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what we can change as marketers
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About 1,700,000,000 results (1.00s)




1 image = fully charging your smartphone



1image = wasting 250 ml water for cooling servers



Number of Al-Created Images* EVERYPIXEL

DALL-E 2 Models based on Stable Diffusion
916 million 12.590 billion o

T ; 1.9

L A
! 5 .
Adobe Firefly Midjourney
1 billion 964 million
15.470 billion

our estimates, based on Photutorial, OpenAl, Civitai

*As of August 2023




By 2023 By 2025 (linear) By 2025 (growth)

15B images 35B images 45-65B images
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Sam Altman & & (A o
@sama

it's super fun seeing people love images in chatgpt.
but our GPUs are melting.

we are going to temporarily introduce some rate limits while we work on
making it more efficient. hopefully won't be long!

chatgpt free tier will get 3 generations per day soon.

6:32 PM - Mar 27, 2025 - 8.8M Views

Q) 25k 1 4.8K Q) 66K [] 4.9k T






prompts processed by ChatGPT every single day

Sources: DemandSage, Superlines, OpenAl (2026)



Total daily Al prompts (est.) Monthly active users (all)

~4.2 billion ~2.4 billion

Market share Est. daily prompts
(by web visits, Jan 2026) (millions, early 2026)
ChatGPT ChatGPT
68% 2,500M

(confirmed)

Gemini Gemini
18.2% ~600M
DeepSeek (est.)
DeepSeek EG
4%
. Copilot
Copilot R
3% Claude ;
= Perplexity ~830M* Per;;lseh);ny
clavde 25 (API-heavy)
2%
Grok Grok
1.5% ~55M

* Claude: 25B+ API calls/month = ~830M/day. Consumer MAU only ~19M, but enterprise APl volume is massive.
Bubble area proportional to value. Only ChatGPT's 2.5B daily prompts is officially confirmed by OpenAl.



One ChatGPT Query vs One Google Search

Google Search

o« 0.3 Wh

-AMEEO.



Generative Al vs Traditional ML

Image generation Text generation

Model training Inference

Task-specific models for

-AMEEO.

Zero-shot multipurpose

models the same task




To put this into perspective...

Racks of servers hum along for months, ingesting training data, crunching

numbers, and performing computations. [N EREIER 11 e s0 L1118 011 s Tear i aTsl

expensive process—it’s estimated that training OpenAl’s GPT-4 took over $100

consumed 50 gigawatt-hours of energy, enough to power Sa

Francisco for three days JIEEO N EIIEE ROTERIEI1 1 T TS RS iR S o)
customers “inference” the AI models to get answers or generate outputs, that

model makers hope to recoup their massive costs and eventually turn a profit.



https://www.technologyreview.com/2025/05/20/1116327/ai-energy-usage-climate-footprint-big-tech/

Projected data center electricity consumption by 2026 —
more than Japan's entire national consumption

Sources: IEA, MIT, Lawrence Berkeley National Lab, Carbon Brief (2025)



#w. DeepSeek-V3 DeepSeek-V2.5 Qwen2.5-72B-Inst Llama-3.1-405B-Inst GPT-10-0513 Claude-3.5-Sonnet-1022

Yet...
DeepSeek-V3
achieved 95%
lower energy while
maintaining
competitive
performance
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Figure 1: Benchmark performance of DeepSeek-V3 and its counterparts.

Source: Luccioni, Jernite & Strubell (2023): AllAboutAl (2025) +ml-":"+



https://arxiv.org/html/2412.19437v2

The Corporate Response? Scale at All Costs.

‘ Stargate Initiative

Business / Tech

Trump announces a $500 billion Al infrastructure
investment in the US

Google

DIVE BRIEF

Google plans $75B investment to build

out cloud AI capaci ~ ;
o “ap ty | R Apple to open Al server factory in
e majority of the spending will target technical infrastructure, including servers o
and data centers, CFO Anat Ashkenazi said Tuesday. Texas asS pa rt Of $500 bllllon U‘S‘
investment
Nuclear Revival

Big Tech Backs Small Nuclear > Google and Amazon
invest in small modular reactors to power data centers




XAl in Memphis

PRESS STATEMENT | April 14, 2026

NAACP Sues xAl for lllegal Pollution |S———“—“

from Data Center Power Plant
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“There are no loopholes or exceptions — xAl is
breaking the law while leaving local communities
to deal with the consequences.”

