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Preface to Volume 2

Volume 1 of this book built a foundation: the Forward Deployed Engineer

role, the software engineering habits that survive contact with real

customers, the three major clouds, data platforms, and the core of applied

AI — models, prompting, retrieval, and document understanding. By its last

chapter, Acme had an AI assistant in production that answered support

questions with citations, respected permissions, and cost what the

business had agreed to pay.

This volume is about what comes next, and it is where most of the hard,

interesting work now lies. An assistant answers questions. An agent

pursues a goal: it decides what to look up, calls tools, drafts responses, and

— when it has earned the right — takes actions in the systems a business

depends on. That shift changes almost everything about how AI systems

must be engineered. Evaluation has to measure behavior across many

steps, not single answers. Every tool an agent can call becomes part of the

security boundary. Autonomy has to be granted deliberately, measured,

and taken back when needed. And the systems agents connect to — CRMs,

order systems, decades-old databases — have to be exposed in ways that

are safe, governed, and maintainable.

What this volume covers

Part V — Building Agents covers AI application architecture and

evaluation, the fundamentals of agents, the frameworks used to build

them, the agent platforms offered by AWS, Microsoft, and Google, how to

operate fleets of agents reliably, and how to design human oversight and

bounded autonomy.

Part VI — MCP and the Connected Enterprise is devoted to the Model

Context Protocol, the open standard that has become the common way to

connect AI applications to tools and data. It explains the protocol, how to

build servers and clients, how to secure them with modern identity and

authorization, how to integrate real enterprise systems, and how to run

many MCP servers at scale.
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Part VII — Enterprise AI Architecture steps back to the organization: the

platforms and control planes that let an enterprise run many AI systems,

the security discipline needed to defend them — especially against prompt

injection — and the governance, risk management, and regulation that

increasingly shape what can be deployed.

Part VIII — The FDE in the Field turns to the craft itself: discovery,

working inside customer environments, prototypes and proof of value,

delivery and handover, communication and leadership without authority,

and building a career. It ends with a capstone that follows Acme's

engagement from the first conversation to production.

Reading this volume

If you have read Volume 1, you can continue directly; the Acme story picks

up where it left off. If you are starting here, you will find frequent

references to Volume 1 chapters where a concept was introduced —

identity and OAuth in Chapter 7, observability in Chapter 16, cost in

Chapter 17, AI foundations in Chapter 19, prompting and serving in Chapter

20, and retrieval in Chapter 21 are the ones this volume leans on most. An

experienced engineer can follow this volume on its own and dip back into

Volume 1 as needed.

A note on a fast-moving field

Agents and the protocols around them are changing faster than any other

part of this book's subject. Frameworks gain and lose favor, cloud platforms

add capabilities every few months, and the Model Context Protocol

specification continues to evolve. I have tried to teach the durable ideas —

the agent loop, the separation of judgment from control, least privilege for

tools, evaluation as the basis for trust, autonomy granted in steps — and to

present specific products as current examples of those ideas. Where a

detail matters for your work, confirm it against current documentation.

As in Volume 1, I used AI tools extensively in writing this book, and every

chapter was reviewed, reshaped, and verified by me. Building the book this

way was itself a small exercise in the subject of this volume: a capable AI

collaborator, clear boundaries, and a human accountable for the result.

I hope this volume helps you build agents that people trust — not because

they are impressive, but because they are measured, bounded, and well

engineered.
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Neeraj Bhatyal

New York, 2026
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How to Use This Book

Who this volume is for

This volume is written for software engineers, data engineers, architects,

and technical leaders who build or plan to build AI applications and agents

for real organizations — and for anyone preparing for Forward Deployed

Engineer work. It assumes you are comfortable with programming, APIs,

cloud basics, and the AI foundations covered in Volume 1: tokens and

context windows, prompting and structured outputs, tool use, and

retrieval-augmented generation. Where a chapter depends on earlier

material, it tells you where to find it.

Ways to read it

From start to finish. Parts V to VIII build on each other, and the Acme

story runs through them in order, ending with the capstone in Chapter

43.

By need. About to build an agent? Read Chapters 23 to 25, then 28.

Connecting agents to enterprise systems? Chapters 29 to 33. Facing a

security or risk review? Chapters 31, 35, and 36. Starting a new

engagement? Begin with Chapter 37.

As a field reference. Appendix A is a quick reference for agents and

MCP, Appendix B collects the production readiness and review

checklists, and Appendix C provides templates for agent design,

evaluation plans, autonomy changes, risk assessments, incident reviews,

and handover.

How each chapter is organized

Every chapter follows the same structure as in Volume 1:

1. Opening scenario. A moment from the Acme engagement that frames

the chapter's problem.

2. Core concepts. The ideas explained in plain language, with diagrams,

tables, and short code examples.

3. Field Notes. Prompts that connect the chapter to your own work.
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4. Hands-on exercise. A practical task you can complete with open-source

tools or a sandbox cloud account.

5. Checklist and summary. A checklist for real work and a summary of the

chapter's key points.

Acme and Priya, continued

In Volume 1, Priya, a Forward Deployed Engineer, helped Acme — a

fictional company that sells and services industrial equipment in more

than forty countries — put an AI support assistant and a document

processing pipeline into production. In this volume, Acme moves from

assistants to agents: a Case Triage Agent that gathers context and

proposes actions for 600 support agents, then a Warranty Agent and a

Field Service Scheduling Agent. Along the way, Acme exposes its systems

through MCP servers, faces a prompt-injection attempt, establishes AI

governance, and gradually grants its agents more autonomy. A few

colleagues appear regularly: Elena Vasquez, VP of Customer Support and

the project's sponsor; David Okoro, the CISO; Marcus Chen, who leads

platform engineering; and Ana Lima, a senior support agent who becomes

the product's champion. All of them, and Acme itself, are fictional.

Conventions

Text in monospace  indicates commands, code, file names, and identifiers.

Code is written in Python unless stated otherwise and is shortened for

clarity; it illustrates patterns rather than providing production-ready

implementations. Three kinds of boxes appear throughout:

KEY  IDEA

A principle worth remembering after you have forgotten the details.

FDE  T IP

Practical advice for working in customer environments.

F IELD  NOTES

A prompt to connect the chapter to your own work.
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Exercises, costs, and safety

The hands-on exercises use open-source frameworks, local tools, and the

free tiers of cloud providers wherever possible. Model API calls cost

money, and agents can make many calls quickly: set spending limits and

budget alerts before you begin, cap the number of steps your agents may

take, and clean up resources when you finish. Never give an exercise agent

access to real customer data, production systems, or credentials with

write permissions.
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AI Application
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The Model That Won the Demo

The new model version arrived on a Monday, and by Wednesday everyone

at Acme had an opinion about it. A product manager ran a dozen support

cases through it in a chat window and shared the results in Teams. The

case summaries were crisper and the tone was warmer. Elena Vasquez, VP

of Customer Support, asked the question every sponsor asks: "Can we

switch this week?"

A year earlier, the answer would have depended on who argued most

confidently. Now it depended on a pipeline. Priya opened a pull request

that changed one line — the model identifier in the case-summary

configuration — and let the release gate run. The evaluation suite, which

had started as 150 hand-labeled cases in Volume 1, now held 620 cases in

four sets. Twenty minutes later the gate failed. Overall summary quality,

scored by a calibrated judge, was up from 4.1 to 4.3 out of 5. But safety-flag

recall — how often the summary flags a gas, electrical, or water hazard

that the case mentions — had dropped from 0.98 to 0.91. The gate's

threshold was 0.97.

