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01
Introduction: From Translating Words to
Directing Systems

The question usually arrives in a planning meeting, somewhere between the roadmap

review and the budget line items. A product lead, or a CMO, or sometimes the CEO,

turns to the localization manager and asks it with complete sincerity:

“Can’t we just use AI for this?”

It is a fair question. It is also the most dangerous question in localization right now, not

because the answer is no, but because the answer is yes, and almost nobody asking it

understands what “using AI” actually requires.

Here is what “just using AI” looks like in practice. Somewhere in a marketing team

right now, someone is pasting the homepage into a chatbot and asking for it in French.

They accept what comes back, paste it into the CMS, and ship it. The campaign goes

live. Nobody reviews it. Nobody notices that the product name is rendered differently

in paragraph three. Nobody catches that the tone, warm and conversational in

English, has come out stiff and formal in French, because that is what the model

defaulted to when nobody told it otherwise.

That team is using AI. They would answer yes to the question. And they are

accumulating a kind of debt that will not show up in any dashboard they currently look

at: in conversion rates that stay mysteriously low in that market, in trial users who

quietly churn, in a brand that reads like a company doing its best in a language it does

not speak.

The pressure driving all of this is real, and if you manage a localization program, you

do not need me to describe it. More markets. More content. More channels. A budget

that stays flat while the volume grows, and a leadership team that has seen what AI

can do and wants to know why localization still takes as long and costs as much as it

did two years ago. In a 2026 survey of enterprise teams, 95% reported already using

AI or machine translation in some capacity.
1
 Adoption is not the frontier anymore. The

frontier is the distance between using AI and having a program that uses AI well, and
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that distance is enormous: in the same survey, one in five teams reported quality

incidents or regressions from their AI workflows.
1
 Across the wider industry, 90 to 98

percent of AI-translated content still goes through some level of human post-editing.
2

So the honest answer to “can’t we just use AI?” is: yes, and the way you do it will

decide whether AI becomes the best thing that ever happened to your localization

program or an expensive way to damage your brand in eleven languages

simultaneously.

The distinction is worth making precise, because it changes the conversation you have

with your leadership. Telling your CMO that the team is vibe-localizing the German

launch, pasting content into a chatbot and shipping whatever comes back, should

raise alarm bells, and it should raise them for you before it raises them for anyone

else. Telling that same CMO that AI now handles the volume inside a system of

language assets, quality gates, and human judgment, with a dashboard proving that

quality is holding while output triples, is a fundamentally different conversation. Same

technology. Different program. This paper is about the difference.

One more reason the timing matters. The AI you are working with today is the least

capable AI you will ever work with. The models will improve, the tooling will improve,

and the programs that have built the right foundations, the assets, the workflows, the

quality systems, will compound those improvements automatically. The programs that

skipped the foundations will be starting from scratch while their competitors are

already running. The cost of waiting is not standing still. It is falling behind at an

accelerating rate.

Who this paper is for. Localization managers and program owners at tech

companies who are being asked to do more with AI and want a map that goes beyond

tool demos. It is written to be forwarded upward: if your VP or CMO reads only the

section on economics and the leadership playbook at the end, the paper has done

part of its job. It assumes you know localization. It does not assume you have a

background in AI, and it does not require one, because the argument of this paper is

that the hard part was never the AI.

What it covers. The framework is the localization life cycle in the age of AI: how the

loop that runs from content intake to delivery changes when AI handles production,

and what has to surround the AI for the output to be worth shipping. Along the way it

names the two ends of a spectrum you will recognize immediately, vibe localization

and engineered localization, and shows the path from one to the other: the assets, the

quality system, the roles, the economics, and where to start on Monday.

The question in the title returns at the end of this paper, answered properly.
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“
The AI you are working with today is
the least capable AI you will ever work
with.
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02
What AI Can Actually Do in Localization
Today

Before going further, it is worth resetting what “AI in localization” means, because the

question from the planning meeting usually contains a hidden assumption: that AI in

localization means machine translation. Content in, translated content out, maybe

with a glossary attached.

That assumption is roughly a decade out of date, and it leads to a costly pattern:

teams buy or build new AI tooling to do things their existing platform already does,

while using a fraction of what the technology can actually cover. Most localization

programs I see are using about ten percent of what is possible. The ten percent is

translation. Here is a sample of the other ninety.

Before translation. AI can route incoming content to the right workflow based on

content type, volume, language, and deadline, without a project manager triaging

each file by hand. It can extract new terminology from a batch of source content and

flag it for glossary review before translation begins, instead of letting the model guess

at a term and propagating that guess across ten thousand words. It can scan source

content for problems that will multiply across every target language: ambiguous

sentences, inconsistent product terminology, idioms that will not survive the trip.

Fixing a problem in the source fixes it everywhere at once. Fixing it in post-editing fixes

it once, in one language.

During translation. AI can generate context briefs for linguists: what this content is,

who reads it, what tone applies, which glossary terms are in play, where the content

sits in the user journey. One of the oldest problems in localization is that translators

work without context, and in the research behind my book, Localization in the Age of

AI, teams that introduced AI-generated context briefs saw translator accuracy improve

measurably, because linguists finally received the information they had always

needed and rarely got.

After translation. AI can scan completed batches for terminology consistency,

catching the cases where the same source term was rendered three different ways

across a release. It can adjust tone across a set of content, making a series of
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customer emails consistently warmer in one pass instead of segment by segment. It

can automate large parts of linguistic quality assurance that previously required

manual review at every step. Teams in the same research use AI to pinpoint issues in

source files and to streamline LQA end to end. Some are experimenting with models

that read the product UI directly, so the system knows not just what a string says but

where it appears and what it does.

None of this requires a different model from the one your team already has access to.

Most of it does not even require new tools: the AI features sit inside platforms many

programs already pay for, switched off or unconfigured. What it requires is workflow

design, clear guidance, and an understanding of where in the process AI assistance

produces the most value. That is an investment in thinking and process, not in

technology.

Consider Marta, a localization manager at a mid-sized software company. Under

pressure to “bring AI into the workflow,” her team spent a quarter evaluating

standalone AI translation tools and settled on a subscription that marketing liked.

Three months later, during a platform review, she discovered that her TMS contract

already included glossary enforcement at the segment level, AI-powered pre-

translation with custom instructions, and automated QA profiles. All of it switched off.

The company had been paying twice: once for capability it did not use, and once for a

lighter version of the same capability somewhere else, without the glossary, without

the TM, and without any of the quality controls. Marta’s story is not unusual. It is the

default state of AI adoption under pressure: duplication first, configuration later, if

ever.

Applied Tip: Before evaluating any new AI tool, spend one afternoon listing the AI

features already included in your current TMS contract, and mark which ones are

actually switched on and configured. In most programs the gap between paid-for and

used is wide enough to change the roadmap.
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03
What Is Vibe Localization?

In early 2025, a term escaped from the software engineering world and went viral:

vibe coding. It described a new way of building software with AI, where the developer

describes what they want in natural language, accepts whatever the model produces,

and when something breaks, pastes the error back into the chat and asks the AI to fix

it. No review of the code. No tests. Just vibes. The term resonated because it captured

something real: a huge number of people were already working this way and did not

have a name for it.