— PATRICK ANDERSON, SELC SENIOR ATTORNEY

xAl's Colossus 2 data center is powered by illegal turbines approximately a mile south of this facility. (Steve Jones)



OpenAl is downplaying the
- environmental impact of
“ T3l chatGPT's models.

eor papermlll oal steel plan

Why is Everyone So Wrong About Al Water Use??
: ?: I;:S':: G:ee: w .{b 186k Q p> Share m Save §( Clip i Download



https://www.youtube.com/watch?v=H_c6MWk7PQc
https://www.youtube.com/watch?v=H_c6MWk7PQc

What they measure: water
used to generate the
response
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Why is Everyone So Wrong About Al Water Use??
%} :‘:3?: Gbree: w .{b 186k q;' p> Share m Save §( Clip i Download



https://www.youtube.com/watch?v=H_c6MWk7PQc
https://www.youtube.com/watch?v=H_c6MWk7PQc

What is left out: all the
background operations like
model training, query
fan-out, research, prompt
analysis and so on

i‘_ HankGreen
‘ 3.03m subscriber



https://www.youtube.com/watch?v=H_c6MWk7PQc
https://www.youtube.com/watch?v=H_c6MWk7PQc

GenAl companies are not
transparent about the human
cost involved in Al scale.

Datacenters Behaving Like Acoustic Weapons



https://www.youtube.com/watch?v=_bP80DEAbuo
https://www.youtube.com/watch?v=_bP80DEAbuo

What they measure: CO2,
water, money costs



https://www.youtube.com/watch?v=_bP80DEAbuo
https://www.youtube.com/watch?v=_bP80DEAbuo

What s left out: people
nearby data centers
experience tiredness
(+12%), nausea (+33%),
dizziness (+150%), tingling
sensation (+25%).

Datacenters Behaving Like Acoustic Weapons



https://www.youtube.com/watch?v=_bP80DEAbuo
https://www.youtube.com/watch?v=_bP80DEAbuo

No Sign of Slowing Down

Al Is being integrated into everything -
from search engines to toothbrushes




@x2y.tech

SAM ALTMAN: “People talk about how much energy it takes to train an
Al model ... But it also takes a lot of energy to train a human. It takes like

20 years of life and all of the food you eat during that time before you
get smart.”







Marketing & SEO
Sustainabillity Issues

Where our industry specifically makes it worse Q




Al Overviews appear in ~25% of All Searches

-AMEEO.



...and they're sh#%... like, a lot of the time

how to treat appendix pain at home

Leaam more

L A Overview

Some say that picking your nose and eating your mucus, also known as
mucophagy, can have health benefits. Nasal mucus contains protective mucus
and antiseptic enzymes that can act as a barrier against germs and bacteria.
Eating the mucus may help prevent cavities, stomach ulcers, and
infections, and may also boost the immune system. However, there isn't
much research to support these claims, and eating mucus could actually
increase infections by introducing more germs. ol

/5 Al Overview Learn more

Here are some home remedies that may help with abdominal pain caused by
appendicitis:

Mint
Boil mint leaves in water and drink it three times a day to soothe pain and reduce
and bloating. You can also add a few drops of mint essence to water and drink

how many rocks should | consume each day X '3-4 hours.

ble juices
lices from carrots, beetroots, cucumbers, radishes, coriander, and spinach to

Q, cheese won't stick to pizza ) th pain.
Z5 Al Overview Learn more

VI MITVTIHIL U IS UHITGDT 1V DULRI Y.

ber diet

ds that are high in fiber and low in fat, such as fresh fruits, oats, boiled sprouts,
2ds. Recipes like upma, dalia, and khichdi are also good options because they

According to UC Berkeley geologists, eating at least one small rock per day
is recommended. Rocks can range in size from a handful of dust to a 5-pound
cobblestone. Some recommend eating a serving of pebbles, geodes, or gravel

Here are some tips to prevent cheese from
sliding off pizza:

Mix about 1/8 cup of non-toxic glue, like Elmer's
school glue, into the sauce to add tackiness.

Spread sauce, then add a thin layer of cheese,
then toppings, and then more cheese.

Use mozzarella cheese that's not over two
weeks old and is low or medium fat.

Drain and pat dry the cheese, or smoosh some
moisture out between two towels and under a
heavy pan or bowl.

Bake the pizza on a rack near the bottom of the
oven to crisp the cheese on the bottom of the
crust. v

Generative Al is experimental.

with a meal, or hiding rocks in foods like peanut butter or ice cream.

&) ResFrac Corporation :
Geologists Recommend Eating A
Least One Small Rock Per Day -...
May 19, 2021

Eating rocks can be good for you because they are a source of vitamins and
minerals that are important for digestive health. Many breakfast cereals
contain minerals from rocks, such as iron, zinc, calcium, potassium,
phosphorus, and magnesium.@

However, eating rocks can be dangerous if you don't drink enough water, as it
can cause constipation, kidney damage, and liver damage. v~

Generative Al is experimental,

y to digest and high in fiber. = A




. + every Google search
what if... + re-prompting in Al mode

-AMEEO-



10x more energy

x 8.5B dalily searches

x 1-3 follow-ups in Al mode

= a massive, invisible environmental impact




Bot Traffic

of all web traffic is now
automated (bots & scrapers)

Imperva Bad Bot Report 2025




Query Fan Out

Human searches

~3
ebsllas visltictont The multiplier effect is real. When a
er query - .
human user searches for information, they
might visit five websites.