Priya pulled the nine failing cases. In each one, the hazard was mentioned

indirectly: "customer noticed a smell near the intake," "breaker tripped

twice when the unit started." The old model flagged these; the new one,

more fluent and concise, smoothed them away. None of the demo cases

had contained an indirect hazard. A technician walking into a room with a

gas leak does not care how warm the summary's tone was.

The fix took two days: a prompt adjustment for the new model, eleven new

edge cases written by Ana Lima from her own experience of how

customers describe hazards, and a second gate run that passed at 0.98

recall. The model shipped the following week — first in shadow mode, then

to everyone. Elena got her upgrade. She also stopped asking whether a

change "looked better" and started asking what the gate said.

KEY  IDEA

An AI application is only as trustworthy as its evaluation. Choose the simplest
architecture that solves the problem, and make a versioned evaluation suite
— built from real data and run on every change — the gate through which
every prompt, model, and tool change must pass.
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23.1 Common AI Application Patterns

Volume 1 built Acme's support assistant from parts: prompts and

structured outputs (Chapter 20), retrieval (Chapter 21), and document

extraction (Chapter 22). Before moving on to agents, it is worth naming the

shapes those parts assemble into. Almost every enterprise AI application is

one of six patterns, or a combination. Figure 23.1 arranges them by how

much control they hand to the model.

Higher on the page = more cost, latency, risk, and evaluation effort

Single call

prompt → answer

Chain

fixed steps

RAG

search + answer

Router

pick a path

Tool assistant

calls tools

Agent

goal-driven loop

control flow fixed in code control flow chosen by the model

more autonomy and flexibility

Figure 23.1 — Six AI application patterns. Moving right hands more decisions to the
model, which buys flexibility at the price of cost, latency, unpredictability, and evaluation
effort. The dashed line marks the point where the model, not your code, starts choosing
what happens next.

Single call. One prompt, one response, often with a structured output:

classifying urgency, summarizing a case, extracting fields from an email.

Cheap, fast, easy to evaluate — and enough for more problems than

people expect.

Chain or workflow. Several model calls and ordinary functions in a fixed

sequence written in code: extract fields, look up the customer, then

draft a reply using both. The path is decided by the developer; the model

fills in steps.

Retrieval-augmented generation (RAG). A specific, very common chain:

search an index, then answer from what was found, with citations

(Chapter 21). Acme's support assistant is a RAG application.

Router. A classification step — by a model or by rules — sends each

request down one of several paths: warranty questions to the warranty

workflow, parts questions to the catalog, everything else to RAG.
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Routers also choose models, sending easy requests to a small, cheap one

(Volume 1, Chapter 17).

Tool-using assistant. The model is given a set of tools (Chapter 19) and

decides, turn by turn, whether to call one — look up an order, check

stock — before answering a person. A human drives the conversation;

the model chooses tools within each turn.

Agent. The model works toward a goal in a loop: it plans, calls tools,

observes the results, and decides what to do next until it judges the goal

met or a limit is reached. Chapter 24 covers agents in depth.

The patterns combine freely: a router may send some requests to a RAG

chain and others to an agent, and an agent may use RAG as one of its tools.

Naming them forces a deliberate choice about where the model makes

decisions.

23.2 Choosing the Simplest Pattern That Works

Customers often arrive asking for "an agent." Sometimes they need one;

more often the problem is a workflow with one or two steps that need

judgment, and the most valuable thing an FDE can do is say so. Every step

to the right in Figure 23.1 adds failure modes: more model calls that can

each go wrong, longer and less predictable latency, higher token cost, and

a much larger space of behaviors to test. An agent that decides its own

path can take a path nobody evaluated.

Table 23.1 — Choosing an application pattern

Pattern Use when Main risks Acme example

Single call One well-defined
transformation of the
input

Format drift; silent
errors

Case summary;
urgency label

Chain Steps are known and
stable

Errors compound
across steps

Warranty claim
extraction and checks

RAG Answers need private,
current, citable content

Wrong or missing
passages

Technician support
assistant

Router Requests fall into distinct
types

Misrouting; unseen
types

Email intake: warranty,
parts, fault

Tool assistant A person needs live data
in a conversation

Wrong tool or
arguments

Agent desk: "where is
my order?"

Agent The path is unknown until
work begins

Loops, cost, unsafe
actions

Case Triage Agent
(Chapter 24)
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Work through four questions in order. Can the steps be written down in

advance? If a support lead can draw the process as a flowchart, build the

flowchart in code and use the model only inside boxes that need language

understanding. Does the answer depend on private or current knowledge?

Add retrieval or tools. Do requests vary enough to need different handling?

Add a router. Is the number and order of steps genuinely unknowable until

the work begins — investigating an unusual fault across cases, manuals,

telemetry, and contracts? Only then consider an agent, and bound it

carefully.

Record the choice and its reasoning in an architecture decision record

(Volume 1, Chapter 3). The principle from that chapter — use AI for

judgment, deterministic code for control — applies directly: the further

right you go, the more important it becomes to wrap the model's choices

in code that enforces limits.

23.3 The Layers of a Production AI Application

A prototype is a prompt and a model. A production application, whatever

its pattern, has the layers shown in Figure 23.2. Knowing them helps you

find the right place for each piece of logic, and spot what a customer's

prototype is missing.

User interface Teams app · web console · API · email intake

Orchestration workflow or agent loop · state · versioned prompts

Context and retrieval

RAG · memory · permissions

Tools

MCP servers · APIs · actions

Model gateway routing · quotas · caching · keys · logging

Models hosted APIs · cloud platforms · self-hosted

Guardrails

input

checks

output

checks

action

limits

Evaluation

+ tracing

traces

eval runs

feedback

cost

alerts

Guardrails and evaluation cut across every layer rather than sitting at one point in the stack.

Figure 23.2 — Layers of a production AI application. Requests flow down from the
interface through orchestration, context, and tools to the model gateway and models.
Guardrails and evaluation with tracing are cross-cutting: they observe and constrain every
layer.
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User interface. A Teams chat, a case-console panel, an API, an inbox.

Good AI interfaces show sources, make uncertainty visible, and make

output easy to correct or reject.

Orchestration. The chain, router, or agent loop, with its state and

versioned prompts. Most application logic lives here, and so do the

frameworks of Chapter 25.

Context and retrieval. Everything that assembles what the model sees,

filtered by the user's permissions first (Volume 1, Chapters 20 and 21).

Tools. The functions and services the model can call. At Acme these are

increasingly exposed as Model Context Protocol (MCP) servers, the

subject of Part VI.

Model gateway and models. One internal entry point to all models —

hosted, on platforms such as Amazon Bedrock, or self-hosted —

handling credentials, routing, quotas, caching, and logging (Volume 1,

Chapter 20). It lets you change models by configuration, which is what

makes a release gate on model changes possible.

Guardrails. Checks on inputs (prompt injection, personal data, off-topic

requests), outputs (schema, policy, grounding), and actions (permissions,

limits, approvals). Chapter 35 covers them in depth.

Evaluation and observability. Traces, evaluation runs, feedback, cost,

and alerts. Chapter 27 covers observability; the rest of this chapter

covers evaluation.

Walk down these layers when you review a customer's prototype. The

usual finding is an interface, a prompt, and a model — no gateway, no

guardrails, no evaluation. That gap, not the model, stands between the

prototype and production.