Localization has the same phenomenon and needs the same name.

Vibe localization is describing what you want to a model, accepting what comes

back, and dealing with complaints as they arrive. Paste the blog post into a chatbot,

ask for German, ship it. Run the help center through an unconfigured MT engine, no

review, because the articles “look fine.” Let each department solve its own translation

needs with whatever AI tool is closest to hand. The output is fluent. Fluent feels like

done. Nobody checks whether fluent is right.

For some content, vibe localization is completely fine. A message to a colleague, an

internal note, a throwaway piece of content nobody will see next week: paste it into

the chatbot, ship it, move on. The problem is not the practice. The problem is the

scope creep: the same casual workflow, applied to a product launch, a pricing page,

an onboarding sequence, in markets where the company is spending real money to

win customers.

Why it spread

Vibe localization did not spread because localization managers are careless. It spread

because the barrier to entry collapsed at the exact moment the pressure peaked. Any

marketing manager can now build a translation workflow in an afternoon: a custom

chatbot with the brand voice pasted into the prompt, a browser tab that translates

anything, a plugin that connects the CMS to a model. Each individual choice is locally

rational. Marketing needed campaign copy fast. Support needed help articles in

French. Product inherited an MT connector nobody remembers configuring. Nobody
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designed the aggregate, and the aggregate is where the damage lives: three versions

of the brand voice in German, no shared terminology, no translation memory

capturing any of it, and no way to improve systematically because the work is

scattered across tools that do not talk to each other.

Why it fails silently

The failures of vibe localization rarely announce themselves, and this is what makes it

dangerous rather than merely untidy.

A decade ago, machine translation failed loudly. The output was visibly broken, and

everyone could see it. Today’s models fail quietly. The output is grammatically clean,

confidently phrased, and plausible to anyone who is not a native speaker of the target

language. The errors that remain are exactly the kind that a non-native reviewer

cannot catch: a register that makes a friendly brand sound like a government agency,

a product term translated generically when the market already knows it by another

name, a pun rendered literally into a sentence that means nothing. The content looks

right. It reads as wrong only to the people it was made for, and they do not file bug

reports. They just do not convert.

This is why the damage surfaces so late, and in the wrong dashboards. Nobody

attributes the flat German conversion rate to the launch campaign that was vibe-

localized eight months ago. The CRM says “price sensitivity.” The post-mortem says

the market was not ready. The one system that could have caught it, a quality process

with native-speaker review where it matters, is precisely the thing vibe localization

does not have.

Tomás, a marketing operations lead, learned this the expensive way. His team vibe-

localized a campaign into Spanish: landing page, three ad variants, the pricing page.

He read the output himself; his Spanish was good enough to check that everything

was accurate, and it was. The campaign underperformed from day one, and it took a

quarter, and an external review, to find out why: the register drifted screen to screen,

the pricing page used a different term for the core product than the ads that led to it,

and the call to action was a sentence no native speaker would ever write, correct in

every word and wrong as a whole. Nothing was mistranslated. Everything was off. The

review cost more than proper localization would have, and the quarter was gone.

The spectrum: from vibe localization to engineered localization

The useful way to think about this is not as a binary between “using AI” and “not using

AI.” Everyone is using AI; the 2026 survey data puts adoption at 95%.
1
 The real

variable is how much structure, verification, and human judgment surrounds the AI’s

output. That variable runs on a spectrum, and the two ends deserve names.
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At one end, vibe localization: casual prompts, no assets, verification by impression,

errors fixed by pasting complaints back into the chat.

At the other end, engineered localization: AI as a powerful production engine inside

a system you designed. Language assets tell the model what good looks like before it

starts. Terminology is enforced mechanically, not suggested. Output passes through

automated QA and sampled human review with a defined rubric. Errors are traced

upstream and eliminated at the source, so the same mistake does not come back next

week. Humans exercise judgment where judgment is the point: brand voice, cultural

fit, high-stakes content.

Most real programs live somewhere in the middle, and that is fine. The position on the

spectrum is not a grade; it is a choice that should depend on the stakes. A weekend

social post can live at the left end. A product launch in a priority market belongs at the

right end. The skill, and it is a skill this paper spends the rest of its pages building, is

knowing where to draw the line for each type of content, and having a program that

can actually deliver the right treatment once you have drawn it.
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Applied Tip: The right position on the spectrum depends on the stakes. A LinkedIn

caption can be pure vibe localization. A product launch in a priority market demands

engineered localization. Most real work falls in between, and the skill is knowing

where to draw the line for each content type, before the content ships rather than

after.

The single biggest differentiator between the two ends is how outputs get verified. In

vibe localization, verification is optional: someone runs the content and checks

whether it seems right. In engineered localization, two mechanisms work together.

Automated checks verify the deterministic parts: terminology enforced, forbidden

terms blocked, formatting intact, consistency held across the batch. Human review

with a defined rubric verifies what automation cannot: register, resonance, whether

this content does its job for this audience in this market. Without both, the practice is

vibe localization, regardless of how sophisticated the prompts are.

That sentence is worth sitting with, because it cuts through most of the AI theater in

this industry. A team with an expensive model, elaborate prompts, and no verification

system is vibe localizing. A team with a modest model, enforced assets, and a working

quality loop is engineering. The model is not the difference. The system around it is,

and the next sections of this paper are about that system: the assets that guide it, the

life cycle it runs in, and the harness that holds it together.
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“
A team with an expensive model,
elaborate prompts, and no
verification system is vibe localizing. A
team with a modest model, enforced
assets, and a working quality loop is
engineering.
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04
Language Assets Are Your Context

Two companies. Same AI model. Same language pair. Similar content.

Meridian ran its content through the system and got output that needed heavy editing

every time. Terminology came out generic. Tone was off. The brand conventions that

took years to develop were nowhere in the output. The linguists spent more time

reworking the machine’s work than they would have spent translating from scratch,

and the team argued every week about whether the AI was saving time or just moving

it.

Northcap ran its content through the same model and got output that needed a light

pass. Terminology held. Tone was close. The linguists reviewed, caught the edge

cases, and moved on. Throughput went up. Quality stayed level.

The model was identical. The difference was everything that happened before the

model ran.

Three weeks before going live, Northcap sat down with its German and French

linguists and rewrote the glossary. Not the word list, the structure. Preferred terms

stated explicitly, with a note on why the alternative was wrong. Forbidden terms listed

with what to use instead. Usage notes written as instructions, not descriptions. Then a

style guide that pinned down the writing conventions for each language as explicit

rules, decimal separators, quotation marks, date formats, capitalization, with

examples of AI output that had broken them and the corrected versions. Then one

page per language telling the AI what the brand sounds like in that market specifically,

not as a translation of how it sounds in English.

Northcap told the AI what good looked like before it started. Meridian just turned it on.

Most quality failures are configuration failures

Here is the pattern I see over and over: the AI produces disappointing output, and the

team blames the engine. They evaluate a new model. The new model produces

slightly different disappointing output. The cycle repeats, and the conclusion hardens

into “AI is not ready for our content.”
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Examined honestly, most of these failures are not model failures. They are

configuration failures. A glossary that has not been updated in two years. A translation

memory full of translations from before the rebrand. A style guide written for human

translators, full of adjectives like “warm but professional” that a model cannot act on.