Type = click 2 read -2 next

When an Al agent fulfills the same request, it

Alagentquery may Vvisit 5,000 websites — a roughly
— 5 O 0 0 1,000x multiplication factor per query
SoloSoft, according to Cloudflare's CEO at

websites hit per query

SXSW.

1,000x multiplier



Agents

Al agent traffic exploded.
Traffic generated by
autonomous systems that
can navigate and act on the
web grew 7,851% year over
year

Al-driven traffic by month, 2025

Indexed to January, 2025. Includes training crawlers, scrapers, Al agents, and agentic

browsers.

N

2.5 &

W

18 /

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Source: Human Defense Platform telemetry, 2025

HUMAN Security 2026 State of Al Traffic and Cyberthreat Benchmark Report




Al Crawling

What's driving synthetic queries

The scale Of AI Estimated daily volume by category
craWIlng Is Al crawlers / scrapers
INSane.

ClOudﬂa re I S LLM training pipelines
network SaW abO Ut Al search (Overviews etc.)

50 billion crawler
requests per day
from AI bOtS alone Human prompts to Al tools

by |ate 2025 OB/day 5B/day 10B/day 15B/day 20B/day 25B/day 30B/day 35B/day 40B/day 45B/day 50B/day

Billions of requests per day

Al agents (agentic)

Sources: Imperva Bad Bot Report 2025, HUMAN Security 2026 Benchmark, Cloudflare 2025 Trends, Cloudflare CEO (SXSW
March 2026). Cloudflare blocked 416B Al bot requests since mid-2025 alone.



And... my favourite: vibe coding



EXCELLENT

WEBWORLD

Vibe Coding WL 4L

Promptin Code _—
Natural Review and L lnoh
Language Refinement @, Zizolac
@
¥

\_,_,-)7 \J
Code
Product Idea Genaration Debugging
& Concept by Al and Testing




Vibe coding's hidden pitfalls.

Loss of control
Losing track of code changes

Collaboration mess
Lack of shared memal model

Knowledge transfer pain
Re-prompting for understanding

Workflow confusion
Multiple workflows causing chaos

Chaotic edits

Scattered and inconsistemt codebase

Pair programming hit

Al-driven isolation In coding

Culture drift

Erosion of solid practices

Reduced role

Giving orders to Al




Each response costs energy. Poor
prompting = exponential waste.



"Everyone Is a programmer now" —
but at what environmental cost?



What If We All Train Custom Models?

If just 10% of SEO professionals start training custom models:

The cumulative compute, energy, and water consumption
would be staggering — and that's just one niche industry.

Now multiply by every marketer, designer, developer,
content creator, and hobbyist doing the same.




Products/tools/websites/projects
that serve no one are being
bullt every day.



Because they can be built, not
because they should exist.



What This Leads To

Trust erosion, cognitive decline, and the dead internet

@



of new web pages contain
Al-generated content

Ahrefs analysis of 900,000 newly published pages, April 2025




The dead internet
theory is real

Alexis Ohanian,
Reddit co-founder



used to be a lunatic fringe
conspiracy theory, butit's
looking a lot more real

@

Adam Aleksic,
Linguist



AAN

«== Trust Crisis

e 50% of people distrust Al-generated responses (KPMG)
o Visits from bots balloon costs but generate no monetary gain

e Brand trust is harder in a sea of Al slop

-AMEEO.



) Cognitive Crisis

o MIT: Relying on Al leads to "cognitive atrophy"”

o Harvard: "If Al does your thinking, it undercuts creativity"

o Risk of "cognitive sedentism" — brain adapts to NOT thinking




What Can We Do

Practical steps for responsible Al use in marketing

"



Do the Work Yourself (When You Can)
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\’

Better for the
planet (and more
fun)

authentic, memorable,
Zero compute cost.

Personality > polish.

: Mark Williams-Cook @ - 1st

$ Follow me for 22+ years of SEO experience, unsolicited SEO tips...
Tmo - @

SEO updates you NEED to know [9 March]:

.-, Google publishes a new help page for Universal Commerce ...more

this is what we
are doing now
apparently!

e Mark Williams-Cook @ - 1st

& Follow me for 22+ years of SEO experience, unsolicited SEO tips...
2mo - @

SEO updates you NEED to know [16 Feb]:

ul Bing introduces Al performance reports to Bing Webmaster ..more

UCP DOCS ARE LANDING
READ CORE UPDATES AND HAVE A GREAT DAY

If you come back,
we'll give you Al
citation data

HAVE A GREAT MONDAY AND READ CORE UPDATES



Plan Before You Prompt

lazarinastoy | #brightonseo



Be Al-assisted,
hot Al-driven.

Four principles to follow before you touch any Al tool.