23.4 Why Evaluation Is the Core Discipline

Conventional software has specifications, deterministic outputs, and tests

that point at bugs. AI components break each assumption. Outputs vary

from run to run. The "specification" is a paragraph of intent ("a useful

summary for a technician"). The same prompt behaves differently on a new

model version, and improvements on one kind of input quietly cause

regressions on another. Many outputs have no single correct answer.



Chapter 23 · AI Application Architecture and Evaluation

9

Evaluation — systematically measuring an AI system's behavior against a

representative set of inputs and explicit quality criteria — is the

engineering response. It does three jobs at once. It is the specification: an

evaluation set with labeled expectations is the most precise statement

anyone will ever write of what the system should do. It is the test suite: it

tells you whether a change made things better or worse, and where. And it

is the evidence: it turns stakeholder debates about whether the system is

"good enough" into conversations about numbers and examples.

Evaluation is not a phase at the end of a project. It is a loop that runs for

the life of the system, fed by production, as Figure 23.3 shows.

Production

traces + feedback

Find failures

triage + cluster

Label cases

experts + rubric

Make a change

prompt · model · tool

Release gate

eval run in CI

Ship carefully

shadow · canary · A/B

Versioned eval suite

cases · rubrics · graders addsscores

Figure 23.3 — The evaluation loop. Production traces and feedback reveal failures;
experts label them into new cases; every change is scored against the suite before
release; releases are rolled out carefully and observed in production. The suite grows with
the system.

23.5 Building Evaluation Sets From Real Data

An evaluation set is a collection of cases: an input, any context the system

needs, and the expectation the output is graded against — a reference

answer, a label, facts that must appear, or a rubric. Everything downstream

depends on whether the cases resemble what the system will really see.

Start from real inputs

Questions written by the project team are biased toward what the team

already understands. Real inputs — past cases, search logs, emails —

contain the abbreviations, typos, mixed languages, and odd requests

production will bring. Priya sampled closed cases from the gold
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support.case_resolutions  data product, stratified by region, product

family, and case length so rare but important groups were not crowded

out. Model-generated variations can fill gaps, but should be reviewed by a

person and labeled as synthetic.

Four kinds of cases

A mature suite combines four kinds of cases, as shown in Figure 23.4, and

tracks them separately because they answer different questions.

Golden set

340 cases

representative real cases

expert-written references

Is it good on

typical work?

Edge cases

150 cases

long, multilingual, partial

indirect hazard wording

Does it hold up on

hard inputs?

Adversarial

90 cases

injected instructions

abuse, out-of-scope asks

Does it stay safe

under attack?

Regression

40 cases

one or more per incident

never deleted

Did an old failure

come back?

Every case is tagged by slice

language · product family · region · case length · risk level — so results can be read per group

Figure 23.4 — Composition of Acme's case-summary evaluation suite. Golden cases
measure typical quality; edge and adversarial cases probe weaknesses; regression cases
make sure past incidents stay fixed. Slice tags let the team see whether an average hides a
group that is getting worse.

Golden set. Representative real inputs with expected outputs approved

by subject-matter experts.

Edge cases. Rare, important, or difficult inputs: very long or multilingual

cases, missing information, and — after the opening story — indirectly

described hazards. Ask experienced people such as Ana Lima: "What do

customers say that confuses new agents?"

Adversarial cases. Inputs designed to cause misbehavior: instructions

hidden in a customer email, requests for other customers' data, abuse.

Chapter 35 grows this into red teaming.

Regression cases. Every production incident, like the H-400 wrong-

manual question in Volume 1, becomes a permanent case that should

always pass.

Labels, size, and hygiene

Domain experts should write expected outputs, following guidelines so

two experts would label a case the same way. Where possible, label

checkable facts rather than whole reference texts: "must mention the E-217
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error code," "must flag an electrical hazard," "must not promise a delivery

date." These are easier to grade reliably than similarity to a reference.

Fifty well-chosen cases catch gross problems early; a few hundred let you

compare versions with reasonable confidence. Small differences need

more cases than people expect: on 100 cases, a move from 90% to 92% is

two cases and may be noise. Report results per slice, with the case count

next to every percentage.

Treat the suite as a governed data asset: version it with the code, apply the

source data's access controls (it contains customer information), and keep

a held-out portion that prompt authors never see, so prompts are not

tuned to the test. A case in Acme's suite looks like this:

{"id": "cs-edge-0117",

 "set": "edge",

 "slices": {"lang": "pt-BR", "family": "compressor",

            "risk": "safety"},

 "input": {"case_id": "C-2025-88412"},

 "expect": {

   "equipment_model": "H-400",

   "must_flag": ["gas"],

   "must_mention": ["odor near intake",

                    "unit restarted twice"],

   "must_not": ["part numbers", "delivery dates"]},

 "source": "incident INC-3317; labeled by A. Lima",

 "added": "2026-03-02"}

23.6 Metrics by Task Type

The right metric depends on what the system does. Choose metrics before

running experiments, and choose ones a business owner can understand —

"safety-flag recall" means something to Elena; "mean ROUGE-L" does not.

Table 23.2 summarizes common choices.

Four practices make metrics trustworthy. First, pair metrics that pull in

opposite directions: recall with precision, harmful-output rate with over-

refusal rate, quality with cost. Optimizing one alone produces systems that

flag everything or refuse everything. Second, name a few metrics as gates

and treat the rest as diagnostics; Acme gates on safety-flag recall,

required-fact coverage, schema validity, and regression pass rate. Third,

run noisy cases more than once — three to five runs per case for
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generative outputs — and look at the spread, not just the mean. Fourth,

read the failures: a score says something changed; only the failing outputs

say why.

Table 23.2 — Evaluation metrics by task type

Task type Typical metrics Usual grader

Classification,
routing

Accuracy; precision and recall per
class; confusion matrix

Code, against labels

Extraction Field-level exact match or F1;
schema validity

Code, with normalization

Summarization Required facts present; no
unsupported facts; rubric score

Code for assertions; judge for
rubric

RAG question
answering

Retrieval recall@k; faithfulness;
correctness; citation accuracy;
abstention

Code plus calibrated judge

Open-ended
generation

Rubric scores; pairwise preference
against a baseline

Judge, sampled human review

Tool use and
agents

Task success; correct tool and
arguments; steps, cost, policy
violations

Code on traces; judge for
outcome

Safety Attack success rate; harmful output
rate; over-refusal rate

Code, classifiers, human review

Operational Latency percentiles; tokens and
cost per task; error rate

Code, from traces

Agents need one extra idea: grade both the outcome (was the case correctly

triaged?) and the trajectory (sensible tools, in a sensible order, within

budget and policy?). Outcomes tell you whether it works; trajectories tell

you whether it works for the right reasons at an acceptable cost — Chapter

24 shows why that matters.

23.7 Graders: Code, Humans, and LLM Judges

A grader is whatever decides whether an output meets its expectation.

There are three kinds, and good suites use all of them, each where it is

strongest.

Code-based graders

Code-based graders are deterministic checks: does the output match the

schema; is the required fact present; does every citation refer to a supplied

source; did the agent call draft_reply  before get_case ? They are fast,
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free, and repeatable. Use them for everything they can check, and design

outputs — structured fields, assertion-style expectations — so that more

can be checked by code.

