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About This Handbook

Al agents crossed a threshold between 2024 and 2026. They moved from research demos to
systems that answer customers, reconcile invoices, write and review code, and route fleets
— in production, with budgets and uptime targets attached. The tooling exploded along the
way: a dozen serious frameworks, two interoperability protocols, five competing memory
systems, and a constant stream of models. Most teams don't lack options. They lack a map.

This handbook is that map. It covers the full build surface: what agents actually are, the
design patterns everything else is assembled from, the 2026 framework landscape, tool
protocols (MCP and A2A), memory architecture, orchestration, platform-independent design,
offline-first and local deployment, API cost optimization, scaling, security, evaluation, and a
method for tailoring agents to a specific use case. Every chapter pairs concepts with
diagrams, real numbers, and field examples.

Who it's for

Engineers and architects — who need to choose a stack, design memory and
orchestration, and ship something reliable.

Technical founders and product leads — deciding what to build, what to buy, and how
much autonomy a task can safely carry.

Operations and business leaders — who want an honest read on costs, risks, ROI
evidence, and what 'production-ready' really demands.

How to read it

In order — Parts I-IV build on each other, from foundations to a 90-day shipping plan.

As a reference — each chapter stands alone; the appendices condense the whole book
into tables and checklists.

With healthy skepticism — vendor benchmarks disagree (we flag where), and this field
moves monthly. Principles in this book are chosen to outlast the version numbers.

A note on the research

Figures and claims are drawn from public engineering reports, vendor documentation,
academic surveys, and adoption research current to mid-2026, paraphrased and attributed
inline. Appendix D lists sources for deeper reading. Where the industry disagrees —
memory benchmarks are a notable example — both sides are presented.

Conventions: pseudocode blocks favor clarity over any single framework's syntax. Currency figures are
USD. 'Model' means a large language model unless stated otherwise.

About This Handbook 2



Contents & Outline

Four parts, fourteen chapters, four appendices — foundations to production to playbook.

PART | — FOUNDATIONS

01 Wwhat Is an Al Agent (and What Isn't) 6
Working definitions, the anatomy of an agent, agents vs. workflows, and when not to
build one.

02 Core Design Patterns 9

The agent loop, seven reusable patterns from chaining to evaluator-optimizer, and
how to pick.

PART Il — THE TOOLKIT

03 The Framework Landscape, 2026 13

Twelve production-grade frameworks profiled and compared, with a decision guide
and lock-in advice.

04 Tools, Function Calling & Protocols (MCP, A2A) 16

How agents act on the world: tool design, the Model Context Protocol, and
agent-to-agent standards.

05 Memory: From Context Windows to Knowledge Graphs 19

Memory taxonomy, vector vs. graph vs. tiered systems, MemO / Zep / Letta, and
context engineering.

06 Orchestration: Single Agents to Multi-Agent Systems 22

Topologies, state machines, durable execution, human-in-the-loop, and multi-agent
failure modes.

PART Il — PRODUCTION ENGINEERING

07 Platform Independence & Portability 26

Gateways, abstraction layers, twelve-factor agent principles, and a model-swap
checkilist.

08 offline-First & Local Agents 29

Ollama, vLLM and llama.cpp, hardware sizing, quantization, and hybrid edge-cloud
designs.

w

elephantclock.ae Contents



09

10

11

Credit-Smart: Cost Optimization for Online APIs 32

Token economics, prompt caching, model routing and cascades, batching, and a
worked example.

Scaling, Reliability & Safety Engineering 35

Stateless workers, checkpoints, guardrails, sandboxing, and defending against prompt
injection.

Evaluation & Observability 37
Tracing, eval types, the metrics that matter, and the improvement flywheel.

PART IV — FROM USE CASE TO AGENT

12

13

14

Designing Custom Agents for Your Use Case 40

Discovery questions, the autonomy ladder, an architecture decision framework, and a
spec template.

Case Studies & Field Patterns 43

Klarna, JPMorgan, Salesforce, the adoption data, and regional patterns from the field.

The Road Ahead & a 90-Day Playbook 45

Where agents go next, and a week-by-week plan for shipping your first production
agent.

APPENDICES
Framework Quick Reference 47
Glossary of Agent Engineering Terms 48
The Builder's Checklist 50
Sources & Further Reading 52

OO0 w>»

=

Contents



PART |

Foundations

Before frameworks and protocols: what an agent actually is, the
spectrum from scripted workflow to full autonomy, and the seven
design patterns that nearly every production system is composed
from.
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What Is an Al Agent (and
What Isn't)

Working definitions, the anatomy of an agent, the control spectrum, and the
discipline of knowing when a plain workflow beats an agent.

A working definition

Strip away the marketing and an Al agent is a simple thing: a system in which a large
language model directs its own process toward a goal. The model decides which steps to
take, which tools to call, how to interpret the results, and when the job is done. Given the
goal 'refund this customer if the order qualifies', an agent reads the policy, queries the order
system, weighs the evidence, executes the refund through an API, and writes the case note
— choosing that sequence itself.

Contrast this with the two things agents are most often confused with. A chatbot converses
but does not act: it produces text, and a human does the rest. A workflow acts but does not
decide: every branch was written by a developer in advance, and the model — if there is one
— fills in a single step, like summarizing or classifying. Anthropic's engineering teams drew
this line crisply in their widely cited guidance: workflows run on predefined code paths, while
agents dynamically direct their own tool use. The distinction matters because it predicts cost,
reliability, and how the system fails.

Scripted workflow LLM-in-the-loop Guided agent Autonomous agent
code decides every step model fills one step model picks tools on rails model owns the path
PREDICTABLE / CHEAP / RIGID FLEXIBLE / COSTLIER / NEEDS GUARDRAILS

Figure 1.1 — The control spectrum. Most production systems live in the middle, not at the edges.

The anatomy of an agent

Every agent, in any framework, is assembled from the same six components around a model
core. Frameworks differ in how much of this they hand you pre-built; the architecture
underneath barely changes.

Chapter 1 — What Is an Al Agent (and What Isn't) 6



- _______________________________________________________________________________________
CHAPTER 1 — WHAT IS AN Al AGENT (AND WHAT ISN'T)

Planning Loop

decompose, decide, retry

Tools / Actions Memory
APIs, search, code, MCP short-term + long-term

LLM CORE

reasons, plans, decides

Knowledge Guardrails

RAG, files, databases permissions, limits, HITL

Environment

users, systems, the world

Figure 1.2 — The anatomy of an agent: six components around a reasoning core.
* LLM core — the reasoning engine. Model choice sets the ceiling on capability and the

floor on cost.

* Planning loop — the control flow that turns one model call into a sequence: decompose,
decide, act, check, retry.

* Tools — typed functions the model may call — search, databases, CRMs, code execution,
other agents.

* Memory — what persists: the working context of this task, and long-term knowledge
across sessions (Chapter 5).

* Knowledge — reference material the agent retrieves rather than memorizes —
documents, RAG indexes, wikis.

° Guardrails — permissions, budgets, output validation, and human approval gates that
bound what 'autonomous' means.

When you should not build an agent

The most expensive mistake in this field is reaching for an agent when a workflow would do.
Autonomy costs tokens (the model re-reads context every loop), latency (each decision is an
inference), and predictability (the path varies run to run). A useful test before any build:

¢ Can you draw the flowchart? — If a competent operator follows the same steps every
time, encode those steps. Use the model only for the fuzzy boxes — extraction, judgment,
language.

¢ Is the variance real? — Agents earn their cost when inputs are genuinely unpredictable:
ambiguous requests, changing environments, tasks where the next step depends on what
was just discovered.

* Can you afford the failure? — An agent that is 95% right per step is roughly 60% right
across ten steps. If errors are costly and hard to detect, keep humans or deterministic
checks in the loop.

elephantclock.ae Chapter 1 — What Is an Al Agent (and What Isn't) 7



CHAPTER 1 — WHAT IS AN Al AGENT (AND WHAT ISN'T)

Field example: invoice intake vs. itinerary rescue

A document-intake pipeline (receive invoice, extract fields, validate against the PO, post to
the ERP) is a workflow with one or two LLM steps — build it that way and it will be cheaper
and more reliable. Re-planning a disrupted travel itinerary — where the next call depends

on what the airline, hotel, and customer each say — is a genuine agent problem.