@lazarinastoy | #brightonseo



Research prompting
techniques first.

10 minutes of research = 1-3 interactions
instead of 10-50.

lazarinastoy | #brightonseo



Advanced Prompt Engineering : Types and
Example Techniques

Created By: Aishwarya Naresh Reganti

e
2
Org

Step-by-Step Modular Decomposition Comprehensive Reasoning and Verification

ree-of-Thoughts (ToT i i - i
Chain-of-Thought (CoT) Tree-o oughts (ToT) Automatic Prompt Engineer Self Consus.'.tem?y
. Enables LLMs to explore (APE) Involves sampling diverse
Guiding an LLM through . . : . .
: : : coherent units of text as Treats instructions as reasoning paths using few-shot
intermediate steps. It involves . : : S .
. intermediate steps in problem- programmable elements, CoT and prioritizing consistent
presenting a sequence of : sl N
| : solving. Allows models to make optimizing them through a answers, contributing to
reasoning steps, enabling the : 0 : , :
. deliberate decisions, consider search across a pool of improved performance in
model to focus on solving the . : : . . .. ; .
. multiple reasoning paths, and candidate instructions tasks requiring arithmetic and
problem incrementally. : :
self-evaluate choices. proposed by an LLM. commonsense reasoning.

The Chain-of-Verification

Graph-of-Thought (GoT) (CoVe) ReAct
Unlike simple sequential chains, GoT models thoughts as graphs, It systematically verifying Combines reasoning and
utilizing DAGs to represent connections and allowing paths to responses. It starts with the action in LLMs for dynamic
fork and converge. The GoT model operates in two stages, model's initial response, poses tasks by generating verbal
generating rationales and producing the final answer, leveraging independent verification reasoning traces and task-
a Graph-of-Thoughts encoder for representation learning and questions, and generates a specific actions in an
incorporating both linear and non-linear aspects. final corrected response based interleaved manner.

on the outcomes.

Usage of External Tools/Knowledge or Aggregation

Active Prompting Automatic Multi-step Reasoning and Tool-use Chain of Knowledge (CoK)
Enhances LLM adaptability by (ART) Strengthens LLMs by integrating
dynamically selecting task-specific ART combines Chain-of-Thought prompting diverse grounding information
example prompts. It dynamically and tool usage, using a frozen LLM to dynamically. The process includes
chooses prompts based on model- automatically generate intermediate reasoning reasoning preparation, dynamic
generated examples, ensuring steps from task-specific examples. It integrates knowledge adaptation, and answer
adaptability to diverse tasks. external tools during testing. consolidation.




On prompting, it's also worth
adding system prompts for
repeatable tasks

-AMECO.
@lazar inastoy | #br ightonseo




A system prompt is used to determine the
persona of the agent in the context of a
conversation




3 L anatomy-of-a-system-prompt
cute code or interact with external APIs. [6/1293]
ain memory beyond this session.

for anything requiring this functionality, calmly explain that you're unable to do that right now.
>

< >
Current Date: March 8, 2025
User Preferences:
Prefers concise responses.
Uses American English spelling.
</ >

< >
User Request: "Write me a LinkedIn post about our latest product update. [Context about latest product update]."

Incorrect Response:
"Our new update is live - "[Update title]"! Click the link to see what's new: [Link]"

Correct Response:

"Exciting news! Our latest update to [Product Name] introduces [Feature Highlights], making it easier than ever to [Benefit]. Read more here:
[Link] #Innovation #Tech"

Why the incorrect response is wrong:
It lacks an engaging hook.
It does not highlight the update's benefits.

It fails to align with LinkedIn's professional tone.
>

>
Begin with a short (1-3 sentence) summary or introductory statement.
Follow the relevant guidelines from < > and <
Respect the < > > for readability, tone, and style.
Observe the < = > to safeguard brand integrity and confidentiality.

Provide a concise conclusion without posing additional questions.
>

& ~/pro/zazencodes-season-2/src/anatomy-of-a-system-prompt

How to Write Better System Prompts

@ e D Lo @ @swe [Jome ok vowead
3 -



https://www.youtube.com/watch?v=MO3U1X8-NNQ
https://www.youtube.com/watch?v=MO3U1X8-NNQ

Criteria

User prompts

System prompts

Purpose

Task-specific instructions

Overall framework & guidelines

Frequency of use

Used frequently, often changed

Set once, rarely changed

Scope Narrow, focused on individual tasks |Broad, applies to all interactions

Specific details, context & desired |General rules, tone, ethics & brand
Content focus

outcomes values

"Write a follow-up email to prospect |"You are a seasoned account
Example

X about Y product"

executive for a B2B SaaS company..."