No context provided about what the content is or who reads it. The model is being

asked to guess, and it guesses generically, because generic is what a model does

when nobody tells it otherwise.

The single most useful principle for fixing this fits in one sentence: give the AI what

you would give a new linguist on day one.

Think about what a good onboarding actually contains. The terminology the brand

uses and the terms it avoids. What the product does and who it is for. How the brand

sounds in this market, with examples. Which content is high-stakes and which is

routine. A new linguist without that briefing produces exactly what an unconfigured

model produces: fluent, plausible, generic output. The question is not how to trick the

model into translating well. It is what a competent professional would need to know,

encoded in a form the machine can use, and applied through the engine’s

configuration rather than pasted into a chat window.

The three control levers

That encoding work concentrates in three assets. In the research behind my book,

Localization in the Age of AI, I started calling them the AI control levers, because that

is what they are: the levers that steer output quality before a single word is generated.

The glossary. A glossary that works as a control lever is not a terminology

spreadsheet. It is a set of explicit instructions about language choices. For each entry,

the useful fields are not just source term and target term but: the preferred

translation, the terms that must not be used and why, a usage note saying in which

context the term applies, and where possible a note on what the AI tends to produce

when left unguided. “Do not translate X as Y, because Y carries a connotation in

German the brand does not want” is a more useful entry than “X = Z.” A generic

translation of a product name or feature label is not neutral. It is a missed opportunity

to establish the brand’s language in a market, and it compounds across every piece of

content the AI touches.

The style guide. The style guide governs how the language is written: the

mechanical conventions of good writing in that language. Which decimal and

thousands separators to use. Date, time, and currency formats. Which quotation

marks, guillemets in French, corner brackets in Japanese, and the comma rules that

differ from English. Full-width versus half-width punctuation in Japanese and Chinese,

and how numerals mix with characters. Spacing rules in Korean. Capitalization in

headings and UI labels. How to handle English loanwords and product terms that stay

untranslated. Units of measurement. Sentence length and passive voice conventions.
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These details sound trivial until you see what an unguided model does with them: it

mixes English conventions into the target language, inconsistently, batch after batch,

and every native reader registers the result as “translated” before they can say why. A

style guide that works as a control lever states each convention as an explicit rule with

examples in the target language, ideally with before-and-after pairs showing AI output

that broke the rule next to the corrected version. The reward for this precision is that

much of it becomes machine-checkable: a formatting convention written as a rule is a

convention your automated QA can enforce.

The tone of voice sheet. The tone sheet governs something entirely different: how

the brand speaks in that market. Not where the commas go, but who the brand is when

it talks to a German buyer or a Japanese enterprise customer. Register and formality,

which are different decisions in every language: du or Sie in German, and when to

switch. Which keigo level in Japanese, where politeness is not a word choice but a

grammatical system, and a brand that picks the wrong level reads as either rude or

servile. Which speech level in Korean, where the verb ending itself encodes the

relationship between brand and reader. Where Chinese copy should sit between 您

and 你, and where confidence tips into boastfulness, a line that sits differently in Taipei

and Shanghai. Warmth versus directness, and what the brand sounds like at its best in

this language, shown through on-brand and off-brand example sentences written in

the target language, not translated from English. This document exists because a

brand voice defined in English does not map onto other languages by translation.

English “casual and approachable” does not tell you what to do with the German

register system, says nothing about how casual a brand can afford to be in Japanese

before it reads as disrespectful, and gives no guidance on the French line between

authoritative and stiff. The tone sheet answers those questions per language, and it is

where the per-language Language Intelligence Lead (LIL), whom we will meet properly

in Section 6, earns a large share of their value: this document cannot be written by

anyone who does not live in the language.

The two assets get blurred constantly, and the blur is expensive: teams write one

hybrid document, the model gets adjectives where it needed rules and rules where it

needed voice, and neither job gets done. The test is simple. If the instruction would be

true for any brand writing in German, it belongs in the style guide. If it is true only for

your brand, it belongs in the tone sheet.

Static and dynamic context

Not all guidance belongs everywhere. The useful distinction is between context that

applies to everything and context that applies to this project.

Static context is brand-wide and always on: the glossary, the tone sheets, the

translation memory, the hard rules that never change. It is enforced on every job,

mechanically, through the platform configuration.
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Dynamic context travels with the content: the campaign brief, the audience, where

this piece sits in the customer journey, the deadline pressure that says which trade-

offs are acceptable. It changes per project and it is the difference between a model

that knows the brand and a model that knows the assignment.

Programs go wrong in both directions. Some stuff everything into every prompt, and

the signal drowns. Others provide nothing per-project, and the model treats a legal

disclaimer and a launch campaign as the same job. Deciding what is enforced always

and what is provided per project is a design decision, and the programs that treat it as

one, documented and versioned like anything else that matters, get consistently

better output than the programs that improvise it.

One warning that saves real money: stale assets are worse than no assets. A glossary

from before the rebrand does not fail quietly. It actively steers every translation

toward terminology the company has abandoned, with complete confidence, in every

language at once. If the assets cannot be maintained, it is safer to know they are not

there than to trust them.
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Applied Tip: Take one AI error your team fixed more than once last month. Write the

glossary entry or style-guide rule that would have prevented it. Run the same content

again and compare. That delta, multiplied across your volume, is the business case

for asset investment, and it usually takes less than an hour to produce.

Can’t We Just Use AI? · Undertow 18



“
Give the AI what you would give a new
linguist on day one.
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05
The New Localization Life Cycle

For two decades, the localization loop in a structured program has looked roughly the

same. Content is requested. It gets scoped and handed off, to a vendor, a freelancer

pool, or an internal team, under a pre-agreed rate card. It is translated. It is reviewed.

It passes through QA and formatting. It is delivered. The loop is measured in days,

sometimes weeks, and here is the detail that matters: almost none of that time is

translation. The time lives in the handoffs, the batching, the queues, the files waiting

for someone to pick them up. (In programs that still quote each request ad hoc, add

days more. That is the low-maturity variant, and if it describes your program, the fixes

in this paper apply doubly.)

Then AI removed the translation bottleneck, and something clarifying happened:

every other bottleneck became visible.

The constraint was never the translation. It is the workflow around it. A model can

translate a batch in minutes, but the batch still waits for intake, still waits for someone

to decide which workflow it belongs in, still waits for review, still waits for someone to

notice it is done. Teams that dropped AI into an unchanged workflow discovered this

immediately: translation time collapsed and delivery time barely moved. The result of

AI is not a faster version of the old loop. It is a different loop, with different phases and

a different bottleneck.

The loop, phase by phase

Intake and segmentation. Content arrives from the CMS, the product repository,

the marketing platform, the support tool, ideally through connectors rather than

attachments. The first decision is routing: what kind of content is this, and what

treatment does it need? (Section 11 introduces the Translate, Adapt, Create tiers that

make this decision systematic.) In the old loop this was a project manager reading

files. In the new loop it is largely automated, and the routing rules are part of the

program design.
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Asset preparation. The phase that barely existed before, and the one this paper

spends the most time on. Before production starts, the control levers from Section 4

need to be in place for this language and this content type: terminology enforced,

style examples loaded, tone sheet current, new terms extracted and reviewed. In the

old loop, preparation meant getting files into the right format. In the new loop,

preparation is where quality is actually decided.