Why now: the 2026 inflection

Agents stopped being a research topic because three curves crossed. Models became
reliable enough at tool selection to chain dozens of steps. A standard protocol layer (MCP,
Chapter 4) collapsed the integration cost of connecting them to real systems. And the
economics improved an order of magnitude through caching, routing, and small models
(Chapter 9). The result shows up in adoption research: Google Cloud and KPMG studies from
late 2025 found roughly half of surveyed enterprises running agents in production, with
about three quarters of those reporting measurable ROI within the first year. Gartner projects
that 40% of enterprise applications will embed task-specific agents by the end of 2026 — up
from under 5% a year earlier — while also warning that a large share of agentic projects will
be cancelled for unclear ROI. Both can be true. The difference between the two outcomes is
engineering discipline, which is what the rest of this book is about.

of enterprises had agents in of deployers report ROl within of enterprise apps to embed
production by late 2025 the first year agents by end-2026

elephantclock.ae Chapter 1 — What Is an Al Agent (and What Isn't) 8



Core Design Patterns

Seven patterns cover nearly every production agent. Learn them once,
recognize them everywhere, and compose them instead of inventing
architecture from scratch.

The agent loop

Underneath every framework is the same loop. The model observes the goal and the current
state, plans the next step, acts by calling a tool or producing output, and evaluates the result
— then repeats until the goal is met or a budget runs out. Frameworks differ in how this loop
is expressed (a graph, a crew, a while-loop), not in what it does. If you internalize the loop,
no framework will ever feel foreign.

Observe

read goal, context, results

Plan Act

repeat-unti-goat-met
choose the next step or budget / step limit hit call a tool / produce output

Evaluate

done? correct? retry?

Figure 2.1 — The universal agent loop. Every framework is a wrapper around this.

THE LOOP IN TEN LINES

while not done and steps < budget:
thought = lIm(context + goal + observations)
if thought.tool_call:

observations += execute(thought.tool call) # act
else:
done = validate(thought.answer) # evaluate

The seven patterns

In their influential 'Building Effective Agents' guidance, Anthropic's engineers catalogued the
small set of compositions that successful teams actually ship. Five are structured workflows
with LLM steps; two add genuine autonomy. Production systems are almost always
combinations of these, so they are worth knowing by name.

Chapter 2 — Core Design Patterns 9



1 - Prompt chaining 2 - Routing 3 - Parallelization

Step 2 - refine Billing Tech Sales m
Aggr;gate

4 - Orchestrator + workers 5 - Evaluator + optimizer

draft

Orchestrator
Generator [~ " Evaluator
I critique + score
Worker 1 Worker 2
loop until quality bar met
dynamic task split, results merged then release

Figure 2.2 — The five workflow patterns. Each box is one model call or sub-agent.
1. Prompt chaining — decompose a task into fixed sequential steps, optionally with
programmatic gates between them. Use when the decomposition is known. Example:
draft an outreach email, check it against brand rules, then localize it.

2. Routing — classify the input, then dispatch to a specialized prompt, model, or
sub-agent. Use when inputs cluster into distinct categories. Example: a support gateway
sending billing, technical, and sales queries down different paths — often to differently
priced models.

3. Parallelization — run independent subtasks simultaneously and aggregate, or run the
same task several times and vote. Use for speed or for confidence on high-stakes
judgments.

4. Orchestrator-workers — a lead model decomposes an unpredictable task at runtime
and delegates to workers, then merges results. The backbone of research agents and
multi-file coding agents.

5. Evaluator-optimizer — one model generates, another critiques against explicit
criteria, and the loop repeats until the bar is met. Use when you can articulate what 'good'
looks like — translation nuance, code that must pass tests, brand-safe copy.

6. ReAct (reason + act) — the canonical autonomous loop from Figure 2.1: interleave a
reasoning step with a tool call, feeding each observation back in. This is the default
'‘agent' in most frameworks.

7. Reflection — after producing an answer, the agent critiques its own work — or a
second pass does — and revises. Cheap insurance on long outputs; pairs naturally with
ReAct.

Choosing a pattern

If the task... Reach for Why
Has known, fixed steps Prompt chaining Cheapest, most testable, fully predictable
Has distinct input types Routing Specialized prompts beat one mega-prompt;

enables cost tiering

Chapter 2 — Core Design Patterns 10



If the task... Reach for Why

Splits into independent Parallelization Latency drops; voting adds reliability

parts

Ean't be decomposed in Orchestrator-workers Runtime planning handles variable structure

advance

Has a checkable quality bar Evaluator-optimizer Iteration converges on the bar you defined

Needs open-ended tool use ReAct + reflection Full autonomy, bounded by budgets and
guardrails

Find the simplest pattern that solves the task. Every notch of
autonomy you add must pay for itself in outcomes — never add it for
elegance.

Worked example: one support desk, four patterns

A telecom support desk routes incoming chats (pattern 2) to three lanes. Password resets
run as a chained workflow (1). Plan-change requests run ReAct with CRM and billing tools
(6), every action logged. Complaint replies pass through an evaluator that checks tone and
policy before sending (5). Four patterns, one product — and only one lane carries real
autonomy, which is exactly where the engineering attention goes.

Chapter 2 — Core Design Patterns 11



PART Il

The Toolkit

The four load-bearing choices in any agent stack: which framework
expresses your logic, how tools connect (and the protocols
standardizing it), how memory is engineered, and how one or many
agents are orchestrated.

elephantclock.ae
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The Framework Landscape,
2026

From two serious options to twelve production-grade frameworks in eighteen
months. What each one is actually for, how to choose, and how to avoid
marrying one.

How we got here

Through 2024 the choice was effectively LangChain or roll-your-own. By mid-2026 the field
looks completely different: industry surveys such as Uvik's 2026 comparison count a dozen
production-viable Python frameworks, and the three big model vendors each shipped a
first-party agent SDK within weeks of one another. Microsoft consolidated AutoGen and
Semantic Kernel into a unified Agent Framework, moving classic AutoGen into maintenance
(the community continues it as AG2). Meanwhile TypeScript builders got Mastra and the
vendor SDKs' JS ports, and low-code platforms (n8n, Dify, Copilot Studio) made simple agents
a configuration exercise.

Two findings from the field matter more than any ranking. First: there is no winner. Across
one consultancy's twelve 2025-26 client engagements, no single framework appeared more
than four times — the right answer tracked workflow complexity, vendor commitment, and
appetite for abstraction. Second: composition is normal. Teams routinely run a LangGraph
orchestration spine with CrewAl-style role agents inside it, or a vendor SDK agent that calls
tools shared with everything else over MCP.

The twelve, in one table

Framework Core abstraction Sweet spot Watch out for
LangGraph Graph / state machine Complex routing, approvals, durable Steeper learning curve;
with checkpoints long-running flows; the production graph thinking is mandatory

default for many teams

LangChain Chains + integration Rapid prototyping atop the largest Abstraction churn; many
library integration catalog teams graduate to
LangGraph
CrewAl Role-based crews (role, Content pipelines, Role metaphor strains on
goal, backstory) research-write-review, role-shaped highly dynamic tasks

business processes; A2A delegation
added in 2026

OpenAl Agents Lightweight agents + Fast builds inside the OpenAl Vendor-centric; portability
SDK handoffs + guardrails ecosystem; clean tracing needs discipline

Chapter 3 — The Framework Landscape, 2026 13



Framework Core abstraction Sweet spot Watch out for

Claude Agent The Claude Code harness Coding agents and desk-work Anthropic-centric by design
SDK as a library: files, terminal,  automation with strong tool
computer use, sub-agents ergonomics; MCP-native

Google ADK Multi-agent hierarchies; Cross-vendor agent interop, Google Heavier; assumes Google
native A2A with auto Cloud estates tooling
Agent Cards

Pydantic Al Typed agents, validated Teams that want compile-time-ish Smaller ecosystem than the
structured outputs safety, testing, and clean dependency giants
injection
smolagents Minimal code-acting Hugging Face stack, research, Code-execution security
agents (~1K LOC core) learning the loop; agents that write needs sandboxing

code as their action format

Agent Unified successor to .NET / Azure enterprises, Newest of the set; migration

Framework (MS) Semantic Kernel + compliance-heavy estates from SK/AutoGen ongoing
AutoGen

AG2 (AutoGen Conversational Research-style agent dialogues, Classic AutoGen itself is in

fork) multi-agent chat code-execution loops maintenance

Llamalndex Data-centric agents over Document workflows, agentic RAG, Less suited to general
indexes knowledge assistants orchestration

Haystack Composable pipelines Production search + RAG with agent Pipeline mindset, not
(Deepset) steps; strong eval tooling free-form autonomy

Honourable mentions: Mastra (TypeScript-first, batteries included), DSPy (programmatic prompt
optimization rather than an agent runtime), and the low-code tier — n8n, Dify, Microsoft Copilot Studio
— which is genuinely sufficient for linear, low-risk internal automations.

