_result o

",".join(map(str, vector_result)) L L

engine.connect() connection:

result connection.execute(query, {"vector_result": tor_result})
data = [
{
"id": row["id"],
“name": row["productdisplayname"],
"image_path": row["image_path"],
}
row result.mappings().all()
1



Implementation with aidb

55 lines of code without, vs 1 line of function with aidb S
un
.
penerate_enbeddings _clip text( ) '
0
!

0% enviren
Sys . version_infe textl

Sys veraian isfa

"

)
Sys path cur.execute(
f"""SELECT data from aidb.retrieve('{text _query}', 5, '{g.session_state. retriever_name}');""
)
L
- ‘. \’
1 ) esecutel
{ Uty items () |
ter(™ me ‘.“('
sode | get_tent featuresd ’ {) 1) )
(8

sappings ) . all
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Summary

- PostgreSQL was only a relational DB before pgvector for an Al Engineer.
- Data and vector are better together.
- pgVector brought vector capabilities like semantic search in PostgreSQL and fulfilled the

Vector DB needs as well as relational DB.
* Alsoit's hard to install and it's complicated for someone who don't know Al and PostgreSQL.

- aidb brings simplicity and hides complexity without compromising from capabilities.
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Thank You!