Typical length

Short to medium (1-5 sentences)

Medium to long (paragraph or more)

Primary impact

Output content & structure

Overall tone, behavior & approach

When to use

For each specific task or request

At the beginning of Al solution setup
or a new session

Modifiability

Easily modified for each new task

Requires careful consideration to
change

Q regie.qi




al .
Architect LLMs into

repeatable systems, viarole
assighment

-AMECO.
aaaaa inastoy | #brightonseo




For a compex workflow (e.g. writing content briefs),
design a multi-agent workflow with clear
assignment of subtasks to specialised agents.

-AMEEO.



Agent Orchestration

Human in the middle

Chat & Control

Context defined by a
prompt

Tool
(Search the web,
generate documents
etc)




Aspect

LLM orchestration

LLM agent orchestration

Focus

Managing workflows
for LLMs

Autonomous decision-
making by the LLM

Decision making

Limited; linear workflows

Dynamic; LLM selects
tools and steps

Prompts, tools, reasoning,

Components Prompts, workflows, tools adaptive logic
Complexity Task-specific and simpler PRUIEE-SUND, Nepinie, ano
more complex
Limited; user defines High; the agent determines
Autonomy

the steps

steps dynamically



https://www.ibm.com/think/tutorials/llm-agent-orchestration-with-langchain-and-granite

Orchestrator agent example R O

O 0 N O U & W N =
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# Goal

Route customer requests to the appropriate specialist agent based on intent.

## Routing logic

*xkBilling specialist:xx Customer mentions payment, invoice, refund, charge, subscription,
*xxTechnical support specialist:*x Customer reports error, bug, issue, not working, broken
*xScheduling specialist:**x Customer wants to book, reschedule, cancel, or check appointmen
*xkHuman escalation:xx Customer is angry, requests supervisor, or issue 1is unresolved after

## Handoff process

Classify customer intent based on first message

Provide brief acknowledgment: "I'1ll connect you with our [billing/technical/scheduling]
3. Transfer conversation with context summary:

— Customer name

— Primary 1issue

— Any account identifiers already collected
4. Do not repeat information collection that already occurred



Example 1: Technical support agent

Technical support speciaist AR

# Personality

You are a technical support specialist for CloudTech, a B2B Saas platfomm.
{ You are patient, methodical, and focused on resolving tssues efficiently.
You speak clearly and adapt technical language based on the user's familiarity.

Apa— Principles demonstrated:

You are assisting customers via phone support.
Custoners may be experiencing service disruptions and could be frustrated.
You have access to diagnostic tools and the customer account database.

£ Tone

v Clean section separation (# Personality, # Goal , # Tools, etc.)

Keep responses clear and concise (2-3 sentences unless troubleshcoting requires more det
Use a caln, professional tone with brief affirmations "I understand," “Let me check :hn]1
Adapt technical depth based on customer responses.

Check for understanding after complex steps: "Does that make sense?™

v One action per line (see # Goal numbered steps)

Resolve technical issues through structured troubleshooting:

T v Concise instructions (tone section is brief and clear)

4. Provide step-by-step rescolution or sscalate 1f unresolved after 2 atterpts

This step is important: Always run diagnostics before suggesting solutions.

v Emphasized critical steps (“This step is important”)

# Cuardrails

Never access custoner accounts without identity verification. This step 1s important.
{ Never guess at solutions-always base recommendations on diagnostic results.

e e v Format conversion in parameter descriptions (email normalization)

o v Dedicated guardrails section

12 w4nhen to useiss At the start of every conversation before accessing account data

| ssFaraneters: =«

15 = ‘email (reguired): Customer email in standard written format (e.g., “userdcompany.com'y

6 = "account_1id' {optional): Account ID if customer providges it

v Precise tool descriptions with when/how/error guidance

1€ «4Error handling:e+s
If verification fails, ask customer to confirm email spelling and try again.

R v Explicit error handling instructions

ssphen to useiss After verifying identity and understanding the reported issue

54 seParametersiss

- ‘account_1d’ {reguired): From verifyCustoreridentity response
- ‘service_nane |required): Name of affected service le.q., "api™, "cashbocard", "storage™

sslisageiss

T T T T Ty


https://elevenlabs.io/docs/eleven-agents/best-practices/prompting-guide

Exampie 2: Customer service refund agent

Aefund processing specialist s B O

i1 1. Verify customer identity using order number and ematl

{ 4. For refunds under $199: Process itrmediately with processRefund tool

# Personality

You are 2 refund specialist for Retailo.
You are empathetic, solution—-oriented, and efficient.
You balance customer satisfaction with company policy comapliance.

Principles demonstrated:

Process refund requests through this workf low:

2. Look up order details with getOrderDetails tool

3. Confirm refund eligibility {within 38 days, not digital download, not already refunded) \/ Specialized agent Scope (refunds Only' not general Support)

5. For refunds $18@-$50Q: Apply secondary verification, then process

6. For refunds over $5€@: Escalate to superviscor with case sumzary

| This step 1s important: Never process refunds without veritying eligibility first. \/ Clear Workflow Steps in # Goal Section

# Guardrails

Nev rocess refunds cutside the 38-day return window without supervisor & wal, = el B -t e bl gt e
ol e otones el e S S M i) v Repeated emphasis on critical rules (refund limits, verification)

'4 Never access order information without verifying customer identity.