A decision guide

Complex branching, audits, pause/resume? ves LangGraph
no
Process maps to roles (research, write, review)? o) CrewAl
no
Committed to one model vendor, want speed? L R (:I;)Ke)nAl e G

no
Type-safety and testability first? yes

no
Microsoft / .NET enterprise estate? yes

no
Document- and data-centric agents? yes

None of the above: start with a minimal loop (smolagents or ~100 lines of your own) and graduate only when

you feel the ceiling

Chapter 3 — The Framework Landscape, 2026 14



The lock-in question

Frameworks are the layer most likely to churn under you — abstractions get deprecated,
pricing and licensing shift, a better fit appears. The teams that switch painlessly all did the
same thing: they kept their own thin interfaces for 'agent', 'tool', and 'memory’', and treated
the framework as an implementation detail behind them. That hexagonal discipline costs a
few hundred lines up front and buys you the right to change your mind. Chapter 7 turns this
into a full portability playbook.

Selection method that works

Pick by elimination, not attraction. List your hard constraints — vendor commitments,
language, compliance, team skills, durability needs — and strike frameworks that fail any of
them. Whatever survives, prototype the riskiest slice of your real workload in two days
before committing. A framework that demos well on toy tasks can still fight you on yours.

Chapter 3 — The Framework Landscape, 2026
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Tools, Function Calling &
Protocols (MCP, A2A)

Tools are how agents touch the world. This chapter covers tool design that
models can actually use, the Model Context Protocol, and the emerging
agent-to-agent layer.

Function calling: the contract

Every tool is a contract: a name, a natural-language description, and a JSON schema of
parameters. The model never executes anything — it emits a structured request ('call
check _inventory with sku=A-114"), your runtime executes it, and the result is appended to
context for the next reasoning step. Modern APIs harden this with strict structured outputs,
guaranteeing the arguments parse against your schema. That mechanical reliability is
solved; what still separates good agents from flaky ones is tool design:

Write descriptions for the model, not the docs site — state when to use the tool,
when not to, and what it returns. Ambiguous descriptions are the top cause of wrong-tool
calls.

Keep the toolbox small and orthogonal — ten well-separated tools outperform forty
overlapping ones. Merge near-duplicates; split grab-bags.

Return errors the model can act on — 'date must be YYYY-MM-DD' lets the agent
self-correct; a bare 500 forces a guess.

Make actions idempotent or confirmable — retries happen. Design tools so calling
twice is safe, or require a confirmation token for irreversible operations.

Bound everything — timeouts, result-size caps, pagination. One tool returning a
200K-token blob can blow the context budget for the whole run.

MCP: the USB-C of agent tooling

Before late 2024, connecting M applications to N tools meant M x N bespoke integrations.
The Model Context Protocol — released by Anthropic in November 2024 and since adopted
across OpenAl, Google, and Microsoft products — replaces that with one open client-server
standard over JSON-RPC: any MCP-capable app can discover and invoke any MCP server's
tools, resources, and prompt templates.

Chapter 4 — Tools, Function Calling & Protocols (MCP, A2A) 16



CHAPTER 4 — TOOLS, FUNCTION CALLING & PROTOCOLS (MCP, A2A)

BEFORE: N x M custom integrations AFTER: N + M via one protocol

App A App B App C App A App B App C

e
000D OO o

12 brittle connectors to maintain 7 components, each built once

Figure 4.1 — The integration math that made MCP inevitable: M x N connectors collapse to M + N.
Adoption moved fast and is now measurable rather than anecdotal. The official registry held
roughly ten thousand public server records by mid-2026, with GitHub showing about sixteen
thousand repositories tagged as MCP servers. Stacklok's 2026 software survey found about
41% of organizations running MCP servers in limited or broad production. Governance
matured too: the ecosystem now sits under the Linux Foundation's agentic Al umbrella, and
the 2026 roadmap focuses on exactly the pains production surfaced — stateless transports
so servers scale behind ordinary load balancers, a richer Tasks primitive for long-running
work, and enterprise authorization.

HOST (your agent app / IDE / chat) MCP Server: CRM
. tools + resources
MCP Client
session, discovery, auth MCP Server: Postgres

query tools
model decides which tools to call;

client speaks JSON-RPC to servers MCP Server: Files
stdio (local) or streamable HTTP (re read / write

Figure 4.2 — MCP architecture: a host embeds a client; servers expose tools, resources, and prompts.

Security note before you wire everything together

Treat MCP servers like any third-party dependency. Scope credentials per server, pin
versions, and remember that tool descriptions and tool results are inputs to your model — a
malicious or compromised server can attempt prompt injection through either. Allowlist
servers in production; never auto-install from the open registry.

- A2A and the agent-to-agent layer

MCP connects an agent to tools. The complementary question — how independent agents
discover and delegate to each other across vendors — is addressed by Agent2Agent (A2A),
launched by Google in April 2025 and now also under Linux Foundation governance. Agents
publish capability descriptions called Agent Cards; peers invoke them over HTTP with
streaming updates for long tasks. Support is still uneven: Google's ADK generates Agent
Cards natively and CrewAl added A2A delegation in 2026, while most other frameworks are
earlier on the curve. IBM's ACP explored similar ground before consolidating into the same
ecosystem. The pragmatic 2026 stance: use MCP for tool access today, design multi-agent
seams so A2A can slot in, and don't force inter-agent messaging through MCP — teams

elephantclock.ae Chapter 4 — Tools, Function Calling & Protocols (MCP, A2A) 17



CHAPTER 4 — TOOLS, FUNCTION CALLING & PROTOCOLS (MCP, A2A)

report meaningfully faster delivery using each protocol for its own layer.

Applications

support desks, coding agents, copilots, internal automations

Agent <-> Agent: A2A

Agent Cards, task delegation across vendors (Google, Apr 2025; Linux Foundation)

Agent <-> Tools: MCP
tools, resources, prompts over JSON-RPC (Anthropic, Nov 2024; ~10K public servers)

Models & runtimes

frontier APIs, open-weight models, local inference

Figure 4.3 — The 2026 protocol stack: MCP for the tool boundary, A2A for the agent boundary.

public MCP servers in the official of orgs run MCP in production open protocols cover tools
registry (limited or broad) (MCP) and agents (A2A)

elephantclock.ae Chapter 4 — Tools, Function Calling & Protocols (MCP, A2A) 18



Memory: From Context
Windows to Knowledge
Graphs

Context is not memory. The best strategies treat memory as an engineered
subsystem: typed stores, explicit write policies, multi-signal retrieval, and
ruthless context hygiene.

Why ‘just use a big context window' fails

Million-token windows tempt teams to stuff the entire history into every call. Three forces
break this at scale. Economics: shipping 100K tokens of history to produce a 50-token reply is
unsustainable at volume — and agents amplify it, because the loop re-sends context every
step. Latency: time-to-first-token grows with input size, which real-time products feel
immediately. And recall: models demonstrably lose facts buried in the middle of huge
prompts — the well-documented 'lost in the middle' effect. Memory engineering exists to
send the model less, but the right less.

A taxonomy worth memorizing

SHORT-TERM (inside the context window) LONG-TERM (external stores, retrieved on demand)

Working Episodic Procedural

Semantic

the live task: goal, recent what happened: past how-to: learned rules,

facts: user prefs, entities,

turns, tool results, sessions, decisions, .
domain knowledge

scratchpad outcomes

playbooks, refined
instructions

Figure 5.1 — Four memory types. Working memory lives in-context; the rest live outside and are retrieved.
Working memory — the current task's context window: goal, recent turns, tool results, a
scratchpad. Managed by compaction, not storage.

Episodic memory — a record of what happened — past sessions, decisions, outcomes.
Powers 'as we discussed last week' continuity and post-hoc audits.

Semantic memory — distilled facts: the user prefers Arabic invoices, the client's fiscal
year ends in March. Small, dense, high-value.

Procedural memory — learned how-to: refined instructions, playbooks, the agent's own
improved prompts. The least built, highest-leverage layer.

Chapter 5 — Memory: From Context Windows to Knowledge Graphs 19



The memory pipeline

Every serious memory system — whatever its storage engine — implements the same
five-stage pipeline. The quality differences hide in stages two and four: what gets extracted
as worth remembering, and how retrieval combines semantic similarity with recency, graph
relationships, and keywords.

Capture Extract Store Retrieve Inject

vectors, graph, semantic +
key-value temporal + graph

only what this step
needs

turns, tool results, LLM distills facts
outcomes and events

feedback: usage signals update salience; stale facts decay or are invalidated

Figure 5.2 — The universal memory pipeline. Extraction and retrieval quality decide everything.
The 2026 systems, honestly compared

Five architectures dominate, and vendor benchmarks disagree enough that you should treat
all of them as directional. The widely used LOCOMO benchmark sparked a public dispute:
MemOQ's peer-reviewed paper reported strong wins on token efficiency and temporal
reasoning, while Zep published a rebuttal claiming misconfiguration and a materially higher
corrected score. The honest takeaways that survive the crossfire: selective extraction beats
raw history by a wide margin; temporal modeling is where naive vector stores fail hardest
(one study measured graph-based memory nearly tripling a major provider's built-in memory
on time-sensitive questions, largely because the latter never timestamped facts); and graph
construction buys reasoning power at real token and latency cost.