AI production. The part everyone pictures when they say “use AI,” and now the

fastest and least interesting phase. Minutes, not days. If the assets are right, the output

arrives close to usable. If they are not, the next phase absorbs the cost.

Quality verification. The new center of gravity. Automated QA verifies the

deterministic parts: terminology, forbidden terms, formatting, consistency across the

batch. A layer above that, automated quality scoring, available as a built-in feature in

some translation management systems and as an integration for others, estimates

how confident the system is in each translated segment, so human review effort can

be steered toward the segments that most need attention rather than spread evenly

across the batch. It is a useful triage signal, with a known limit: it works segment by

segment, so it can flag a doubtful sentence but cannot tell you whether the page as a

whole sounds like your brand. That is what sampled human review against a defined

rubric is for: register, resonance, cultural fit, concentrated on the content where errors

are most costly. The old loop reviewed everything the same way. The new loop puts

heavy human attention where stakes are high and lets the system carry the routine.

Publication. Back out through the same connectors, without manual file handling.

Every human handoff that survives in this phase is a delay that AI did nothing to

remove.

Continuous localization. The loop stops being a loop you run and becomes a loop

that runs. Product changes flow through automatically. A string edited on Monday is

live in eleven languages by Tuesday. Maintenance, historically the neglected phase,

becomes the normal operating mode of the program.
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What the compression is worth, and what it costs

The speed gains are real and they are large. In the research behind my book,

Localization in the Age of AI, one company went from localization taking days to

taking minutes. Another tripled content output with the same team. A third produced

significantly more within the same budget, redirecting effort rather than cutting

headcount. These are not marginal improvements; they are structural changes in

what a localization function can do, and every one of them was built on the

foundations this paper describes, not on a model subscription.
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Now the honest counterweight, from the same research. For many languages,

reviewing unguided AI output can take two to three times longer than reviewing the

work of an experienced specialist. The errors are subtle, inconsistent, and scattered

through the text in ways that demand careful reading. Skip the asset work, and the

time you saved in production gets consumed in review, sometimes with interest.

Teams in this situation conclude that AI does not work for them, when what is actually

happening is that AI moved their costs from a phase they were measuring to a phase

they were not.

Both findings are the same finding. AI transforms localization work from translating to

directing and verifying. It does not delete the work. The programs that win are the

ones that noticed where the work went and reorganized around it.

Priya runs localization at a company you would recognize as typical: six languages,

two people, a queue. Her first AI project changed nothing structurally, and turnaround

went from nine days to six. Translation was instant; everything else was untouched.

The second project was different: connectors replaced file handling, routing rules

replaced triage, assets were rebuilt for the two priority languages, and review was

concentrated on customer-facing content. Routine content now ships same-day.

Campaigns take five days, and everyone knows why: that is where the human

judgment is spent, deliberately. The queue stopped being the story in her stakeholder

meetings. The dashboard is.

A note on pace, because this picture is a snapshot. The loop described here reflects

mid-2026, and the compression is still spreading. The boundaries between phases will

keep blurring; teams are already experimenting with content that flows from creation

to publication with humans reviewing by exception only. What will not change is where

the human value sits: deciding what good looks like per market, and verifying that the

system delivered it. Every phase the machine absorbs makes those two jobs more

important, not less.

Applied Tip: Pick one recent piece of content and measure where its calendar time

actually went, from request to live. In most programs, more than half is waiting, not

working. That waiting is the cheapest speed you will ever buy, and it requires no AI at

all.
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06
The Program Model: Build the System
That Produces Multilingual Content

At one messaging-platform client we manage, the localization team used to do what

most teams do. When AI output came back with an error, they fixed it. When the same

error came back the following week, they fixed it again. The week after, a third time.

The team was experienced and careful; the quality of their reviews was never the

problem. The problem was structural. They were intervening at the end of the process,

after the AI had produced output, rather than at the beginning, where the AI was being

guided. Every error was treated as an individual failure instead of a signal about a gap

in the setup. The result was a quality process that felt like running on a treadmill:

effort going in, the same errors coming back.

The unlock was one idea: the most effective place to intervene in an AI workflow is

upstream, not downstream. Not in the output, but in the instructions. Fixing an error

takes minutes. Fixing the instruction that caused it takes slightly longer, and removes

that error from every future batch.

That idea reorganizes the whole program, because it changes what the program’s real

product is. The product is not translations. Translations are what the system emits. The

product is the system: the assets that define what good looks like, the workflows that

route content, the gates that verify output, and the feedback loops that carry every

error back to the instruction that caused it.

Two levels, two roles

The system has two levels, and keeping them distinct is what makes the structure

work.

The program level belongs to localization management. Strategy: which

markets, what content, to what standard. Technology: the platform, the connectors,

the routing rules. Workflow design: the tiers, the SLAs, the escalation paths.

Stakeholder management: the dashboard, the budget conversation, the reporting that

keeps leadership funding the work.
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What this level looks like depends on the maturity of the program and the shape of the

company. In a mature setup it is a team: a program manager coordinating the whole,

a marketing localization manager and a product localization manager owning their

content streams, sometimes a localization technology manager owning the platform

and integrations. In most companies it is one person carrying all of those hats at once,

and if that person is you, nothing in this model asks you to carry more. The model

describes the functions, not the headcount. A solo manager can cover the program

level alone, grow the team into these roles as volume justifies it, or bring in external

capability for the pieces that need senior attention now, as an extension of their own

role, not a replacement for it. And for companies that have nobody in the seat at all,

the seat itself can be filled fractionally: an experienced localization manager, solo or

with a team behind them, running the program part-time until the volume justifies a

full-time hire, or indefinitely if it never does. Building this level does not have to mean

hiring for it. What is non-negotiable is that the level exists and that the company owns

the outcome: whoever runs the program, fractional or employed, is accountable to

someone inside the business who tracks the metrics and carries the budget

conversation. That principle returns in Section 12. Whoever holds this level is the

architect of the factory, and Section 8 returns to why the work is becoming more

strategic, not less.

The language level belongs to the Language Intelligence Lead. One per main

language: a German LIL, a French LIL, a Japanese LIL. Think of the LIL as the language

manager in the age of AI. Each one owns their language’s control levers, runs error

analysis for their language, maintains its error library, directs the language specialists

working in it, and reports quality trends upward. The German LIL does not review

every German segment. They make the system that produces German better every

month.