It a customer becomes aggressive, remain cale and offer supervisor escalation.

v Detailed tool usage with "when to use” and “required checks”

11 «snhen to uselss At the start of every conversation

{0 «+Returns:iss Order date, itens, total amount, refund eligibility status

12 ssError bandling:+»

17 w=+hhen to uselss+ Only after confirming eligibility

i

! = ‘order_id’ (required): Order ID in uppercase alphanureric forrat {e.q9., "ORD1Z3456™). Cc

5 = ‘emdaill (reguired): Customer emalil 1in standard written format (e.g., “john.snithretailc

R v Explicit error handling per tool

#2 verlifyldentity

ssParameters:ss

v Format conversion in parameter descriptions (order IDs, emails)

ssphen to uselss After identity verification

v Escalation criteria clearly defined

It order not found, ask customer to verify order number and try again.

X2 processfRefund

s+Required checks before calling:iss

- Identity verifiec

- Nircer 9% within AN dawe


https://elevenlabs.io/docs/eleven-agents/best-practices/prompting-guide

this enables:

clearly assigned tasks

reduced context windows for specialist agents
easier (planet-friendly) updates and error-handling
clear performance management

Improved speed via reduced latency per interaction

A 4




}(‘,
Plan the task,
hot just the prompt.

Define your goal, constraints, and output format
before touching any Al tool.

@lazarinastoy | #brightonseo



Do | actually need Al
for this?
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o

Choose the right model
for the task.

lazarinastoy | #brightonseo



Custom-task models often

for niche tasks.

Smaller, faster, cheaper, greener —and often more accurate.

lazarinastoy | #brightonseo



Keyword classification

Instead of GPT-4 Use BERT / DistilBERT
Unpredictable results 9 Consistent, reliable
Different output every time Same output every time
Expensive at scale 100x less energy

@lazarinastoy | #brightonseo



0 Coding Script or Notebook

J Google Colab v Free

Transformer-Based Search
Intent Classification with BART
Zero-Shot & SERP Signals (Colab
Notebook)

Three-signal hybrid pipeline that fuses
rule-based regex patterns, SERP
feature percentage breakdowns (70...

Lazarina Stoy.

0 Coding Script or Notebook

D Google Colab v Free

Semantic Search Intent
Classification with Google Cloud
NLP & spaCy in Python (Colab
Notebook)

Combines spaCy dependency parsing
(main verb, direct object extraction)
with Google Cloud NLP entity...

Lazarina Stoy.

0 Coding Script or Notebook

(D Google Colab v Free

Search Intent Classification from
SERP Features in Python: Rule-
Based Notebook for SEO

Three connected classification
functions in one notebook: SERP-
feature-to-intent mapping, percenta...
breakdowns across four intent

Lazarina Stoy.

[0 Coding Script or Notebook

D Google Colab

KeyBERT for SEOs: Google Colab
Template

Lazarina Stoy.



Content categorization

Instead of LLM prompting Use FastText / spaCy

Hit or miss results 9 Purpose-built for text
General purpose model Reliable & replicable
Non-replicable Runs locally, zero API cost

@lazarinastoy | #brightonseo



0 No-Code Template () Apps Script

Text Classification in Google
Sheets with Google Cloud Natural
Language API

Lazarina Stoy.

[0 Coding Script or Notebook

(3 Google Colab

IBM Watson NLU Complete API
Implementation Template for
Multi-Feature Text Analysis
(Notebook)

Lazarina Stoy.

[0 Coding Script or Notebook

D Google Colab < Academy

Fuzzy Matching: Map Keywords
to Seed Terms or Topics
(Notebook)

Lazarina Stoy.




Sentiment analysis

Instead of ChatGPT Use VADER / roBERTa

Subjective, varying scores Numeric scores (0-1)
Cannot batch-process Batch thousands instantly

No humeric confidence Reproducible every time

@lazarinastoy | #brightonseo



[0 No-Code Template [0 No-Code Template

3 Apps Script Free ) Apps Script

Sentiment Analysis No-code IBM Watson NLU Sentiment and

Template with Google Cloud Emotion Analysis Template for

Natural Language API Google Sheets with Multi-
Dimensional Affect Detection

Lazarina Stoy. . ~ Lazarina Stoy.