System Architecture Strongest at Trade-off to plan for

MemO Hybrid vector + graph + Drop-in personalization; very A memory store, not a platform —
KV; user / session / agent token-lean (single-digit-K tokens per pipelines and connectors are on
scopes conversation reported) you

Zep Temporal knowledge Time-aware reasoning, evolving Graph building is heavy; ingestion

(Graphiti) graph entities (‘used to live in..."), is async, so just-written facts may

long-running enterprise sessions lag

Letta OS-style tiers; the agent Long-horizon autonomous agents The LLM is in the control loop —

(MemGPT) edits its own memory that must self-manage context more flexible, less predictable

LangMem Vector-first, Teams already on Simpler retrieval; weaker on
LangGraph-native LangChain/LangGraph wanting temporal and relational queries

least-resistance memory

Cognee Structured memory graphs Institutional knowledge: building a More setup; closer to a
from data + chats queryable graph of customers, docs, knowledge-engineering project
history
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The only benchmark that matters is yours

Run your own bake-off. Pick two systems, load a week of your real transcripts, and test the
queries your product actually needs — especially temporal ones (‘what changed since the
last order?'). Published benchmarks were not run on your data shape, and the 15-point
swings between architectures on temporal retrieval are larger than most vendors' headline
differences.

Context engineering: the other half of memory

Anthropic's applied-Al team popularized the framing that the scarce resource is not storage
but attention: every token in context competes for it. Memory retrieval decides what enters
the window; context engineering decides what stays. The production toolkit:

Compaction — when the window passes a threshold (60-70% is a common trigger),
summarize the oldest turns into a brief and continue. Preserve decisions, constraints, and
open questions verbatim; compress the chatter.

Structured scratchpads — have the agent maintain an explicit plan / progress /
blockers note instead of re-deriving state from raw history each loop — cheaper and more
reliable.

Context isolation by sub-agent — give each worker only its slice (Chapter 6). A
researcher doesn't need the billing thread.

Just-in-time retrieval — fetch documents when a step needs them and drop them after,
rather than pinning everything for the whole run.

Write policy + decay — decide what is worth remembering at write time, attach
timestamps and sources, and let unused or contradicted facts expire. The classic failure —
an assistant confidently using a fact the user corrected months ago — is an invalidation
bug, not a retrieval bug.

Memory quality is an editorial function: the system that remembers
everything understands nothing.
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Orchestration: Single
Agents to Multi-Agent
Systems

One capable agent with good tools is the right default. This chapter covers
when to go multi-agent, the four topologies, durable execution, and the failure
modes nobody advertises.

Start with one agent

Multi-agent is fashionable; it is also the most common source of self-inflicted complexity. A
single agent with a well-designed toolbox handles a remarkable share of production work, is
dramatically easier to debug, and costs less — every extra agent multiplies model calls and
re-transmitted context. Go multi-agent only when you can name the concrete force pushing
you there:

Context isolation — subtasks individually overflow a window, or shouldn't see each
other's data (research vs. billing).

Parallelism — independent subtasks where wall-clock time matters — wide research,
multi-file edits.

Real specialization — genuinely different toolsets, models, or permissions per role —
not just different prompt personas.

Organizational seams — different teams own different agents, or an external partner's
agent must be invoked as a black box (where A2A earns its keep).

The four topologies

Chapter 6 — Orchestration: Single Agents to Multi-Agent Systems 22



A - Supervisor (default) B - Sequential pipeline

D - S - X
Agent A Agent fixed hand-offs; deterministic order;
context can thin at each hop

central routing + merge; easiest to debug

C - Network / hand-off D - Hierarchical
C o e

peer hand-offs (OpenAl SDK style); flexible, harder to audit nested supervisors for very large tasks

Figure 6.1 — The four multi-agent topologies. Supervisor is the production default; choose others for a stated reason.
Supervisor (A) keeps routing, budgets, and result-merging in one accountable place — start
here. Pipelines (B) suit role-shaped flows with a known order; their classic bug is context
thinning, where nuance is lost at each hand-off, so pass structured briefs rather than chat
summaries. Network hand-offs (C) — the OpenAl SDK's signature move — let the agent best
suited to the moment take over; flexible, but trace it well or you'll never reconstruct who
decided what. Hierarchies (D) are supervisors of supervisors for very large jobs; each layer
adds latency and another telephone-game hop, so they must justify themselves.

State machines and durable execution

The orchestration insight that took the industry from demos to production is unglamorous:
model the run as an explicit state machine with checkpoints. Frameworks like LangGraph
build this in; Temporal-style durable-execution engines provide it underneath any framework.
The payoff is enormous for real operations:

process crash / restart

plan fetch data draft human approve execute log
ckpt 1 ckpt 2 ckpt 3 ckpt 4 ckpt 5 ckpt 6

resume from checkpoint 3 — no lost work, no double-billing

Red node = human-in-the-loop gate: the run pauses, state persists for hours or days, then resumes.
Figure 6.2 — Durable execution: checkpoints make crashes boring and human approvals first-class.
Resumability — a crash, deploy, or rate-limit storm resumes from the last checkpoint
instead of re-running (and re-billing) the whole job.

Human-in-the-loop as a state — the run pauses at an approval gate, persists for hours
or days, and resumes on sign-off — essential for refunds, contracts, payments.

Time travel for debugging — replay any run from any checkpoint with modified state
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to reproduce a failure.

Idempotency by design — checkpoint IDs become natural deduplication keys for
side-effecting tools.

Multi-agent failure modes

Failure What it looks like Countermeasure

Telephone-game Each hand-off drops nuance; agent 4 solves Pass structured briefs (goal, constraints, artifacts);

loss a different problem than agent 1 was given let workers read source artifacts directly

Runaway loops Two agents politely defer to each other Hard step and token budgets per run; loop
forever; costs climb detection; supervisor owns termination

Cost A 5-agent flow re-sends shared context 5x Shared state store instead of replayed transcripts;

multiplication per round prompt caching (Ch. 9); fewer agents

Conflicting writes  Two workers update the same record Single-writer ownership per resource; merge step
divergently at the supervisor; optimistic locks on tools

Unattributable Something went wrong and no one can say Per-agent tracing with run IDs end-to-end (Ch. 11);

errors which agent did it deterministic replay

Worked example: the research crew

A deep-research feature is the canonical legitimate multi-agent build: a planner
decomposes the question, three searchers work strands in parallel with isolated contexts, a
writer synthesizes from their structured notes, and a critic checks claims against sources
before release. Anthropic's published account of building exactly this reported a multi-agent
version strongly outperforming a single-agent baseline on breadth-heavy questions — while
consuming several times the tokens. The pattern pays when the task is wide; it is overhead
when the task is deep and sequential.
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PART Il

Engineering for the Real
World

Production is where agent projects live or die. This part covers the
five disciplines that separate demos from durable systems: platform
independence, offline-first deployment, cost engineering, reliability
and safety, and evaluation.
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Platform Independence &
Portability

Models get deprecated, prices change, and better options ship monthly. This
chapter shows how to build agents that survive vendor churn — and switch
models in an afternoon, not a quarter.

Why portability is a feature, not paranoia

In the eighteen months to mid-2026 the 'best model for the job' changed several times in
every price band, two major frameworks were folded into successors, and providers
repeatedly adjusted pricing and deprecated model versions on short notice. Teams whose
agents were welded to one SDK re-platformed under deadline pressure; teams with a thin
abstraction layer re-ran their evals against the new model and switched a config value. For
organisations in the Gulf there is a second driver: data-residency and procurement rules can
dictate which providers — or which regions of a provider — you may use, and those rules
change too.

Portability does not mean using every vendor at once. It means keeping the cost of changing
your mind low. Three layers deliver that: a gateway, your own interfaces, and disciplined
prompts.

Layer 1 — the model gateway

A gateway gives every model the same API shape, so your application code never knows
which provider answered. Two mature options dominate. LiteLLM is an open-source proxy
you self-host: one OpenAl-format endpoint in front of 100+ providers, with retries, fallback
chains, spend caps, and per-key usage logs. OpenRouter is the hosted equivalent — one API
key, one bill, automatic failover across providers. Self-host the gateway when data must stay
in-country; use the hosted version when speed of setup matters more.
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OpenAl
GPT family

Your agent Gateway

LiteLLM / OpenRouter

one client, one format -
Anthropic

Claude family

retries - fallbacks - spend caps * usage logs

Google

Gemini family

Local
Ollama / vLLM

Figure 7.1 — One client, one format. The gateway owns provider differences, retries and spend caps.

—— Layer 2 — own your interfaces

Frameworks are the layer most likely to churn under you (Chapter 3). The hexagonal answer:
define the four or five operations your agents actually need — complete(), embed(), search(),
remember(), act() — as interfaces you own, and implement them with thin adapters per
framework or vendor. Your domain logic imports only your interfaces. Swapping LangGraph
for a vendor SDK then touches adapters, not business rules.