Like the program level, this role flexes with maturity and structure: in-house at

companies with the volume to justify it, fractional where it does not, and often a mix,

in-house for the top market, fractional for the rest. What it cannot be is an

afterthought. Handing the title to whichever freelance translator is available does not

create a LIL, because the work runs on specific skills and methods that translation

experience alone does not provide: error categorization, pattern analysis, rewriting

assets for machine use, and turning quality data into upstream fixes. And there is a

second failure mode that only appears at scale: recruit an independent freelancer per

language, each inventing their own way of working, and you get five languages

improving through five incompatible approaches. Error libraries that cannot be

compared. Assets structured differently per language. Quality trends nobody can read

across the portfolio. The language level needs what the program level needs: a

shared model and a consistent way of working, so that every language improves

through the same method and the localization manager can manage the whole rather

than five separate crafts.
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The LIL does not replace the localization manager, and the localization manager

cannot substitute for the LILs, for a simple reason: the language-level work cannot be

done by anyone who does not live in the language. What the manager provides is the

structure the LILs operate in; what the LILs provide is the judgment the structure exists

to apply. A program with a manager and no LILs has a well-designed factory with

nobody calibrating the machines. A program with LILs and no manager has excellent

calibration and no factory.

Managing by success criteria

There is a management shift hidden in this model. A factory manager does not

assemble every widget by hand, and does not inspect every widget either. They design

the line, set the standard, and check the measurements. The equivalent here: give the

system success criteria rather than supervising every segment. Define what good

means per content tier, wire the checks that enforce it, sample the output, and spend

management attention on the exceptions and the trends.

At the client from the opening of this section, the mindset shift was visible in the

linguists themselves, and it always happens the same way. In the first weeks, the newly

appointed LIL fixes every error they meet, because that is what years of post-editing

train you to do. The transition comes when they notice the same error type recurring,

and instead of fixing instance 47, they go upstream and change the glossary entry or

the style rule that keeps producing it. The first time an asset update wipes an entire

error category out of the next batch, the click happens. They stop seeing segments

and start seeing the system. Within two quarters, that team’s review load on routine

content had dropped by a third, not because anyone reviewed faster, but because the

errors stopped being produced.

That is the compounding property that makes this model structurally different from

post-editing: the work done this month reduces the work required next month. A

program that only fixes output runs the treadmill forever, at whatever speed the AI

sets.
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Applied Tip: Count how many times your team fixed the same class of error last

quarter. Every repeat is not a review failure; it is a missing upstream rule. The size of

that count is the size of the opportunity.
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“
The program’s product is not
translations. It is the system that
produces them.
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07
The Localization Harness: What
Surrounds the Engine

There is a temptation, when a program starts working with AI, to treat the model as

the system. A new engine comes out and the program gets better. Output disappoints

and the engine takes the blame. The model becomes the explanation for everything

good and everything bad, and the improvement roadmap becomes a procurement

roadmap: evaluate engines, switch engines, wait for the next engine.

That intuition is wrong, and it leads to the wrong investments. It is also not unique to

localization: enterprise AI programs fail across every function for the same reason,

and the post-mortems rarely name the model. They name integration, workflow fit,

and the absence of any system that learns from what went wrong. Localization has its

own version of that evidence. In the same 2026 survey where 95% of teams reported

using AI or machine translation, one in five reported quality incidents or regressions

from those workflows.
1
 With adoption that close to universal, the teams having

incidents are not running different engines from the teams that are not. They are

running them with less around them. The engine was never the problem. Everything

around the engine was missing.

Localization has a name waiting for that “everything around”: the harness. The engine

translates. The harness is what surrounds it: the language assets from Section 4, the

platform configuration that enforces them, the routing rules that send each content

type to the right treatment, the QA profiles and quality gates, the escalation paths, and

the dashboards that tell you whether any of it is working. A useful equation:

Program = Engine + Harness.

And a useful proportion to hold onto: the engine is maybe ten percent of the outcome.

The harness is the rest. Which is good news, for one specific reason: the engine

belongs to a vendor, but the harness belongs to you. Every improvement you make to

it is yours, it compounds, and it travels with you even if you switch engines next year.

The four elements, wired as a loop
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A working harness has four elements, and the wiring between them matters more

than any single one.

The platform is the operating system: it routes content, stores and enforces the

assets, applies the workflow rules, and provides visibility across languages. The

engine produces translations at scale, and many programs sensibly run more than

one, for different content types or language pairs. The language assets tell the

engine what good looks like: the control levers from Section 4, maintained per

language by the LILs. The review layer is the human expertise at the end: catching

what the machine missed, categorizing every error, and feeding the findings back

upstream.

Wired properly, these four form a loop, not a pipeline. The engine produces output

shaped by the assets. Review catches and categorizes the errors. The error analysis

drives asset updates. The updated assets produce better output on the next batch. A

pipeline processes content. A loop gets better every time it runs, and the difference

between the two is nothing more than whether the feedback arrow exists.

One wiring detail deserves its own sentence: enforcement beats reference. A

glossary the engine may consult is a suggestion. A glossary the platform enforces

mechanically before output is generated, blocking forbidden terms, applying

preferred ones, is a rule. The same distinction applies to style conventions and QA

checks. Every asset that moves from “available” to “enforced” removes a whole class

of errors from ever being produced, which is always cheaper than catching them.

This is why the claim from Section 4 bears repeating in stronger form: most AI quality

failures, examined honestly, are configuration failures. A missing glossary entry. A

tone sheet nobody loaded. Campaign copy routed through the help-center workflow. A

QA profile that was never switched on. When the output disappoints, the first question

is not “which engine should we try next?” It is “what did the harness fail to tell or

enforce?”

What no harness looks like

Three departments. One company. All doing localization.

Marketing built a custom GPT one afternoon: brand voice pasted into the prompt,

campaign copy translated on demand. Fast, cheap, no coordination required.

Customer Success runs help articles through a free MT tab whenever a German or

Korean customer needs one; nobody on the team reads either language, but the

articles “look fine.” Product inherited an MT connector configured two years ago by

someone who has since left; there is a glossary file somewhere, possibly outdated.

Each choice was locally rational. Nobody designed the aggregate.
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Julia, in Germany, is the aggregate. She signed up after seeing a German campaign

that described the product in words that made sense to her. The product UI uses

different German words for the same features. Stuck, she opens the help center and

finds an article referring to buttons that do not match her screen. She takes a wrong

turn, gives up, and files a ticket. Support answers in English. No single decision

produced Julia’s experience. The absence of a harness did: three engines, three sets

of improvised rules, no shared terminology, no shared memory, and nobody able to

see the whole.

In the research behind my book, Localization in the Age of AI, a large collaboration-

software company hit exactly this pattern as AI tools became easy to set up: teams

went their own way, not out of malice but because they needed speed, and the

company ended up with three versions of its brand voice in German. The fix was not

prohibition. It was infrastructure: a central platform with integrated AI that was faster

and better than anything a department could build in an afternoon. Once the shared

system won on convenience, adoption followed on its own. That is the general rule for

the silos problem: you do not beat rogue workflows with policy. You beat them with a

harness good enough that nobody needs to work around it.
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Applied Tip: Audit your harness with six questions. Where does content enter the

workflow, and is any of it moved by hand? Is the platform actually the central system,

or a tracking tool while the real work happens in email? What AI is in use, officially

and unofficially? What assets exist, and when were they last updated? Who owns

quality, and what data would show it is slipping? What does the team actually know

how to use? The gaps cluster around two things in almost every program: manual

handoffs and unmaintained assets. Start there.
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“
The engine is maybe ten percent of
the outcome. The harness is the rest,
and it is yours.