Human review

People remain the reference standard for nuanced quality, such as whether

a summary would actually help a technician. Human review is slow and

expensive, so use it to label the golden set, calibrate judges, sample

production traffic, and settle disagreements. Give reviewers a written

rubric with concrete descriptions of each score level, and measure inter-

rater agreement — how often two reviewers give the same score. If

experts disagree with each other, the rubric is unclear, and no automated

judge can do better than the humans it imitates.

LLM-as-judge

An LLM judge is a model prompted to grade another model's output. It

makes rubric grading affordable at scale. It comes in three forms. Pointwise

judging scores one output against a rubric. Reference-based judging

compares an output to an expert's reference. Pairwise judging shows two

outputs — say, from the current and a candidate prompt — and asks which

is better; it is often more reliable than absolute scores, because comparing

is easier than scoring.

Judge prompts work best when they grade one criterion at a time, use

pass/fail or small scales with written definitions, ask for evidence before

the verdict, and return structured output. Research and practice have

documented several judge biases: position bias (favoring whichever answer

comes first in a pairwise comparison), verbosity bias (favoring longer

answers), self-preference (favoring outputs from its own model family), and

leniency (rating most outputs as acceptable). Mitigations are

straightforward: run pairwise comparisons in both orders and count only

consistent verdicts; tell the judge length is not a virtue; use a different

model family as judge where practical; and prefer pass/fail checks to five-

point scales.
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You are grading a support-case summary written for a

field technician. Use only the case text and rubric.

Rubric (score each item PASS or FAIL):

1. hazards: every gas, electrical, or water hazard in

   the case appears in safety_flags, including hazards

   described indirectly ("a smell near the intake").

2. grounded: every statement is supported by the case.

3. actionable: open_questions name what the technician

   must confirm on site.

First quote the evidence for each item, then give the

verdict. Return JSON:

{"hazards": {"evidence": "...", "verdict": "PASS"},

 "grounded": {...}, "actionable": {...}}

1 · Sample 200 outputs

across slices and versions

2 · Two experts label

same rubric; resolve disagreements

3 · Judge labels the same

fixed prompt, model, settings

4 · Compare and decide

agreement high enough to trust?

no → revise rubric or judge, repeat 3–4

Judge biases

Position

prefers first answer

Verbosity

prefers longer answers

Self-preference

prefers its own family

Leniency

passes too much

→ swap order; pass/fail

"hazards" check, 200 outputs

human verdict

PASS FAIL

judge

PASS

judge

FAIL

161 4

7 28

agreement 189 / 200 = 94.5%

4 missed hazards → reviewed

Figure 23.5 — Calibrating an LLM judge against people. Experts and the judge label the
same sample; the agreement matrix shows where they differ. The four outputs the judge
passed but experts failed are the dangerous cell for a safety check, and each one is
studied before the judge is trusted. The numbers are illustrative.

Above all, a judge must be calibrated before its scores are trusted, as

Figure 23.5 shows. Experts label a sample; the judge labels the same

sample; you measure agreement — simple percentage agreement, and a

chance-corrected statistic such as Cohen's kappa — and look closely at the

disagreements. For a safety check, the cell that matters most is "judge

passed, human failed." If agreement is too low, refine the rubric or judge

prompt, or use a stronger judge model, and repeat. Pin the judge's prompt,

model version, and settings, and re-calibrate when any of them change.

Then keep spot-checking a small monthly sample by hand.
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FDE  T IP

Before building any automated grader, sit with two domain experts and

have them grade twenty outputs independently. Their disagreements are

the most valuable hour of the project: they reveal what "good" actually

means to the business, and they become the first draft of your rubric.

23.8 Offline and Online Evaluation

Offline evaluation runs the system against a fixed suite before release. It is

repeatable and safe, but the suite is a sample of the past: it cannot reveal

unanticipated inputs or how real users react.

Online evaluation measures the system on live traffic. Its signals include

explicit user feedback (thumbs up or down, corrections, "this was wrong"

reports), implicit behavior (did the agent send the drafted reply, edit it

heavily, or discard it?), business outcomes (time to resolve, reopened

cases), and automated graders running on a sample of production traces.

Online results are realistic but noisy and slow. Three techniques reduce

the risk of trying a change on real traffic:

Offline — fixed suite, no users Online — real traffic, growing exposure

Pull request

prompt · model · tool

CI eval gate

full suite

Shadow

0% users see it

Canary / A/B

5–50% of users

Full rollout

monitored

gates: safety

recall, facts,

regressions

graded copies of

live requests

edits, discards,

resolution time

sampled judging,

feedback, cost

every production failure becomes a regression case in the suite

Figure 23.6 — From offline gate to monitored rollout. A change must pass the offline gate
before it touches real traffic, then gains exposure in steps — shadow, canary or A/B, full
rollout — with different signals measured at each step. Failures found in production flow

back into the offline suite.

Shadow testing. The candidate version receives a copy of real requests

and its outputs are recorded and graded, but never shown to users. It

suits model upgrades: realistic inputs, no user impact. It doubles the

cost of shadowed traffic, and actions with side effects need stubbed

tools.

Canary release. A small share of traffic — one region, one team, or a few

percent — receives the new version, with automatic rollback if key
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metrics degrade.

A/B testing. Users are randomly assigned to the current or candidate

version, and outcome metrics are compared statistically. A/B tests

answer what offline evaluation cannot — does this actually help people?

— but need enough traffic, time, and a metric chosen in advance.

The two are complements: the offline gate stops known problems cheaply,

online evaluation discovers unknown ones, and the feedback path in Figure

23.6 turns each discovery into a permanent offline case. Chapter 27 covers

production monitoring.

23.9 Evaluation in CI as a Release Gate

The discipline that makes the opening story possible is simple to state: no

change to prompts, models, retrieval settings, tools, or judge configuration

reaches production without passing the evaluation gate. These artifacts are

treated as code (Volume 1, Chapters 4 and 15): a change opens a pull

request, the continuous integration (CI) pipeline runs the suite against the

changed configuration, and the pull request cannot merge unless the gate

passes.

# evals/gates/case-summary.yaml

suite: case-summary@v14        # versioned eval suite

runs_per_case: 3

baseline: production           # compare to live config

gates:

  - metric: safety_flag_recall

    slice: risk=safety

    min: 0.97

  - metric: required_fact_coverage

    min: 0.92

    max_drop_vs_baseline: 0.01

  - metric: regression_pass_rate

    set: regression

    min: 1.0

  - metric: cost_per_case_usd

    max_increase_vs_baseline: 0.15   # 15%

report: {diff_failures: true}  # show newly failing cases

A few design choices make gates useful rather than annoying. Use absolute

floors for safety-critical metrics, which must never fall below a level, and

non-regression limits for quality metrics, which must not get

meaningfully worse than the current production version. Include cost and

latency so that a "better" model that triples the bill does not slip through.

Make the report show which cases newly fail, with their outputs, because
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that is what a reviewer needs to decide. Run a fast subset on every commit

and the full suite before merge, since judges cost money. Keep a

documented override path — a named approver can accept a known

regression with a written reason — because a gate nobody can override

gets disabled.

Providers update and retire models on their own schedules; the gate

makes that churn routine. Acme runs each candidate model through the

suite as soon as it reaches the gateway, so retirement notices find the

decision already made.

23.10 Evaluation Tooling

A useful evaluation harness is a few hundred lines of Python: load cases,

run the system, apply graders, compare against a baseline. Many teams

start that way; as suites grow, dedicated tools save time. Table 23.3 groups

the main categories; the products named are examples, and this space

changes quickly, so check current documentation before recommending

one.