Your domain logic

workflows, business rules, policies — never imports a vendor SDK

Your agent interfaces (ports)

complete() / embed() / search() / remember() — contracts you own

Adapters

thin wrappers: LangGraph node, CrewAl tool, vendor SDK client

Gateway
LiteLLM (self-hosted) or OpenRouter (hosted) — one API shape, many providers

Providers & runtimes
OpenAl - Anthropic - Google * Mistral - Ollama / vLLM on your hardware

Figure 7.2 — The portable stack. Volatility increases as you go down; your code lives at the top.

- Layer 3 — prompts and the 12-factor mindset

The 12-Factor Agents principles — a widely shared adaptation of Heroku's 12-factor app for

agentic software — capture the remaining discipline well. The ones that matter most for

portability:

* Own your prompts — prompts are versioned source files in your repo, not strings buried
in a framework or a vendor dashboard. Diffs, reviews, and rollbacks apply.

°* Own your context window — you decide what enters the context each step — don't let
a framework's default memory silently define your product.

* Tools are structured outputs — treat tool use as 'model emits J]SON, your code
executes it'. That contract is identical across every provider.

stable

volatile

elephantclock.ae Chapter 7 — Platform Independence & Portability 27



Be a stateless reducer — each step maps (state, event) to new state. State lives in
your store, so any provider — or any worker — can resume the run.

Avoid one-vendor cleverness — provider-exclusive features are fine, but wrap them
behind your interface and keep a documented fallback.

The model-swap checklist

You are genuinely portable when all six boxes tick:

An eval suite (Chapter 11) that defines 'good' independent of any model, runnable against
a candidate in under an hour.

Prompts in version control, with per-model variant files where genuinely needed.
A gateway or interface so the swap is a config change, not a refactor.
Per-provider token accounting — same conversation, different tokenizers, different bills.

Pinned model versions in production ('claude-sonnet-4-6', not 'latest'), upgraded
deliberately.

A documented fallback chain the gateway executes when a provider degrades or
rate-limits.

Practice the swap before you need it

Run your evals against two providers from day one — even if you only deploy one. The
second provider keeps your design honest and turns every future migration into a
rehearsed move.
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Offline-First & Local Models

Some agents must run where the internet doesn't, or where the data must
never leave. This chapter covers the local runtimes, hardware sizing, and the
hybrid pattern that gives you both privacy and frontier quality.

When local is the right call

Four situations justify running models on your own hardware: data that cannot legally or
contractually leave your environment (health records, government workloads, much of the
UAE public sector); operations in places with unreliable connectivity — ships, sites, clinics,
warehouses; sustained high-volume workloads where per-token API pricing exceeds
amortised hardware; and any product where offline operation is itself the feature. If none of
these apply, frontier APIs are usually cheaper and better once engineering time is counted
honestly.

The local runtime landscape

Ollama — the developer default. One-line install, model library, and an
OpenAl-compatible API on localhost:11434 — so anything built for the OpenAl format runs
locally by changing the base URL. Ideal for single-machine agents and prototyping.

Illama.cpp / GGUF — the engine underneath much of the ecosystem. Runs quantized
GGUF models on CPU and GPU, down to laptops and edge devices. Maximum control,
minimum ceremony.

VLLM — the serving layer for scale. PagedAttention and continuous batching deliver far
higher throughput per GPU; the standard choice when one box must serve many
concurrent agents.

LM Studio — a desktop GUI over the same model files — useful for non-engineers
evaluating models, and it also exposes a local OpenAl-style server.

Hardware sizing, honestly

Model class Typical RAM/VRAM What it can carry Realistic speed
(4-bit)

3-4B ~4 GB classification, routing, extraction, simple fast even on CPU
chat

7-9B ~8 GB solid single-agent work, tool calling, 15-20 tok/s CPU; 5-10x on
drafting GPU

12-14B ~12-16 GB better reasoning, longer context needs a real GPU to feel
discipline fluid
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Model class Typical RAM/VRAM What it can carry Realistic speed

(4-bit)
30-34B ~24-32 GB strong generalist; small-team workhorse single 24 GB+ GPU class
70B+ ~64 GB+ near-frontier quality on many tasks multi-GPU or Apple unified
memory

Quantization makes these numbers possible: 4-bit (Q4) versions keep most of a model's
quality at roughly a quarter of the memory, and are the sensible default. Drop to Q8 or FP16
only when evals show a quality gap on your tasks. Two agent-specific traps: Ollama's default
context window is 4,096 tokens — far too small for agent loops, so raise num_ctx explicitly
and re-check memory headroom; and tool-calling reliability varies sharply between small
models, so test that specifically before committing.

5-10x

~8 GB 4,096

runs a quantized 8-9B model — Ollama's default context — raise
modern laptop territory it for agents

llama.cpp / Ollama guidance Ollama docs

typical GPU speed-up over CPU
inference

community benchmarks

The hybrid pattern: local by default, cloud by exception

Pure-local and pure-cloud are both usually wrong. The production pattern that keeps winning
is a router: a local model handles the bulk of traffic — and everything touching sensitive data
— while clearly-defined hard cases escalate to a frontier APl with sensitive fields stripped or
masked. Because Ollama speaks the OpenAl format, the router is often just your gateway
from Chapter 7 with two routes and a policy.

Local model
Ollama on your box — default

Request Router handles ~80-90% of traffic

user / system event complexity + sensitivity gate

Frontier API
hard cases — logged, budgeted

~10-20%, sensitive fields masked

Pll or regulated data never leaves the building: the router strips or blocks it before any cloud call.

Figure 8.1 — The hybrid router: privacy and cost by default, frontier quality on demand.

'Local' # 'private’' by default

Local is not automatically private. Desktop runtimes may check for updates, send
telemetry, or load remote model cards; a misconfigured server binds to 0.0.0.0 and serves
your model to the office. For regulated work: pin versions, disable phone-home features,
firewall the box, and put the runtime behind the same audit logging as any other service.
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Field example — a clinic network

A healthcare group with clinics across the Emirates wants an agent that drafts referral letters
and answers protocol questions. Patient data cannot leave the premises and two sites have
unreliable links. The shape: a 9B model on a small GPU server per clinic handles drafting and
retrieval over local guidelines; a nightly batch syncs de-identified usage metrics; and only
anonymised, non-clinical questions may escalate to a frontier API. Offline-first here is not an
optimisation — it is the compliance story that makes the project approvable at all.
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Cost Engineering & API
Credit Optimization

Agent loops multiply tokens, and tokens are the bill. The good news: a handful
of disciplined techniques routinely cut production costs by well over half —
without touching quality.

—— Why agents cost more than chatbots

A chatbot answers once. An agent loops — and on every step it re-sends the system prompt,
the tool catalogue, and the accumulated history. A ten-step run with a 6,000-token prefix
pays for that prefix ten times: input tokens, not output tokens, dominate agent bills. That is
also the good news, because repeated input is exactly what the optimization stack attacks.
One caveat before optimizing anything: if a workload costs under a few hundred dollars a
month, your engineering time is the expensive part — ship features instead.

- The five-step stack

1 - Measure

stacked
per-task token + $ tracing; you cannot cut what you cannot see savings

2 - Cache 70_90%

prompt caching on stable prefixes — typically the single biggest lever

typical, high-volume
production agents

3 - Route

cascade: small model first, frontier only on low confidence

4 - Compress

context engineering — summaries, JIT retrieval, trimmed tool output

5 : Batch + semantic cache

50% off non-urgent jobs; reuse answers to repeated questions

Figure 9.1 — Apply in order. Each step compounds with the previous ones.
°* Measure — per-task cost tracing (Chapter 11 tooling) before any tuning. Most teams
discover two or three call sites generate most of the spend.

* Cache — prompt caching reuses the processed prefix — system prompt, tool definitions,
stable examples — across calls. Cached reads are billed at roughly 10% of normal input
price; Anthropic charges about a 25% premium to write the cache, and OpenAl caches
automatically on prompts above 1,024 tokens. Structure prompts stable-first, volatile-last,
and typical agent workloads save 45-80% on input costs.
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CHAPTER 9 — COST ENGINEERING & API CREDIT OPTIMIZATION

°* Route — use a cascade — a small, cheap model handles classification, extraction and
easy replies; only low-confidence or high-stakes cases escalate. Budget-tier models in
2026 cost cents per million tokens (DeepSeek's V4-Flash class sits around $0.14 in / $0.28
out), one to two orders of magnitude below frontier pricing.

* Compress — the context-engineering toolkit from Chapter 5 — compaction thresholds,
scratchpads, just-in-time retrieval, trimmed tool outputs — directly cuts the tokens every
step re-sends.