Can’t We Just Use AI? · Undertow 33



08
The Two Modes: Post-Editor and
Language Intelligence Lead

Everyone working with AI output in localization operates in one of two modes, and

most professionals move between them in a single week.

In-the-loop mode is segment-level work: reviewing output as it comes, fixing what is

wrong, approving what is right. It is the mode of post-editing and of high-stakes review,

and it offers fine-grained control with immediate feedback. For content where every

sentence matters, a regulatory notice, a launch headline, it is exactly the right mode.

Directing mode operates a level up: defining what good looks like before

production, maintaining the assets that enforce it, sampling output instead of reading

all of it, analyzing error patterns, and managing by exception. Control is goal-level,

feedback is delayed, and the leverage is enormous: one asset fix reaches every future

segment.

Both modes are legitimate. The trap is living only in the first. A professional who

touches every segment caps their throughput at reading speed, and caps their role at

the same level: when the volume triples, segment-level work does not scale with it,

and the market prices that work accordingly. The industry has already seen where that

leads: post-editing rates compressing year after year while the demand for people

who can direct the system keeps growing.

What directing mode looks like in a week

The concrete picture, from the framework in my book, Localization in the Age of AI, is

the working week of a per-language LIL. Take the German LIL. Roughly 45% of the

week goes to high-impact review: not everything, but the content where errors are

most costly, and every error fixed is also categorized and tagged, which turns review

from a cleanup task into a data source. About 25% goes to the control levers:

updating the glossary, the style guide, the tone sheet, in the machine-adapted form

Section 4 described. Around 20% goes to error analysis: sampling output across

content types, finding the patterns, maintaining the error library that turns individual
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fixes into institutional knowledge. The remaining 10% goes to reporting quality trends

upward in business language: “the German campaign needed 40% less revision this

quarter, here are the three glossary updates that did it.”

Read that split again and notice what it means: more than half the week is spent

making the system better rather than making today’s batch acceptable. That is the

structural difference between a LIL and a post-editor, and it is why the work

compounds. The post-editor’s Monday looks identical every week. The LIL’s Monday

gets easier every month, because the errors they eliminated upstream stay

eliminated.

The career argument

For linguists, the trajectory across the industry is visible: away from producing

translations, toward quality leadership, asset and terminology management, error

analysis, and cultural consulting. This is not a demotion dressed in a new title. It is an

expansion of scope, and the professionals who make it are doing more interesting and

more valuable work than segment review ever offered. A Japanese LIL who can

explain to a product team that Japanese builds politeness directly into its grammar,

that the onboarding flow therefore needs a more respectful register than the

marketing site, and who can then encode that decision into assets the AI applies

automatically, is doing work no model and no generalist can do.

The uncomfortable half of the argument: this transition will not be offered. It has to be

claimed. Define your value in the new workflow before someone else defines it for

you, because the definition written without you will look like post-editing at

compressed rates. In the same research, the linguists who thrived were the ones who

rewrote their own job description: who showed, with evidence, what happens to output

quality when an expert guides the system versus when nobody does. The error library

entry that eliminated an error class is the new portfolio.

The cost of getting this wrong does not land only on linguists. It lands on the

companies that lose them, and Lena’s story shows how.

Lena spent twelve years in fintech localization. A native German speaker with deep

knowledge of financial regulatory language, she was the kind of specialist who could

spot a compliance risk in a translated UI string before the legal team did.

Eighteen months ago, she left the industry. Not because a machine replaced her. She

looked at where the market was heading, saw the interesting work shrinking and the

rates for what remained compressing, and decided that twelve years of expertise was

worth more than a future of post-editing. So she took it elsewhere.

Six months after she left, a fintech expanding into Germany shipped a product update

with a subtle regulatory terminology error. The automated checks passed it. The

generalist reviewers missed it. It took three weeks to identify, correct, and push the fix.
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Lena would have caught it in the first pass. She was no longer available, and no one

like her was either.

That is the sequence to remember: the market compressed the role, the expertise

walked away, and the company paid for it later, at the worst possible moment. Design

roles worth staying for, or lose the people your most critical content depends on.

For localization managers, the same two modes exist one level up. A manager in

permanent in-the-loop mode, routing requests, chasing files, approving invoices, is

running a service queue that AI is steadily absorbing. A manager in directing mode is

designing the program: the harness, the tiers, the metrics, the story leadership hears.

Section 6 already named where that path leads: linguists grow into LILs, and the

manager grows into the architect.

Applied Tip: Look at last week’s calendar for your most experienced linguist. If most

of their hours went to reviewing routine content segment by segment, the allocation

is backwards: their judgment belongs on the high-stakes 20% and on the assets, and

the system should be carrying the routine. The fix is usually routing, not hiring.
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09
The 80/20 of Going Global

AI gets you 80% of the way there. The last 20% is where competitive advantage lives.

Both halves of that sentence deserve precision, because together they answer the

question this paper is named after.

The 80% is real. For structured, factual content in well-resourced language pairs, a

properly harnessed engine produces output that is close to right: terminology

consistent if the glossary is enforced, conventions correct if the style guide is doing its

job, register close if the tone sheet is loaded. The human role in this 80% is oversight:

sampling, catching edge cases, keeping the feedback loop running. Programs that

resist automating this tier are not protecting quality. They are spending their scarcest

resource, expert human attention, on work that no longer needs it.

The 20% is where brands are made or broken, and it does not yield to scale. It is the

campaign that feels written for a German buyer rather than translated for one. The

cultural reference chosen by someone who knows the market, because they live in it.

The humor that lands in Italian because it is grounded in something true about Italy,

not a translated joke. The onboarding flow in Japanese that gets the formality level

exactly right for the relationship the brand is building. The product name in Chinese

that sounds confident in Shanghai without sounding boastful, a line a model cannot

walk because the line is cultural, not linguistic.

Here is the strategic point hiding in that split: the 80% is available to everyone.

Your competitors have access to the same engines you do. Output produced by an

unguided model is, by construction, the average of what everyone else ships. If your

German is generic AI German and their German is generic AI German, language has

stopped being a differentiator, and you are competing on price and features alone.

The 20% is the only part of localization your competitors cannot copy by subscribing

to the same tool. That is why it is not a cost. It is the moat.

Why the errors got more dangerous as they got smaller
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The nature of AI errors has shifted, and the shift explains why the 20% cannot be

automated away. A decade ago, machine translation errors were loud: broken

grammar, obvious nonsense, everyone could see them. Today’s errors are quiet and

fluent. The register that drifts formal until a friendly brand reads like a tax office. The

idiom translated into a grammatically perfect sentence that means nothing. The

Korean speech level that is technically polite and socially wrong for the relationship.

Tomás, from Section 3, learned the shape of this failure: nothing mistranslated,

everything off. These errors pass automated QA, read cleanly to non-native reviewers,

and get caught by exactly one mechanism: a native-speaker expert who knows the

market and the brand, looking at the content where it matters.

Which is what makes vibe localization so treacherous at the edges: it ships the 80% as

if it were 100%, and the missing 20% does not announce itself. It surfaces months

later, in conversion rates and churn cohorts, wearing someone else’s label.