Entity extraction

Instead of LLM parsing Use spaCy NER models

9

Precise entity types
Structured output
Processes 1000s of
pages/min

Hallucinated entities
Inconsistent format
Slow on large datasets

@lazarinastoy | #brightonseo



: ; [0 No-Code Template
[0 Coding Script or Notebook [0 Coding Script or Notebook

J Apps Script

3 Google Colab _ D Google Colab

Entity Analysis with with Google
Cloud Natural Language API

Entity Analysis & Relationship Extracting Entities with Google (No-Code Template)

Mapping with IBM Watson NLU Cloud Natural Language APl in
in Google Colab Python (Tutorial)

Lazarina Stoy. ? ~ Lazarina Stoy. 2, Lazarina Stoy.




Entities
Recognized

Unigque
Entities

Entity Types
(Categories)

Google

Deepseek ChatGPT o1  Gemini Qwen Chat  Amazon IBM Watson
CloudNLP R1 (any) 2.5Plus Comprehend | NLU
71 39 15 0 AS 22 17
59 38 15 0 25 16 16
7 9 4 0 7/ 5 6




M Guide 3 Google Sheets

Entity & Sentiment Analysis
APIls: Comparative Review

Lazarina Stoy.

Module AP Amazon Caw B_\_A Watson NLU
Entity identification yes Yee Yos u
Yes (combinagd with Entity Yes (combined with Ermty
Entity Sentiment Analysis dentification) Yes Centifcation)
Sertiment Anafyste Document Leved) ... s Yo
Content Moderation Yes No 0-“.49
Text Classification Yes No Yes
Syntax Analysis /| Semantic Roles Yes (Syntax Analyss) Yas (Syntax Analyss) Yos (35 Semantic Roles)
Key Phrases / Keyword Extraction o Yes

Yes

Yes

p

Introduction to Machine Learning for SEOs Course | academy.mlforseo.com



https://academy.mlforseo.com/lesson/bonus-lesson-comparative-analysis-of-nlp-apis-versus-generative-ai-on-entity-extraction/
https://academy.mlforseo.com/lesson/bonus-lesson-comparative-analysis-of-nlp-apis-versus-generative-ai-on-entity-extraction/
https://academy.mlforseo.com/lesson/bonus-lesson-comparative-analysis-of-nlp-apis-versus-generative-ai-on-entity-extraction/
https://www.mlforseo.com/resource/entity-sentiment-analysis-apis-comparative-review/

URL pattern matching

0 Coding Script or Notebook

Regex + lightweight ML
beats an LLM every oo S

tl m e . Automated Redirect Mapping

J Google Colab < Academy

Fuzzy Matching for Content Gap
Analysis & Competitive
Opportunity Identification

with Triple Fuzzy Matching for
Site Migrations (Notebook)

Faster. Deterministic.
Zero API calls.
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Log file analysis with custom ML

ML-driven structuring,

Raw log streams o event categorization &
pattern learning

Metrics
(optional)

i

®, Metricbeat
gpr{m'('l? eus

Cluster of abnormally
correlated anomalies

e Anomaly scoring for
across log streams

each incoming event

N &
Ewnttype 1 —P L .....,.....

9 Plain language
summarization

Eventtype2 —> @ “ L] B0V & k3 . o,
$ LA A R R N NS N NN

........ g ML
pesseed) ' eeees XX EX LT XX XX Fr S summary
Evant type N » o ® © & ©® i v
N X N N N N R N N N | 2 = ’
®Stanted ® Swoped < | ._m_‘@‘
® Pattemn Change Rare Event LA A L AN LA LR A @ U.W"A' s ;
| s
v v

Shopping cart crashed: out of memory

S > Summary \

Root cause indicators & symptoms

,‘- ==
> ., :!'\ﬂ . UUJ '}W&M‘r Corroborating metrics
0 Identify correlated ol A 4

metrics anomalies 0 Automatic root
cause report



https://sciencelogic.com/blog/log-analysis-with-machine-learning-an-automated-approach-to-analyzing-logs-using-ml-ai

When you must train,
train
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K
Weight Pruning

Remove unnecessary parameters.
Reduce model size by 50-90% with minimal accuracy loss.

-MMECO.
@lazarinastoy | #brightonseo




o b
q1F

Quantization

32-bit - 8-bit or 4-Dbit.
Dramatically cut compute and memory.
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=

Knowledge Distillation

Train a small "student” model
to mimic a large "teacher.”
Same quality, fraction of the cost.

@lazarinastoy | #brightonseo



'
N

LoRA & Fine-tuning

Adapt existing models to your task
Instead of training from scratch.
100x less compute.

@lazarinastoy | #brightonseo



Carbon-Aware Computing

Schedule training during off-peak hours
when the grid Is cleanest.

34% lower carbon footprint.




We don't all need
our own tools.
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We all do the same things
for different websites.

We don't all need to build our own little tool —
even though we can now.

lazarinastoy | #brightonseo



Use existing tested tools and APIs.

Don't rebuild what already exists.
Search before you build.

-AMECO.
azarinasto y | #brightonse 0




Share pre-trained models
within your org and industry.

One good model, shared by many,
beats 100 bad ones built alone.