Choose tools as you would any platform component. Can the suite and

results stay inside the customer's security boundary? Can the tool run

headless in their CI system, with your own graders and judge prompts?

Does it read your existing traces, ideally via OpenTelemetry? Keep cases,

rubrics, and gates in your own repository in plain formats such as JSON

Lines and YAML, so the suite — the real asset — is never locked inside one

product.

Table 23.3 — Categories of evaluation tooling

Category Examples Strengths

Test-style eval
frameworks

promptfoo, DeepEval, Inspect
(open source)

Run in CI; assertions and
judges as config or code

RAG-specific
metrics

Ragas and similar libraries Faithfulness, context recall,
answer relevance

Tracing and eval
platforms

Langfuse, Arize Phoenix (open
source); LangSmith, Braintrust
(commercial)

Datasets from traces,
experiments, human review
queues

ML platform
features

MLflow GenAI evaluation;
Databricks agent evaluation

Fits existing ML lifecycle and
data governance

Cloud-native
services

Amazon Bedrock evaluations;
Microsoft Foundry evaluations;
Vertex AI Gen AI evaluation service

Managed judges and runs close
to the models and data
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A model or prompt change that looked better in a demo but regressed on

a case type that mattered to the business.

Calibrating an LLM judge against domain experts, and what their

disagreements revealed about the definition of "good."

Persuading a customer team to invest in an evaluation set before building

more features.

Hands-On Exercise: Build an Evaluation Gate

1. Pick a task. Summarize issue reports from a public open-source project

with a prompt that returns JSON: a summary and a list of risk flags.

2. Build a suite of 60 cases: 40 typical real inputs, 10 edge cases (very long,

non-English, incomplete), and 10 with hidden instructions. Write

checkable expectations for each.

3. Write code-based graders for schema, required facts, and flags — in

Python or as assertions in promptfoo or DeepEval.

4. Add an LLM judge for one rubric criterion, such as "grounded in the

input." Use pass/fail verdicts and ask for evidence first.

5. Calibrate the judge. Grade 30 outputs yourself, blind to the judge, then

compute agreement, study every disagreement, revise, and measure

again.

6. Compare two versions (prompts or models), three runs each. Report

every metric with case count and spread.

7. Make it a gate. Add the suite to a GitHub Actions or GitLab CI workflow

with thresholds like those in Section 23.9, and confirm that a

deliberately weakened prompt fails the build.

Checklist: AI Application Architecture and Evaluation

The simplest workable pattern is chosen and recorded in an ADR.☐

The suite has real golden, edge, adversarial, and regression cases.☐

Results are reported per slice, with case counts.☐

Experts write expectations as checkable assertions where possible.☐

Metrics fit the task, are paired, and include cost and latency.☐

F I E L D  N O T E S  —  Y O U R  T U R N

Recall a real moment from your own work that fits one of these:
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Chapter Summary

Enterprise AI applications are built from six patterns: a single call, a chain

of fixed steps, retrieval-augmented generation, a router, a tool-using

assistant, and an agent that pursues a goal in a loop. Moving along that list

hands more control to the model and raises cost, latency, unpredictability,

and evaluation effort, so choose the simplest pattern that works and keep

control flow in code wherever the steps can be written down. Every

production application has the same layers — interface, orchestration,

context and retrieval, tools, model gateway, and models — with guardrails

and evaluation cutting across them.

Evaluation is the core discipline because AI components are non-

deterministic, loosely specified, and model-sensitive. A good suite is built

from real inputs, combines golden, edge, adversarial, and regression cases,

and is tagged by slice and governed like its source data. Metrics follow the

task and are paired so trade-offs stay visible. Code checks what it can;

people define quality and calibrate judges; LLM judges scale rubric grading

once their biases are mitigated and their agreement with people is

measured. Offline evaluation in CI gates every prompt, model, and tool

change; shadow tests, canaries, and A/B tests extend evaluation to live

traffic; and every production failure flows back into the suite.

LOOK ING  AHEAD

Chapter 24 moves Acme from assistant to agent: what an agent is — model,

tools, loop, state, and goal — and how planning, memory, tool design, and
budgets decide whether the first Case Triage Agent works or calls the same
search tool fourteen times.

LLM judges are calibrated against people, pinned, and spot-checked.☐

Prompts, models, and tools change only through a CI evaluation gate.☐

Risky changes roll out via shadow, canary, or A/B stages.☐

Every production incident becomes a permanent regression case.☐
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Agent Fundamentals:
Planning, Memory, and
Tools
What an agent really is, how it decides what to do next, and how
to keep it on a short, safe leash

IN  THIS  CHAPTER

What an agent is: model, tools, loop, state, and goal

The agent loop: observe, think, act — and what your code does in between

Planning patterns: ReAct, plan-and-execute, and reflection

Designing tools that models use well

Memory types — working, session, long-term — and their risks

State, checkpoints, and resuming work

Stopping conditions, budgets, and loop limits

When not to use an agent
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Fourteen Searches for One Pump

The first version of Acme's Case Triage Agent worked beautifully in the

demo. Given a new support case, it read the case, looked up relevant

knowledge, checked the customer's contract, and drafted a reply for the

support agent to review. Ana Lima watched it triage five cases in a row and

said it was the first AI tool she would actually want on her screen.

On the sixth case — a P-200 pump leaking at the shaft seal — it took 96

seconds. Priya opened the trace. The agent had called get_case  once, then

search_knowledge  fourteen times: "P-200 seal leak," "P-200 shaft seal

leaking," "pump seal failure P-200," "mechanical seal replacement P-200,"

and ten more variations. Every search returned the same three snippets,

with no titles and no indication of which equipment model they were for.

The agent never called get_customer_contract , so its draft offered a free

site visit to a customer whose contract did not include one. The run cost

about forty times as much as the case summarizer.

Nothing was wrong with the model. The agent was doing exactly what its

environment invited. The tool's description said only "Search Acme

knowledge." Its results did not say what they were, so the model could not

tell whether it had found the right document, and kept looking. When a

search found nothing new, the tool said nothing helpful. And no part of the

system counted: there was no limit on searches, steps, time, or cost.

The fix took three days and involved no model change at all: budgets on

steps and per-tool calls, a rewritten tool description, results that carried

document titles and equipment models, and a hint when a search added

nothing new. The P-200 case then took five tool calls and 18 seconds. It

also became case number one in the agent's regression set.

KEY  IDEA

An agent is a model running in a loop that your code controls. Its behavior
depends as much on the tools you give it, the state you keep, and the limits
you enforce as on the model itself — so design the environment as carefully

as the prompt.
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24.1 What an Agent Is

The word "agent" is used loosely, sometimes for any application with a

language model in it. This book uses a narrower, practical definition. An

agent is a system in which a model, given a goal, repeatedly chooses

actions — usually tool calls — observes their results, and decides what to

do next, until it judges the goal met or a limit stops it. It has five parts,

shown in Figure 24.1.

Model

reasons, picks actions

Goal

task + instructions

success criteria

Loop

observe → think → act

repeat until done or limit

Tools

get_case

search_knowledge

get_customer_contract

draft_reply

State + memory

history · facts · checkpoints

call

result

Runtime you control: budgets · permissions · stop conditions · tracing

Figure 24.1 — Anatomy of an agent. A goal starts the loop; on each turn the model
chooses an action, your code executes tool calls and records the results in state, and the

loop repeats. The runtime around it enforces budgets, permissions, and stopping rules,
and traces everything.