Where the 20% concentrates is predictable, and the failure modes are consistent

enough to plan for: brand tone in context, humor and wordplay, cultural references,

high-visibility UI moments, domain content where a terminology error carries legal or

safety weight, and lower-resource language pairs, where model quality drops and

human oversight has to rise to compensate. Every one of these is a place where the

workflow should route content toward human judgment by design, not by luck. That

routing question, which content gets which treatment, at which cost, is the subject of

Section 11’s economics discussion.

Consider one last mini-case, because it compresses the whole argument. Yuki, the

Japanese LIL at a productivity software company, reviewed the AI draft of a launch

campaign. The English headline leaned on an idiom: “Stop herding cats.” The AI

translated it accurately, and the Japanese headline became a sentence about cats.

Nothing was technically wrong, and the campaign’s most important line meant

nothing to the audience it was written for. No QA check flags “faithful translation of a

joke that no longer exists.” A native expert flags it in one read. Yuki threw the headline

away and rebuilt the idea around an image that works for her market. The model got

the campaign to 80% in four minutes. Yuki’s afternoon gave it a reason to exist in

Japan. That is the division of labor, and it is the answer to “can’t we just use AI”: yes,

for the four minutes. The afternoon is where you win the market.
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Applied Tip: List your five most visible content types per market: the pricing page,

the onboarding sequence, the top campaign, the core UI strings, the first support

touch. Mark which of them are currently shipping as unreviewed 80% output. That list

is your risk register. Closing it starts with routing changes, not a program overhaul,

and the review hours it needs are usually found in the same exercise: expert time

currently spent on routine content the system should be carrying.
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“
The 80% is available to everyone. The
20% is the moat.
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10
Quality as a System, Not a Review Step

Ask most localization programs how they manage quality and the answer is a place:

the review step. Content gets translated, then it gets reviewed, and quality is whatever

survives that step. Ask what the review found last quarter, which error types are

trending, and whether the German output is better or worse than six months ago, and

the answer is usually an impression, not a number.

That is quality as a step. Engineered localization treats quality as a system, and the

difference shows up in three practices: a defined rubric, a testing protocol, and a

flywheel that turns every error into an upstream improvement.

The rubric is the contract

Section 3 established that verification needs two mechanisms working together:

automated checks for the deterministic parts, human review for judgment. What

makes the human half a system rather than an opinion is the rubric: a written

definition of what counts as an error, how errors are categorized (terminology,

mistranslation, style convention, tone violation), how severe each category is, and

what rate is acceptable for each content tier.

Without a rubric, a quality bar measures nothing. Two reviewers disagree and there is

no way to resolve it. A stakeholder says the Spanish “feels off” and there is no way to

test the claim. With a rubric, quality becomes discussable: this batch had two minor

terminology errors per thousand words, the threshold for this tier is three, the batch

passes. The rubric is also the contract with the AI, in the most practical sense: it

defines exactly what the assets and the QA gates need to prevent, and it defines what

“better” means when you change them.

A useful bar for any program: judge the system on the sample, not the demo. A demo

shows the AI at its best, on content picked to impress, run once. A sample is drawn by

a method fixed in advance, a representative slice of real content on a regular

cadence, scored against the rubric. Someone still chooses the method, but they

choose it before seeing the results, which is exactly the point. The demo answers “can

this work?”. The sample answers “does this work, reliably, on our content?”. This
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matters most when a vendor demo impresses your leadership. The program does not

need to argue against the excitement. It needs to put its own numbers on the table:

here is how our current setup scores on our real content, and here is the bar the new

tool has to beat on the same test.

The testing protocol

Quality systems earn their keep when something changes: a new engine, a rewritten

glossary, a new content type. The discipline, from the research behind my book,

Localization in the Age of AI, comes down to three practices.

Baseline before deployment. Before any new configuration touches live content,

run it against a test set that expert linguists have already translated and approved.

Compare, segment by segment. Measure how far the AI output sits from the approved

standard, and where. Now you know what the configuration actually does, before

customers do.

Sampling after deployment. On a fixed cadence, the LIL for each language reviews

a representative slice of output across content types, against the rubric. Not to catch

every error, but to catch the trends: which error types are recurring, which content

categories drive revision, which language is drifting. Without the cadence, quality

degradation is invisible until it becomes a complaint, and by then it has been shipping

for months.

A/B testing for changes. When you update an asset, run the new configuration

against the old one on the same content. This is how upstream work becomes visible:

the glossary update either reduced terminology errors or it did not, and you have the

numbers either way. One rule keeps the whole protocol honest: change one thing per

test window. Update the glossary and the tone sheet in the same week and you will

never know which one moved the needle, or which one masked the other’s regression.

The flywheel

Wire these practices to the error library from Section 6 and you get the mechanism

that makes engineered localization compound. Five stations, in a loop:

Measure output against the rubric, through automated QA and sampled review.

Diagnose by clustering errors to their root causes: not “47 errors this month” but

“three patterns, and pattern one is a glossary gap.” Fix upstream: change the asset,

the routing rule, or the source content, not just the sentences. Verify the fix against

the baseline, so the improvement is a fact rather than a feeling. Monitor production

for new failure modes, which feed the next cycle.
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Every loop leaves the system permanently better: an asset improved, an error class

eliminated, a pattern documented in the error library where the next linguist, or the

next language, can find it. A mature error library is institutional memory in its most

useful form. A new team member can read it and learn in hours what this program’s AI

gets wrong, why, and what fixed it, knowledge that otherwise takes a year of reviewing

to accumulate.

At one client program we manage, this cadence is a monthly ritual: sample, cluster,

fix, verify. Two quarters in, German campaign content needed 40% less revision than

when the cadence started, and the quality report could name the three glossary

updates that did most of the work. That last part matters as much as the number. A

program that can say “here is how quality moved, here is what moved it, and here is

what we are testing next” is having a different conversation with leadership than a

program reporting that things seem fine. The same data that runs the flywheel funds

the program: it is the evidence base the next section turns into money.
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Applied Tip: One change per test window. It is the cheapest discipline in this paper

and the most commonly skipped. Batch your asset updates into separate windows

and the flywheel produces evidence; batch them together and it produces noise.
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11
The Economics of AI Localization

When leadership evaluates AI in localization, the conversation usually starts and ends

with one number: cost per word, and how fast AI makes it fall. That number is real, and

it is the wrong number. The right number is the total cost of owning a multilingual

presence: producing it, fixing it, maintaining it, and paying for what it breaks. On that

number, vibe localization and engineered localization tell opposite stories over time,

and the crossover is the single most important chart a localization manager can put in

front of a CFO.

The hidden debt of  vibe localization

Vibe localization looks unbeatable in month one. The barrier to entry is a subscription

and a prompt. No assets to build, no platform to configure, no specialists to engage.

Output appears instantly and the per-word cost rounds to zero.

The debt accumulates off the books, in five accounts.

The rework tax. Unguided output needs correcting, batch after batch, and the same

errors return weekly because nothing upstream ever changes. Recall the finding from

Section 5: reviewing unguided AI output can take two to three times longer than

reviewing a specialist’s work. Teams pay this tax in expert hours, the most expensive

line in the budget, while the per-word number keeps looking cheap.