* Batch + semantic cache — non-urgent work (nightly enrichment, report generation)
goes through batch APIs at 50% off; a semantic cache returns stored answers to
near-duplicate questions without any model call.

low confidence /
policy triggers
Small / cheap model Frontier model

Incoming task

classify - extract - easy replies reasoning-heavy minority

handles ~70-90% end-to-end

Figure 9.2 — The cascade: the cheap model is the workforce, the frontier model is the specialist.

- A worked example

A support agent handles 100,000 requests a month, averaging 8 steps, with a 5,500-token
stable prefix and ~1,200 volatile tokens per step on a frontier model at $3 per million input

tokens:
Stage What changes Monthly input cost
Baseline full prefix re-sent every step $16,080
+ Prompt caching prefix cached; reads at ~10% $4,460
+ Cascade routing 70% of requests stay on a budget model $1,720
+ Compression history compaction trims ~25% of volatile tokens $1,390

Numbers are illustrative but the shape is what teams report in production: the first two steps
do most of the work, and a 70-90% total reduction is a normal outcome for high-volume
agents — which is often the difference between a project that scales and one that gets shut
down.

typical input-cost saving from
prompt caching alone

discount on batch-API workloads total reduction from the full
stack at volume
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Anti-patterns

Caching highly personalised content — unique prefixes never get cache hits; you pay the
write premium for nothing.

Routing by length instead of difficulty — short questions can be hard; use confidence or a
learned classifier.

Compressing away the evidence — over-aggressive summarisation deletes the facts the
agent needs, and quality pays the bill.

Optimizing before measuring — without per-task tracing you will tune the wrong call site.
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Scaling, Reliability & Safety

An agent that is 95% right per step is 60% right after ten steps. This chapter is
about closing that gap — and making sure the failures that remain are cheap,
contained, and recoverable.

The compounding-error problem

Reliability in agents is multiplicative. At 95% per-step accuracy, a ten-step run succeeds
about 60% of the time (0.957~10 = 0.60); at twenty steps it drops toward a coin flip.
Production teams attack this from both sides: raise per-step accuracy (better tools, tighter
prompts, structured outputs) and cut the number of unchecked steps (checkpoints,
validations, early exits). Design for the math, not against it.

0.95°10 = 60% 40%+

ten 95%-reliable steps, compounded agentic projects Gartner expects cancelled by 2027

basic probability Gartner, 2025

Scaling the boring, proven way

Agents scale like any other workload once you make them stateless: workers pull runs from a
queue, every step reads and writes state in a store (the durable-execution pattern from
Chapter 6), and any worker can resume any run. From there the standard toolkit applies —
horizontal autoscaling, rate-limit-aware backpressure, and circuit breakers per provider.
Three agent-specific additions matter:

Budgets on everything — max steps, max tokens, max wall-clock, max spend per run.
A runaway loop should hit a wall in seconds, not show up on an invoice.

Idempotent tools — checkpoint IDs double as deduplication keys, so a retried step
cannot send two refunds or two emails.

Graceful degradation — when a provider or tool fails, the agent should fall back —
smaller model, cached answer, or a clean handoff to a human — rather than erroring out.

Security: prompt injection and the lethal trifecta

The defining security problem of agents is prompt injection: instructions hidden in content
the agent reads — a web page, an email, a PDF, a tool result — that the model treats as
commands. The highest-risk shape is what security researcher Simon Willison calls the lethal
trifecta: one agent that combines access to private data, exposure to untrusted content, and
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the ability to communicate externally. With all three, a poisoned input can exfiltrate
whatever the agent can read. No reliable model-level fix exists as of 2026, so the answer is
architectural: break the trifecta (does the email-reading agent really need outbound web
access?), and layer defenses so no single failure is fatal.

Inputs
sanitise, tag untrusted content, strip secrets
Model & prompt

system-prompt hygiene, spotlighting untrusted spans

Tools

least privilege, allowlists, sandboxed execution, read-only by default

Outputs

schema validation, moderation, no raw HTML/SQL pass-through

Humans & limits

approval gates for irreversible acts; token, time and spend budgets

Figure 10.1 — Defense in depth: every layer assumes the one above it can fail.
* Treat all retrieved content as data, never instructions — tag or 'spotlight' untrusted spans
so the model can tell them apart.

* Least-privilege tools: read-only by default, allowlisted domains and tables, sandboxed
code execution.

° Schema-validate every tool call and every output; reject rather than repair on policy
violations.

* Human approval gates on irreversible or high-value actions — payments, deletions,
external sends.

* Log every step with inputs and outputs; an agent you cannot audit is an agent you cannot
trust.

The capability budget

Write down, per agent: what it may read, what it may do, what it may spend, and who
approves the exceptions. If a capability is not on the list, the agent does not get it. Most
production incidents trace back to capabilities nobody remembered granting.
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Evaluation & Observability

Teams that measure improve; teams that demo stall. This chapter covers
tracing, the four kinds of evals, the metrics that predict production success, and
the weekly flywheel that ties them together.

Tracing: see every step

Observability for agents means capturing the full trajectory — every model call, tool call,
retrieval, token count and latency, linked per run. The 2026 tooling is mature: LangSmith
(deepest LangChain/LangGraph integration), Langfuse (open-source, self-hostable — a
common choice where data residency matters), and Arize Phoenix (strong eval tooling), all
converging on OpenTelemetry's GenAl conventions so traces flow into the monitoring stack
you already run. Instrument from day one: the traces are also the raw material for your eval
suite.

The four kinds of evals

Level Question it answers Example check

Unit did one capability work? given this email, is the extracted JSON exactly right?

Trajectory did the agent take sensible steps? searched before answering; no loops; < N steps

Outcome was the task actually completed? ticket resolved and customer confirmed, regardless of
path

LLM-as-judge how good is unstructured output? rubric-scored draft quality — calibrated against human
labels

Build the suite from reality, not imagination: harvest failed and excellent production traces
into labelled cases. Thirty real cases beat three hundred synthetic ones. Treat LLM-as-judge
scores with care — judges drift and flatter; spot-check them against human labels monthly.

Metrics that matter
Task success rate — outcome-level, the headline number — defined by your rubric, not
vibes.

Escalation rate — share of runs handed to a human. Falling escalation at stable quality
is the cleanest sign of real progress.

Steps and tokens per task — efficiency and a leading indicator of loops and confusion.

Cost per resolved task — the number finance asks about — success and spend in one
ratio.
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p95 latency — agents are slow by nature; know your tail before your users do.

The improvement flywheel

Trace
every production run
Gate Cluster
Cl blocks regressions group failures

ship weekly,
improve weekly

Fix Encode
prompts - tools - routing failures become evals

Figure 11.1 — Traces become evals; evals gate releases; releases generate better traces.
The loop runs weekly in healthy teams: review traces, cluster the failures, turn the clusters

into eval cases, fix prompts, tools or routing, and let Cl block any change that regresses the
suite. Canary new versions to a slice of traffic and compare metrics before full rollout —
agents are too stochastic for 'it worked on my machine'.

Pre-launch checklist

Before launch: eval suite = 30 real cases with a pass bar - tracing on 100% of runs -
budgets and kill-switch wired - escalation path staffed - rollback rehearsed - weekly
trace-review booked. Six lines that prevent most week-one incidents.
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PART IV

From Blueprint to
Business

Everything so far becomes real here: a method for designing an
agent around a specific use case, the documented results of teams
who shipped, and a 90-day playbook for going from idea to
measured pilot.
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Designing Custom Agents
for Your Use Case

There is no best agent — only the right agent for one workflow, one data reality,
and one risk appetite. This chapter is the design method: discovery, autonomy,
architecture mapping, and a spec you can hand to a builder.

Discovery: ten questions before any code

Most failed agent projects were lost before engineering began — wrong workflow, fuzzy
success criteria, or data that wasn't there. Run discovery as a working session with the
people who do the job today, and leave with written answers to:

What exact workflow, end to end? Walk a real example, not the org chart's version of it.
How often does it run, and what does each run cost today in time and money?

What does a failure cost — and is it reversible? (A wrong draft is cheap; a wrong payment
is not.)

Where does the knowledge live — systems, documents, or someone's head?
Which systems must the agent read or write, and do APIs exist?

What does 'done well' mean, measurably? This sentence becomes your eval rubric.
Who reviews, who approves, who gets the escalations?

What data may leave the building — and what must never? (Residency rules decide
architecture.)

What volume in 12 months if it works? Build for that, not for the demo.

Who owns the agent after launch — its prompts, evals, and weekly flywheel?