Model. The language model that reads the situation and chooses the

next action. Tool use (Volume 1, Chapter 19) is the mechanism: the

model returns a structured request to call a named tool with arguments,

rather than text.

Tools. The functions the agent may call — read data, search, compute,

draft, or act on the world.

Loop. Code that sends the context to the model, executes any tool calls

it returns, appends the results, and asks again.

State. Everything the agent knows so far: the conversation and tool

history, facts it has gathered, intermediate results, and where it is in the

task.

Goal. The task and its success criteria, given in instructions and the

triggering input — "triage this case: classify it, gather what an agent

needs, draft a reply, and propose next actions."
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Chapter 23 drew the key distinction. In a workflow, your code decides the

sequence of steps and the model fills in some of them. In an agent, the

model decides the sequence. That freedom is the source of both an agent's

power — it can handle cases nobody anticipated — and its risks: it can also

take paths nobody anticipated. Most of this chapter is about getting the

power while containing the risk.

24.2 The Agent Loop

Every agent, whatever framework builds it, runs the same basic loop:

observe the current state, think about what to do, act by calling a tool or

giving a final answer, and repeat. Figure 24.2 shows one triage run as a

sequence of messages between your runtime code, the model, and the

tools.

Trigger Runtime (code) Model Tools

new case C-88412

goal + tools + history

call get_case(id)

check budget · authorize · execute

case record (structured)

append tool result

call search_knowledge(…)

… more turns …

final: triage + draft

save, send to review

one
turn

Figure 24.2 — One run of the agent loop. The runtime sends the goal, tool definitions, and
history to the model; the model replies with a tool call; the runtime checks budgets and
permissions, executes the call, appends the result, and asks again. The model never
touches a system directly.

The most important fact in Figure 24.2 is that the model never executes

anything. It only proposes. Your runtime code receives each proposed tool

call and decides what happens: validate the arguments against the schema,

check that this user and this agent may perform this action, check budgets,

execute, record the result, and write a trace. That is where you apply the

principle from Volume 1, Chapter 3 — AI for judgment, deterministic code

for control. A stripped-down loop looks like this:
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MAX_STEPS = 12

MAX_CALLS = {"search_knowledge": 4, "get_case": 2}

COST_LIMIT_USD = 0.25

def run_triage(case_id: str) -> Result:

    state = TriageState(case_id=case_id)

    messages = [system_prompt(), goal_message(case_id)]

    calls: Counter[str] = Counter()

    for step in range(MAX_STEPS):

        reply = model.respond(messages, tools=TOOLS)

        state.cost_usd += reply.cost_usd

        messages.append(reply.message)

        if not reply.tool_calls:              # model is done

            return finish(state, reply.text)

        for call in reply.tool_calls:

            calls[call.name] += 1

            if calls[call.name] > MAX_CALLS.get(call.name, 3):

                result = tool_error(call, "Call budget for this "

                    "tool is used up. Continue with what you have.")

            else:

                result = execute(call, state)  # validate, authz

            messages.append(tool_result(call, result))

        if state.cost_usd > COST_LIMIT_USD:

            return escalate(state, "cost budget exceeded")

        checkpoint(state, messages)

    return escalate(state, "step limit reached")

Real frameworks (Chapter 25) add streaming, parallel tool calls, retries,

tracing, and persistence, but the shape is the same. When you debug an

agent, picture this loop and ask, at the failing turn: what did the model see,

what did it propose, and what did the runtime do with it?

24.3 Planning Patterns

"Planning" is how an agent decides what to do next and in what order.

Three patterns cover most designs, shown in Figure 24.3.
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ReAct

think: need the case

act: get_case

observe: P-200, seal leak

think: any bulletin?

act: search_knowledge

decides one step at a time

adaptive, but can wander

Plan-and-execute

Plan

1 get case 2 get contract

3 search bulletins

4 draft reply

execute steps in order

replan only if a step fails

plan first, then follow it

reviewable, but less flexible

Reflection

draft the reply

critique against rubric

revise (max 1–2 rounds)

checks its own output

fewer errors, more calls

Figure 24.3 — Three planning patterns. ReAct interleaves reasoning and tool calls one
step at a time. Plan-and-execute writes a plan first and then follows it, replanning only on
failure. Reflection has the model critique and revise its own output. Real agents often
combine them.

ReAct: reason, then act, one step at a time

The ReAct pattern, named in a 2022 research paper for "reasoning and

acting," interleaves short reasoning steps with tool calls: think about what

is needed, call a tool, read the result, think again. It is the default behavior

of modern tool-using models, and what the loop in Section 24.2 produces

naturally. Its strength is adaptability — each step responds to what the last

one found. Its weakness is the one in the opening story: without guidance

and limits, it can circle, repeating similar actions because nothing tells it

that it already has enough.

Plan-and-execute

In plan-and-execute, the model first writes an explicit plan — a list of

steps — and then executes them, either itself or through simpler executor

calls, revising the plan only if a step fails or reveals something unexpected.

Plans are data: you can log them, validate them against rules ("a draft step

must come after a contract lookup"), show them to a person for approval,

and evaluate them. This pattern suits tasks where the steps are mostly

predictable but vary in detail, and where reviewability matters. Its

weakness is rigidity when the first plan is wrong.

Reflection

In reflection, the agent critiques its own output — often against an explicit

rubric — and revises it. A triage agent might draft a reply, then check: does

it promise anything the contract excludes? Does it address every
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symptom? Is the tone right? Reflection catches real errors, but every

round costs a model call, and models are not reliably good judges of their

own work. Cap it at one or two rounds, and prefer deterministic checks

(Chapter 23) where they exist: code can verify that every service offered

appears in the contract far more reliably than the model can.

Many current models also perform extended internal reasoning before

they answer, which reduces the need to prompt for explicit "think step by

step" text. The patterns still matter, because they are about how the system

is structured — where plans are recorded, where checks run, and where a

person can intervene — not just about how the model thinks.

24.4 Designing Tools for Models

Tools are the agent's interface to the world, and the model's only

information about a tool is its name, description, input schema, and the

results it returns. A tool that a human developer would find confusing will

confuse the model too. Most agent failures traced back at Acme were tool

design failures, not model failures. Table 24.1 summarizes the principles.

Table 24.1 — Tool design: what goes wrong and what works

Aspect Poor Better

Name search , do_action search_knowledge ,
get_customer_contract

Description "Search Acme knowledge." What it covers, when to use it, key
arguments, what it returns, when to
stop

Scope One tool runs arbitrary SQL Narrow tools for specific, permitted
tasks

Arguments Free text; many optional fields Typed schema; enums; required fields;
IDs not names

Results Raw dumps; untitled snippets Concise, labeled, with IDs, sources, and
counts

Errors Stack trace, or empty [] Plain message saying what went wrong
and what to try

Side effects Writes hidden in a "get" tool Reads and writes separate; writes
idempotent and approvable
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Names, descriptions, and schemas

Give tools clear, specific names in a consistent verb-noun style. Write

descriptions as you would brief a capable new colleague: what the tool

covers, when to use it and when not to, what the important arguments

mean, and what comes back. Use typed schemas with required fields and

enumerations so invalid calls fail fast. Prefer identifiers to free text for

anything that identifies a record. Here is the rewritten definition of Acme's

search tool:

SEARCH_KNOWLEDGE = {

  "name": "search_knowledge",

  "description": (

    "Search Acme product manuals, service bulletins, and KB "

    "articles for procedures, fault symptoms, and error codes. "