@lazarinasto y | #brightonseo



Contribute to open-source ML
projects.

Rather than duplicating effort,
Improve what exists.

@lazarinasto y | #brightonseo




Fine-tune, don't custom-train.

Use pre-built workflows and adapt them
to your specific use case.

@lazarinastoy | #brightonseo



Replace
workflows.

lazarinastoy | #brightonseo



SERP Analysis Agent +
Content Brief Template + NLP

LLM for complex tasks >  extraction pipeline

(e.g. content briefs)

v Consistent, repeatable output

-AMEEO.



Maintained open-source
libraries or internal (team)
Vibe-coded one-off scripts -  tools

v Tested, documented, shared

-AMEEO.



Al-assisted
hot Al-driven.

Better for the planet. Better for your brain.
Better for your work.



Resource Library

Explore our collection of templates, guides, scripts, and tools for machine learning and SEO.

(QQ Search resources by title or description...

(J FILTERBY TYPE

Checklist Coding Script or Notebook Guide No-Code Template Other Visualization Template Workbook

() FILTER BY PLATFORM

Apps Script Google Colab Google Docs [ Word Google Sheets Looker Studio

& FILTER BY ACCESS

- Free (Access via Email) Paid (Purchase Available) Academy (Access via Course)
© FILTER BY COURSE

Al Search & LLMs: Entity SEO and Knowledge Graph Strategies for Brands Introduction to Machine Learning for SEOs Semantic ML-enabled Keyword Research
2, FILTER BY CREATOR

Beatrice Gamba Lazarina Stoy.

Showing 50 resources

-AMEEO.



Explore Al/ML tools from our Academy and Courses

o Introduction to Machine Learning for SEOs Semantic Al-powered SEO Keyword Research

Al Blog-to-Social Post . Content Briefs Generator 7 Semantic Drift Analyzer 7

Transformer Generate tightly structured, SEO-ready Visualize and measure how far your query

Transform long-form blog posts into content briefs from your semantic keyword fan-outs drift from the original search

punchy, platform-optimized social universe. intent—complete with similarity scores, 3D

shippets. vector-space plots, and CSV export.

Semantic Al-powered SEO Keyword Research Includes optional Semantic Boost (USE)
Introduction to Machine Learning for SEOs for local synonym & context capture (no
API keys).

Semantic Al-powered SEO Keyword Research

Synthetic vs User-generated Al Meta Data Creator 7
Queries Classifier Turn posts into SEO-perfect titles and
Distinguish user queries from Al- meta descriptions at scale.

generated synthetic queries using
linguistic analysis, rule-based
classification, and machine learning.

Introduction to Machine Learning for SEOs

Semantic Al-powered SEO Keyword Research

MG

R



Courses

Machine Leaming courses, designed to take your from A-to-Z on different topics, related to organic search marketing and SEO. Learn at
your own pace with easy-to-follow lessons that take your from zero-to-hero on a given topic or suite of tools.

Showing all 6 results

Semantic ML- Introduction to Al Search & LLMs: Entity
led K. SEO ll:' Kmbd'u:'

Research for SEOs Brands Course

Fagmear-friendy course deggred oy course Degrrer -friendy Courve, s igred

19 e pos wnnty Dy you feed W
row 350ut bassing ¥ aemantic Bogmeet frervdy bro 1o S aoekd

barAUIl wwsatie and of ML/ for arganic pearch
LrOErEisNENg e’ seNCHEL aNaers, beyond Capsde !

Madhom mdh

10 RN phe Sedry TN § 0w ead 10
brow atccd el bes Mowedon
oragha, aed Sreas Audy
Ladvione ered ioders (N Seech
LLMD sanech wpemams

Prailmst wals

e wwrgvs & Lmpiad o

Puvm g & lempidos

Semantic ML-enabled Keyword Research Introduction to Machine Learning Course by Al Search & LLMs: Entity SEO and Knowledge

Course in the LLM Era by Lazarina Stoy. Lazarina Stoy. Graph Strategies for Brands Course by
Beatrice Gamba
Trirkrink drirdrink
roirirdek
Beginner Beginner
400,00 € 250,00 € .
200,00 €
§ SALE § SALE

BUNDLE& SAVER L/ BUNDLE & SAVE ®

P e P e
Pomge § ooy e bon L e

e T b b o wogo wte
COT e BTG e Lt il e

) ] o maetan

Course Bundle: Introduction to ML for SEOs +  Course Bundle: Introduction to ML for SEOs +  Course Bundle: Semantic Keyword Research

Al Search & LLM Entity SEO + Semantic Al Search & LLM Entity SEO - 2 Courses + Al Search & LLM Entity SEO - 2 Courses
w Research -3 Courses Course Bundle Course Bundie
Course Bundie
456-66-€ 400,00 € 886-86-€ 500,00 €
S850.66-€ 65000 €

Add 1o can Add to can
Add to cart
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