Pick the autonomy level deliberately

Autonomy is a dial, not a binary, and the right setting comes from failure cost and trust
earned — not ambition. Ship one level below where you think you belong, instrument
everything, and earn your way up with eval evidence.
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rising autonomy - rising blast radius — rising need for evals, budgets and audit

[ —

—
—

L2

Scripted Assist Approve Supervise Delegate Autonomous
automation drafts & suggestions; agent acts after explicit agent acts; human agent owns the task; agent owns the
no model in the loop human does the work human sign-off reviews samples & escalates by policy outcome end-to-end

exceptions

Figure 12.1 — The autonomy ladder. Most successful first deployments launch at L2-L3.

From answers to architecture

Discovery answers map almost mechanically onto the choices from Parts Il and lll:

Discovery finding Design consequence
Predictable process, steps known workflow with LLM steps, not a free agent Ch. 2
Open-ended, branching, agent loop; add planning + reflection Ch. 2

judgment-heavy

Multiple systems to touch MCP servers per system; typed tool contracts Ch. 4
Needs to remember users/cases scoped memory layer + write policy Ch. 5
over time

Pause for approvals; long-running durable execution, checkpoints, HITL gates Ch. 6
Strict data residency local/hybrid serving; self-hosted gateway & tracing Ch. 7-8
High volume, cost-sensitive caching + cascade routing from day one Ch. 9
Irreversible or high-value actions L2-L3 autonomy, approval gates, budgets Ch. 10
Quality disputes likely eval suite + tracing before launch, not after Ch. 11

Build, buy, or assemble

Buy a finished product when your workflow is genuinely commodity (generic meeting notes,
first-line IT FAQ) and differentiation doesn't matter. Build on frameworks plus your own
interfaces when the workflow is your business — your pricing logic, your service playbook,
your data. The middle path, assembling vendor agents behind protocol seams (MCP for tools,
A2A between agents), is increasingly the pragmatic default: buy the commodity edges, build
the differentiating core. Whatever you choose, the evals, budgets and audit trail are always
yours to own.
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Worked spec — a real-estate lead qualifier

A brokerage receives hundreds of portal and WhatsApp enquiries weekly; agents waste hours
on unqualified leads and respond slowly to good ones. Discovery says: high volume, modest
failure cost (a misrouted lead), bilingual audience, CRM is the system of record, response
speed is the KPI. The spec that falls out:

Objective — respond to every enquiry in under 2 minutes, qualify against budget / area /
timeline / financing, and book viewings for qualified leads.

Autonomy — L3 — messages send automatically; pricing commitments and complaints
escalate to a human within the same thread.

Pattern — router + single agent loop; no multi-agent topology needed at this volume.

Tools (via MCP) — CRM read/write, listings search, calendar booking, WhatsApp
Business send — each schema-validated, send-rate budgeted.

Memory — per-lead profile (facts + preferences) with 12-month decay; no cross-lead
recall by policy.

Models — budget model for classification and extraction; frontier model for
negotiation-tone drafting; prompt caching on the listing-policy prefix.

Evals — 40 labelled historical enquiries — qualification accuracy = 90%, zero pricing
commitments, Arabic quality spot-checked by a native speaker.

Success metric — median response < 2 min; = 25% more viewings booked per 100
enquiries within 8 weeks, at agreed cost per lead.

The one-page agent spec

One page, eight headings: Objective - Autonomy level - Pattern - Tools & data - Memory
policy - Models & cost plan - Eval set & pass bar - Owner & escalation path. If you cannot fill
all eight, you are not ready to build — you are ready for more discovery.
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Case Studies: What
Actually Happened

Documented deployments — including the course corrections — teach more
than any benchmark. Three global cases, the adoption numbers behind them,
and the patterns that translate to this region.

Klarna: scale, then the correction

The fintech's customer-service assistant became the reference case for agent ROI: within its
first weeks it was handling roughly two-thirds of support chats, doing work the company
equated to about 700-850 full-time agents, with resolution times falling from minutes to
seconds — and Klarna projected roughly $40-60M in annual profit improvement. The sequel
matters just as much: by 2025 the company publicly walked back its Al-only stance, rehiring
humans for complex and emotionally charged cases after quality complaints, and settling on
a hybrid model. The lesson is not that the agent failed — volumes stayed automated — but
that escalation paths and quality evals are part of the product, not an afterthought.

JPMorgan: a portfolio, not a pilot

The bank reports hundreds of Al use cases in production — spanning fraud detection,
payment validation, developer tooling and advisor copilots — under a heavily governed
platform approach: centralised model access, risk review per use case, and observability as a
requirement rather than an option. The pattern for any enterprise: treat agents as a
managed portfolio with shared infrastructure (gateway, tracing, evals), so the fiftieth agent
costs a fraction of the first.

Salesforce: the focused legal agent

A narrower, instructive case: an internal agent for contract review and routing that the
company credits with roughly $5M in annual savings. Nothing exotic — one well-bounded
document workflow, tight integration with the systems lawyers already use, and human
approval retained on judgment calls. Focused beats flashy: the highest-ROI agents in most
organisations look like this, not like a general assistant.

What the adoption data says
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CHAPTER 13 — CASE STUDIES: WHAT ACTUALLY HAPPENED

average ROI reported by US of deployed enterprises saw ROI average return per $1 invested
enterprises on agent initiatives within year one in genAl

Two more findings shape strategy. Sector-specific agents materially out-earn horizontal
assistants — Google Cloud's survey work puts top-quartile, domain-focused deployments at
multiples of generic ones, and analysts track domain agents as the fastest-growing segment.
And the failure data is equally loud: most 2025 proofs-of-concept never reached production,
and Gartner expects over 40% of agentic projects to be cancelled by 2027 — with unclear
KPIs and weak data quality, not model capability, as the leading causes. Everything in
Chapters 11 and 12 exists to keep you out of that statistic.

—— Patterns that fit this region

Across the Gulf, three agent shapes recur because they match local industry structure —
tourism, logistics and trade, retail and real estate — and a bilingual, WhatsApp-first customer
base:

Logistics — dispatch copilot Retail & real estate — lead

Tourism — guest concierge
reads orders & telematics; proposes & order desk

bilingual EN/AR on WhatsApp;

routes and load plans; flags qualifies enquiries, checks stock or
customs-document gaps before the listings, books viewings or confirms
truck moves orders; CRM-native

itineraries, bookings, visa & weather
FAQs; hands off to staff for complaints

Figure 13.1 — Three regional patterns. Each is an L2-L3, single-agent system with MCP tool seams.
All three share the same skeleton from Chapter 12's worked spec: modest autonomy, CRM or
TMS as the system of record, Arabic-English evals, and residency-aware deployment — which
is exactly why a portfolio of such agents can share one platform.
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The Road Ahead & Your
90-Day Playbook

Where the field is heading through 2027, what to bet on versus watch, and a
concrete twelve-week plan from idea to measured pilot.

Five trajectories worth planning around

Agents disappear into software — Gartner projects 40% of enterprise applications will
embed task-specific agents by the end of 2026, up from under 5% in 2025. 'Agent' stops
being a product category and becomes a feature of everything.

Protocols become plumbing — MCP under Linux Foundation governance, A2A for
cross-vendor delegation, and enterprise auth landing in both — integration moves from
bespoke code to configuration. Bet on the seams, not the frameworks.

Memory and learning mature — temporal knowledge graphs and self-editing memory
move from papers to defaults; agents that improve from their own traces become the
expectation.

Governance hardens — the EU Al Act's high-risk obligations phase in, UAE and Saudi
national Al programs formalise procurement standards, and audit trails shift from best
practice to license to operate.

The shakeout is real — the same analysts forecasting embedded agents forecast 40%+
project cancellations by 2027. The market punishes vague KPIs faster than weak models.

The 90-day playbook

Twelve weeks is enough to go from idea to a measured pilot — if scope stays narrow and
measurement starts on day one:

Weeks 1-2 Weeks 3-4 Weeks 5-8 Weeks 9-12

Choose & baseline LIS Evals & hardening Pilot & decide
prototype

pick one painful, measurable 30+ real eval cases; tracing, limited rollout vs. baseline;

thin slice with explicit steps;
real data; demo to the
people who do the job

workflow; capture today's
cost, time, quality

budgets, guardrails; cost weekly flywheel; scale,
pass (cache + route) iterate, or stop honestly

Figure 14.1 — Four phases, one workflow, honest numbers at the end.
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The decision at week twelve is the whole point: scale it, iterate it, or stop it — based on the
baseline you captured in week one. Teams that skip the baseline can never prove the win,
and unprovable wins get cancelled in the next budget cycle.

Ten principles to keep
Start with the workflow, not the technology — and pick one that is painful, frequent, and
measurable.

Use the simplest pattern that works; graduate to agents, then multi-agent, only when
evals demand it.

Own your interfaces, prompts and evals; rent everything else.
Put protocol seams (MCP, A2A) wherever you may want to swap parts later.

Treat memory as an engineered subsystem with a write policy — not a big context
window.

Design for the error math: budgets, checkpoints, idempotent tools, human gates on
irreversible acts.