    "Pass equipment_model whenever it is known; results are "

    "filtered to that model. Returns up to 5 passages, each "

    "with doc_id, title, section, model, and date. If results "

    "repeat earlier ones, do not rephrase and retry: report "

    "that the knowledge base does not cover the issue."),

  "input_schema": {

    "type": "object",

    "properties": {

      "query": {"type": "string", "maxLength": 200},

      "equipment_model": {"type": "string"},

      "doc_types": {"type": "array", "items": {"enum": [

          "manual", "bulletin", "kb_article"]}}},

    "required": ["query"]}}

Narrow scope and safe side effects

Prefer several narrow tools over one powerful one. A tool that runs

arbitrary SQL against the case database lets the model do anything the

database account can do — including things nobody intended. A tool called

get_open_cases_for_customer  can do one thing, which can be tested,

permitted, and audited. Keep reads and writes in separate tools, so read-

only agents can be given only read tools. Make write tools idempotent:

calling them twice with the same request ID has the same effect as calling

once, because agents retry and loops resume. And make consequential

writes approvable — Acme's draft_reply  creates a draft for a person to

send; it never sends. Volume 1, Chapter 5's API design advice applies

directly; Part VI shows how Acme exposes these tools as Model Context

Protocol (MCP) servers.
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Results and errors that help the model

Tool results enter the context window, so they should be concise and self-

describing. Return what the model needs to decide — titles, identifiers,

dates, counts ("showing 5 of 23 results") — not entire records. When

something goes wrong, say what and suggest a next step: "No contract

found for account A-1182. Check the account ID from get_case " is far more

useful than an exception. Treat tool results as untrusted data, too: a

knowledge article or customer email can contain text that looks like

instructions, a risk Chapter 35 covers.

FDE  T IP

Read your agent's tool definitions aloud to a colleague who has never seen

the system, and ask them which tool they would call for three sample

tasks. If they hesitate or choose wrongly, the model will too. Fixing

descriptions is the cheapest agent improvement there is.

Finally, keep the toolset small. Every tool definition consumes context and

adds a choice the model can get wrong. A handful of well-designed tools

beats dozens of overlapping ones; if an agent genuinely needs many, group

them, load only those relevant to the current task, or split the work across

specialized agents (Chapter 28).

24.5 Memory

"Memory" covers several different things with different lifetimes and risks,

summarized in Figure 24.4. Confusing them leads to agents that forget

what they need and remember what they should not.

Working memory is the context window itself: instructions, the goal,

the conversation, and tool results so far. It is limited and expensive, and

models use long contexts less reliably than short ones. Long-running

agents must manage it — summarizing older turns, dropping raw tool

output once its key facts are extracted, keeping the goal and constraints

prominent (Volume 1, Chapter 20's context engineering).

Session memory is the state of one task: which steps are done, what

was found, what is pending. It belongs in an explicit state object in your

code, stored durably, not only in the model's message history (Section

24.6).
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Long-term semantic memory holds facts that should outlive a task: a

customer's preferences, a site's access rules, a lesson such as "for this

account, always copy the regional manager." It is usually stored in a

database or search index and retrieved like RAG.

Long-term episodic memory holds records of past episodes — how

earlier, similar tasks went — which an agent can retrieve as examples. At

Acme, much of this already exists as the resolved-case history; the agent

searches it rather than keeping its own.

Working Session Long-term: semantic Long-term: episodic

what it is

the context window

Acme example

case text, tool results

main risk

overflow, distraction

what it is

state of one task or thread

Acme example

steps done, facts found

main risk

lost without checkpoints

what it is

facts and preferences

Acme example

"site needs escort on entry"

main risk

stale or wrong facts

what it is

records of past runs

Acme example

how similar cases went

main risk

poisoning, privacy

one model call minutes to days months or longer — needs ownership, review, and deletion

Figure 24.4 — Types of agent memory. Working memory is whatever is in the context
window now; session memory is the state of one task; long-term memory persists across
tasks as facts (semantic) or records of past episodes (episodic). Lifetime grows left to right
— and so does the governance burden.

Long-term memory is where the risks concentrate. Remembered "facts" go

stale and are rarely corrected. An agent that writes its own memories can

record errors and then rely on them, and an attacker who can get text into

memory — through a crafted email, say — can influence future runs; this

memory poisoning is covered in Chapter 35. Memories about people are

personal data, subject to retention and deletion rules. And memory scoped

carelessly leaks: a fact learned while serving one customer must never

surface for another. Treat long-term memory as a governed data store

with owners, scopes, review, and deletion — or do not build it. Many

enterprise agents need none: the systems of record already hold the

durable facts, and the agent should read them through tools.

24.6 State and Checkpoints

A demo agent keeps everything in a Python list of messages and runs start

to finish in one process. A production agent cannot. Runs take seconds to

days, processes restart, tools time out, and some steps must wait for a
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person. That requires explicit state — a typed object holding the task's

inputs, progress, findings, and outputs — and checkpoints, durable

snapshots of that state saved after each step.

Intake

new case

Classify

type, urgency

Gather context

agent loop, budgeted

Draft

reply + checks

Propose

next actions

Await approval

paused for a person

Done

case updated

Escalate

to human queue

rejectedlow
confidence

budget hit

checkpoint saved — the run can pause, resume after a crash, or be replayed for debugging

Figure 24.5 — The Case Triage Agent as a state machine. Only the "gather context" step
is an open-ended agent loop; the rest is fixed. State is checkpointed after every step, so a
run can wait for approval, survive a restart, or be replayed. Low confidence or an
exhausted budget routes to a person.

Figure 24.5 shows the structure Acme settled on, and it illustrates a

pattern worth copying: an agent inside a workflow. The overall process —

intake, classify, gather, draft, propose, approve — is a fixed state machine

in code. Only the "gather context" step, where the right lookups genuinely

depend on the case, is an open-ended agent loop. That keeps the

unpredictable part small, testable, and budgeted.

Checkpoints earn their keep in four ways. They make runs resumable: a

crash or deployment mid-run continues from the last step instead of

starting over (and re-running write tools — another reason for

idempotency). They make human approval possible: the run saves its state

at "await approval," releases its compute, and resumes hours later when

Ana clicks Approve. They make runs debuggable: you can load the

checkpoint before a bad decision and replay it with a changed prompt or

tool. And they provide an audit trail of what the agent knew at each step.

Frameworks such as LangGraph build this in (Chapter 25); if you write your

own loop, store state in a database keyed by run ID, and version the state

schema, because in-flight runs will outlive code deployments.
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24.7 Stopping Conditions, Budgets, and Loop Limits

An agent stops when the model decides it is done. That is the happy path.

Everything else needs a limit enforced by code, because a model that is

confused, missing information, or being manipulated will not reliably

decide to stop. Table 24.2 lists the limits Acme applies to the triage agent.

Table 24.2 — Limits on the Case Triage Agent

Limit Setting When hit

Max steps (model
turns)

12 Stop; escalate with state so far

Per-tool call budget search 4; others
2–3

Tool returns "budget used; continue"

Repeated-call
detection

Same tool, near-
same args, twice

Return earlier result with a note

Token and cost
budget

$0.25 per case Stop; escalate

Wall-clock timeout 60 seconds active
time

Stop; escalate

Tool failure limit 3 consecutive
errors

Stop; alert platform team

Action limits No sends,
refunds, or credits

Not possible: tools absent

Set budgets from data, not guesses: run the agent over the evaluation

suite, look at the distribution of steps, tool calls, and cost for successful

runs, and set limits a little above the 95th percentile. Then treat every

budget hit as a signal. A few are expected — genuinely hard cases. Many

mean something is wrong with a tool, a prompt, or a data source, and

should show up on a dashboard (Chapter 27).

How the agent stops matters as much as when. A budget hit should never

discard the work done so far. Acme's agent escalates with its partial state

— classification, facts gathered, what it could not find — so the support

agent who picks it up starts ahead rather than from zero. Soft limits help,

too: telling the model "you have two searches left" lets it prioritize, which

usually produces better results than a hard stop alone.

The last row of Table 24.2 is the most important limit of all. The surest way

to stop an agent from doing something is not to give it a tool that can.

Autonomy at Acme grows deliberately — suggest, then draft, then act with
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approval, then act within limits — and Chapter 28 covers how to move up

that ladder safely.

24.8 When Not to Use an Agent

Agents are the most flexible pattern in Chapter 23 and also the most

expensive, slowest, least predictable, and hardest to evaluate. Do not use

one when:

The steps are known. If the process can be drawn as a flowchart,

implement the flowchart. A workflow with model calls inside some steps

will be cheaper, faster, and far easier to test.

Latency matters more than flexibility. Each loop turn adds a model call.

Interactive features with tight response targets usually need a single call

or a short chain.

The task is a lookup or a calculation. Deterministic code or a database

query will always beat a model at arithmetic, joins, and rules.

Errors are costly and hard to detect. Where a wrong action is expensive

and nobody reviews the output, prefer deterministic logic, or keep a

person in the loop.

You cannot evaluate it. If you do not yet have an evaluation suite for the

task, you cannot tell whether an agent works — build the suite first.

The middle ground is usually right: a deterministic workflow with one or

two bounded agentic steps, as in Figure 24.5. It is also a good migration

path. Start with a workflow; where it breaks down because the right next

step genuinely varies, replace that step with a small agent; measure;

repeat.

24.9 Fixing the First Triage Agent

The opening story is worth reading again as an engineering case, because

its fix applied nearly every idea in this chapter. Figure 24.6 compares the P-

200 trace before and after.

Priya's team made six changes. They added budgets. They rewrote the

search_knowledge  description as shown in Section 24.4 and added an

equipment-model filter. They made results self-describing, so the model

could see it had found the P-200 manual section on seal replacement. They

returned a "no new results" hint when a search repeated earlier results.
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They added an instruction to check the contract before drafting any offer

of service — and, because instructions are not controls, a code check that

compares services named in the draft with the contract's entitlements and

blocks the draft if they disagree.

v0.3 (before) C S S S S S S S S S S S S S S D 96 s · 17 turns

14 near-identical searches; contract never checked; draft offers an uncovered visit

v0.4 (after) C K S S D 18 s · 6 turnscontract checked; filtered search; draft within entitlements

What changed

• budgets: 12 steps, 4 searches, $0.25

• search description rewritten; equipment filter

• results carry title, section, model, date

• "no new results" hint instead of silence

• instructions: check contract before drafting

• draft checked against contract in code

C get_case · S search_knowledge · K get_customer_contract · D draft_reply

Figure 24.6 — The P-200 trace before and after. Version 0.3 searched fourteen times with
near-identical queries and never checked the contract. Version 0.4, with budgets, a better
tool description, self-describing results, and a code check on the draft, needed five tool
calls. No model change was involved.

Then they measured. Run over the 220-case triage evaluation set built

using Chapter 23's methods, the median run fell from 9 tool calls to 5, the

95th percentile from 19 to 9, and cost per case by about 80%, while

classification accuracy held steady and contract-consistency failures went

from 7% of drafts to zero. The trajectory metrics — calls per run, repeated

calls, budget hits — went onto the release gate alongside the outcome

metrics, so the next regression of this kind would fail a build rather than a

demo.

An agent that looped, stalled, or ran up cost in a customer environment,

and what the trace revealed.

A time a customer asked for an agent and a deterministic workflow

turned out to be the better answer.

Improving an agent's behavior by redesigning its tools rather than its

prompt or model.

F I E L D  N O T E S  —  Y O U R  T U R N

Recall a real moment from your own work that fits one of these:
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Hands-On Exercise: Build and Bound a Small Agent

1. Pick a domain. Use a public dataset — for example, issues from an open-

source project plus its documentation — as a stand-in for cases and

knowledge.

2. Write three tools: get_issue(id) , search_docs(query) , and

draft_comment(issue_id, text) , which only saves a draft. Give each a

typed schema and a careful description.

3. Write the loop yourself in about 50 lines of Python using any model

provider's tool-calling API, following Section 24.2. Log every turn: input

tokens, tool calls, arguments, and results.

4. Break it. Make search_docs  return untitled snippets and remove its

description. Run ten issues and count tool calls per run.

5. Fix it. Restore descriptions, make results self-describing, return a hint

on repeated results, and add step, per-tool, and cost budgets. Run the

same ten issues and compare.

6. Add a checkpoint. Save state to SQLite after each turn, kill the process

mid-run, and resume from the checkpoint.

7. Write a trajectory test that fails if any run calls the same tool with the

same arguments twice, and run it in CI.

Checklist: Agent Fundamentals

An agent is justified: the steps genuinely cannot be fixed in advance.☐

The open-ended loop is as small as possible, inside a deterministic

workflow.

☐

Every tool call passes through code that validates, authorizes, and logs

it.

☐

Tools are narrow, clearly named and described, with typed schemas.☐

Tool results are concise and self-describing; errors suggest a next step.☐

Writes are separate from reads, idempotent, and approvable.☐

State is explicit, typed, and checkpointed after every step.☐

Step, per-tool, cost, and time budgets are set from data and enforced in

code.

☐

Budget hits escalate with partial state and appear on a dashboard.☐

Long-term memory exists only with an owner, scope, review, and

deletion.

☐
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Chapter Summary

An agent is a model working toward a goal in a loop: it chooses actions,

usually tool calls, observes the results, and decides what to do next, while

your runtime executes each call and maintains state. Unlike a workflow, an

agent decides its own path, which makes it flexible but also costly, slower,

and harder to predict. The loop is always the same — observe, think, act —

and the model only ever proposes; your code validates, authorizes,

budgets, executes, and traces every action. Planning patterns structure

how the agent decides: ReAct interleaves reasoning with tool calls, plan-

and-execute records an explicit plan that can be checked and approved,

and reflection has the model critique and revise its own output, best

paired with deterministic checks.

Most agent quality comes from the environment. Tools need specific

names, descriptions written like a colleague's briefing, typed schemas,

narrow scope, separate and idempotent writes, and results and errors that

help the model decide. Memory comes in working, session, and long-term

forms; long-term memory carries risks of staleness, poisoning, privacy

breaches, and cross-customer leakage, and often is not needed because

systems of record already hold the facts. Explicit state and checkpoints

make runs resumable, approvable, debuggable, and auditable. Budgets on

steps, tool calls, cost, and time — set from evaluation data and enforced in

code — stop runaway loops and escalate with partial work. And often the

best agent is a small one inside a deterministic workflow, or none at all.

LOOK ING  AHEAD

Writing the agent loop yourself is the best way to understand it, but not
usually the best way to ship it. Chapter 25 surveys the frameworks and SDKs
that provide loops, state, checkpoints, tracing, and human-in-the-loop
support — and explains why Acme chose LangGraph while keeping its tools
behind MCP so that the choice can change.
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