Make cost a design input: cache, route, compress — measured per task.
Keep data residency a first-class requirement, not a deployment afterthought.
Trace everything; turn failures into eval cases weekly.

Earn autonomy with evidence — ship at L2-L3 and let the data raise the dial.

The teams that win with agents are not the ones with the best model.
They are the ones with the clearest workflow, the honest evals, and the
discipline to ship small and measure.
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Framework Quick

Reference

One page to shortlist by. Pair with the decision guide in Chapter 3 and confirm
with a two-day prototype on your own workload.

Pick this When

LangGraph complex branching, audits, pause/resume, durable
state

LangChain fast prototyping, big integration surface

CrewAl process maps cleanly to roles (research —» write -

review)
OpenAl Agents SDK

Claude Agent SDK
sub-agents

Google ADK
estate

Pydantic Al

smolagents

ecosystem
MS Agent Microsoft / .NET estates; SK + AutoGen successor
Framework
AG2 conversational multi-agent research and dialogues

Llamaindex

Haystack

all-in on OpenAl; want speed and clean tracing

desk-work agents: coding, files, terminal,

multi-agent hierarchies; native A2A; Google Cloud

type-safety, testability, production validation first

minimal code-acting agents; research; HF

document-centric agents and agentic RAG

production search + RAG pipelines with agent steps

Mind the

learning curve; graph thinking
required

abstraction churn; graduate to
LangGraph

role overhead on simple linear tasks

vendor coupling

Anthropic-centric by design

assumes Google tooling

smaller ecosystem than the giants

code execution needs sandboxing

newest of the set; migration from
SK/AutoGen ongoing

community fork; check maintenance
fit

less suited to general orchestration

pipeline mindset, not free-form
autonomy

Low-code tier (n8n, Dify, Copilot Studio) fits linear, low-risk internal automations.
TypeScript-first teams: Mastra. And for many production systems the honest answer remains
~100 lines of your own loop (Chapter 2) plus MCP tools — add a framework when you feel

the ceiling, not before.

Framework Quick Reference
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Glossary

Working definitions as used in this book.

A2A (Agent2Agent) — open protocol for discovery and delegation between independent
agents; Agent Cards describe capabilities.

Agent — an LLM that directs its own tool use in a loop toward a goal, within budgets and
policies.

Agentic RAG — retrieval where the agent decides what to fetch, when, and whether to
search again.

Cascade / routing — sending each task to the cheapest model likely to succeed,
escalating on low confidence.

Checkpoint — persisted run state allowing pause, resume, retry, and human approval
gates.

Context engineering — deciding what enters the model's window each step:
compaction, scratchpads, JIT retrieval.

Context window — the model's working set per call — finite, priced per token, and not
memory.

Durable execution — running agents as resumable state machines so crashes and waits
don't lose work.

Eval (evaluation) — a repeatable test of agent behaviour: unit, trajectory, outcome, or
LLM-as-judge.

Function / tool calling — the model emitting structured arguments for code your
system executes.

Guardrails — input/output validation, policy checks and budgets wrapped around model
behaviour.

HITL (human-in-the-loop) — a person approves, samples, or receives escalations from
the agent.

Idempotency — designing actions so a retried step cannot apply twice (no double
refunds).

Lethal trifecta — private data + untrusted content + external comms in one agent —
the prompt-injection worst case.

LLM-as-judge — using a model to score outputs against a rubric; calibrate against
human labels.

MCP (Model Context Protocol) — open standard connecting agents to tools, resources
and prompts via client-server.
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Memory (agent) — engineered long-term store — working, episodic, semantic,
procedural — with write policies.

Multi-agent system — several agents coordinating via supervisor, pipeline, network, or
hierarchy topologies.

Orchestration — the control layer sequencing steps, agents, tools, and approvals.

Prompt caching — provider-side reuse of a processed prompt prefix; reads bill at a
fraction of input price.

Prompt injection — instructions hidden in content the agent reads, treated as
commands.

Quantization — compressing model weights (e.g. 4-bit) to cut memory and speed up
inference at small quality cost.

ReAct — the reason-act-observe loop pattern underlying most single-agent designs.

Semantic cache — answering near-duplicate requests from stored responses without a
model call.

Trace / trajectory — the recorded sequence of model calls, tool calls and results for one
run.
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The Builder's Checklist

Print this. Every line maps to a chapter; every production incident maps to a
skipped line.

Before you build
One workflow chosen — painful, frequent, measurable (Ch. 12).
Baseline captured: today's cost, time, quality (Ch. 14).
One-page spec complete: all eight headings filled (Ch. 12).
Workflow-vs-agent decision made consciously (Ch. 1-2).

Autonomy level set one notch conservative (Ch. 12).

Architecture
Own interfaces wrap every framework and vendor call (Ch. 7).
Gateway in place; fallback chain configured; model versions pinned (Ch. 7).
Tools typed, least-privilege, idempotent; MCP seams where parts may swap (Ch. 4, 10).
Memory has scopes, a write policy, and decay (Ch. 5).
Long-running runs are durable: checkpoints + resumability (Ch. 6).

Residency decided: cloud, local, or hybrid router (Ch. 8).

Cost
Per-task cost tracing live before tuning (Ch. 9, 11).
Prompt caching on stable prefixes; prompts ordered stable-first (Ch. 9).

Cascade routing for high-volume paths; batch API for non-urgent jobs (Ch. 9).

Safety & reliability
Budgets on steps, tokens, time and spend per run (Ch. 10).
Untrusted content tagged as data; trifecta broken by design (Ch. 10).
Schema validation on every tool call and output (Ch. 10).
Human gates on irreversible or high-value actions (Ch. 10).
Kill-switch and rollback rehearsed (Ch. 11).

Launch & operate
Eval suite = 30 real cases with a pass bar wired into CI (Ch. 11).
Tracing on 100% of runs; dashboards for success, escalation, cost, p95 (Ch. 11).
Canary rollout vs. baseline; weekly trace-review booked (Ch. 11, 14).

Owner named for prompts, evals and the flywheel (Ch. 12).

The Builder's Checklist
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Week-12 decision scheduled: scale, iterate, or stop (Ch. 14).

The Builder's Checklist
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Sources & Further Reading

The research and reporting this handbook draws on. Figures are as published by
each source for the periods indicated; paraphrased throughout.

Frameworks & engineering practice

Uvik, 'Python Al Agent Frameworks in Production' (2026) — twelve-framework field survey
across client engagements.

Anthropic, 'Building Effective Agents' and the multi-agent research system write-up —
workflow patterns, orchestrator-worker findings.

12-Factor Agents (open-source methodology) — portability and ownership principles.

Protocols

Model Context Protocol — specification, official registry statistics (May 2026), and 2026
roadmap notes; Linux Foundation / Agentic Al Foundation governance announcements.

Stacklok, 'State of MCP in the Enterprise' survey (2026) — production-adoption figures.

Google, Agent2Agent (A2A) launch materials (April 2025) and ADK documentation; IBM
ACP notes.

Memory

MemO research paper (ECAI 2025; arXiv:2504.19413) — LOCOMO benchmark
comparisons and token-cost analysis.

Zep/Graphiti technical rebuttal and corrected LOCOMO results — read alongside the
above; the dispute itself is instructive.

Letta (MemGPT), LangMem, and Cognee documentation.

Economics & adoption

Anthropic and OpenAl prompt-caching documentation and pricing pages — caching
mechanics and discounts.

Google Cloud / KPMG enterprise agent ROl survey (2025); Landbase ROI study (2025);
IDC/Microsoft genAl returns research.

Gartner agentic-Al forecasts (2025) — embedded-agent projection and cancellation-rate
warning.

Klarna public statements and subsequent reporting (2024-2025); JPMorgan and Salesforce
public disclosures on production Al portfolios.

Local inference & security

Ollama, llama.cpp, VLLM and LM Studio documentation — hardware sizing, context
defaults, serving throughput.
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Simon Willison's writing on prompt injection and the lethal trifecta; OWASP LLM Top 10.

OpenTelemetry GenAl semantic conventions; LangSmith, Langfuse, Arize Phoenix
documentation.

All trademarks belong to their owners. Statistics reflect sources published up to mid-2026
and will age; re-verify before citing onward.
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Build agents that survive contact
with production.

Frameworks, protocols, memory, orchestration, portability, local
deployment, cost engineering, safety, evaluation — and a 90-day path
from idea to measured pilot. Fourteen chapters of field-tested practice for

teams that intend their agents to last.

ElephantClock
Automate Your Business with Al Agents, Bots & Apps

World Trade Center, Abu Dhabi, UAE
info@elephantclock.ae - elephantclock.ae
+971 50 702 2916 - +971 2 644 6233

Al agents, chatbots and custom apps for tourism, logistics, retail and real estate.

© 2026 ElephantClock — elephantclock.ae
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