The revenue leak. This is the account nobody audits, because the losses arrive

without a localization label. The research is blunt about the stakes: in CSA Research’s

long-running international consumer studies, roughly three quarters of buyers prefer

products with information in their own language, and around 40% will not buy in

another language at all.
3
 Language quality moves revenue. When the German

campaign converts at half the English rate, the CRM says “price sensitivity” and the

post-mortem says “market fit.” Julia, from Section 7, did not file a complaint about

localization. She just did not renew.

The support surcharge. Every unlocalized or badly localized help article is a ticket

waiting to happen, answered by a human, in a queue, at many times the cost of the

article that would have deflected it.
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The emergency premium. When a quality incident finally surfaces, a compliance

term, a damaging campaign, the fix is urgent, external, and priced accordingly. Lena’s

former client paid three weeks of scramble for an error that upstream enforcement

would have blocked for free.

The do-over. The deepest debt: content produced through vibe localization leaves

nothing behind. No translation memory, no terminology decisions, no assets. The day

the program professionalizes, all of it is rebuilt from zero, and the money spent on the

chaos era bought nothing that lasts.

The investment curve of  engineered localization

Engineered localization inverts the shape. The upfront cost is real and should be

stated plainly: building the control levers, configuring the platform and the QA gates,

establishing the LIL function, documenting the workflows. Weeks of effort before the

first improved batch ships.

Then the marginal cost per batch, per language, per market starts falling, and keeps

falling, because everything that was built compounds. A glossary maintained for two

years produces better output than one built last month, automatically, in every

language it covers. Every error class the flywheel eliminates stays eliminated. Every

asset travels to the next engine, the next market, the next reorganization. The 40%

revision reduction from Section 10 is what this curve looks like from the inside: the

same content, the same team, less cost every quarter, because the system is carrying

more of the load.

Plot the two curves and they cross. Before the crossover, vibe localization is cheaper

and leadership is right to ask why you need all this structure. After it, the gap widens

every month, in the engineered program’s favor, forever. The strategic error is

judging the race at month one, which is exactly where the “AI made this free”

narrative judges it.
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Routing is where the money is

One decision moves the economics more than any tool choice: matching each

content type to the right treatment. Section 9 established that the 20% is where

human judgment belongs. The Translate, Adapt, Create framework from my book,

Localization in the Age of AI, turns that into an operating model: Translate for content

where accuracy is the job, AI does the heavy lifting, a human quality-checks; Adapt

for content where a human meaningfully reworks the AI draft, register, structure,

emphasis, including product UI; Create for content where the source is a brief, not an

input, and a market specialist leads, with AI as an assistant at most.
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Misrouting is expensive in both directions. Route everything through Create-level care

and the program becomes a bottleneck with a burn rate: expert hours spent polishing

release notes nobody reads twice. Route everything through Translate and the brand

ships its launch campaigns at chatbot quality: cheap words, expensive consequences.

In the same research, one company that built this triage into its platform found the

whole program got faster and the high-stakes content got better at the same time,

because the specialists stopped spending their energy on content that did not need

them. Efficiency and quality are usually framed as a trade-off. Routing is the

mechanism that buys both.

The pilot: how to buy the program with a small bet

None of this requires leadership to fund a transformation on faith. It requires them to

fund a test, and the test should be designed like an investment proposal, because that

is what it is.

Sofia, a localization manager, made the argument twice. The first time, she brought a

deck about translation quality, language coverage, and turnaround improvements.

The CFO listened, asked about return on investment, got an answer about linguistic

consistency, and the meeting ended with a promise to revisit in Q3, which everyone in

the room understood to mean never.

The second time, she brought a different deck. French sign-ups were converting at

half the English rate. She proposed a six-week pilot: localize the critical path for

France properly, the campaign, the landing page, the core product flows, the
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onboarding sequence, the top help articles, with pre-agreed metrics and a threshold.

The pilot cost €12,000. Closing half the conversion gap was worth roughly €43,000 in

annual recurring revenue per monthly cohort of sign-ups, compounding with every

cohort after that. The CFO asked two questions and approved it in the room.

Same program. Same person. The first deck asked for a budget. The second offered a

bet with a measurable payoff and a bounded downside, and CFOs approve bets like

that for a living. The structure travels: one market with enough volume to measure, a

scoped critical path, two or three metrics you already track, a stated threshold for

what triggers the next phase, and a specific number attached. Run the localization

function like a startup inside the company: a small bet, evidence fast, and the next

round earned by results.

One more reframe belongs in the leadership conversation, because it changes how

the function is seen. The gains from AI do not have to be returned as savings; they can

be redeployed as capability. In the same research, one team used the capacity AI

freed up to take on market-specific creative work their regional teams had always

wanted and never got, and the effect went beyond output: regional stakeholders

stopped treating localization as a translation counter and started treating it as a

partner. “Localization costs less” is a story leadership forgets by the next budget cycle.

“Localization now does things we could not do before” is a story they repeat.

Applied Tip: the four objections, and where the answers live. “Google

Translate is free”: free words that repel buyers are not free; the revenue leak is the

price tag, and roughly 40% of buyers will not buy in another language at all.
3
 “Our

market speaks English”: the customers already signing up despite the language

friction are evidence of demand, not absence of it; you have measured the part of the

market that tolerates English, not the whole market. “No budget right now”: that is a

timing objection, so ask what evidence would put it on next quarter’s agenda, then

run the €12,000-scale pilot that produces exactly that evidence. “We tried localization

before and it didn’t work”: diagnose why, because past failures trace to four causes,

wrong scope, no measurement, no owner, no infrastructure, and every one of them is

specifically what the engineered program fixes. Name the cause, show the fix, and the

old failure becomes the argument for the new approach.
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“
The gains from AI do not have to be
returned as savings. They can be
redeployed as capability.
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12
Where to Start

Daniel took over a localization program two weeks ago. He came from a company

where the program was mature: documented workflows, a properly configured

platform, clear ownership. This one is different. He asks where the process

documentation is; there might be something in a wiki from two years ago, but the

person who wrote it left. He asks how content gets prioritized: “whoever shouts

loudest.” He asks who reviews the AI output and against what criteria: “it varies,

sometimes nobody if it’s urgent.” He asks for the current quality metrics; the

dashboard broke a while ago and nobody fixed it.

None of this is unusual. It is the default state of a program that grew without structure,

and it is where most readers of this paper are starting from. The work gets done,

content ships, markets get covered, but it is held together by individual knowledge and

heroic effort. It is not a system yet.

The gap between that state and everything this paper has described can look

overwhelming. It should not be. The whole point of the life cycle, the levers, the

harness, and the flywheel is that they can be built incrementally, one workflow at a

time, each step producing evidence that funds the next. Here is where to start,

depending on which seat you are in.

For localization managers

Audit your real AI usage, official and unofficial. Every custom GPT, every

free MT tab, every connector someone configured and forgot. Include what other

departments run on their own. You cannot fix silos you have not found, and the

audit itself, the six questions from Section 7, usually takes days, not weeks.

1

Build the asset baseline for your priority languages. Glossary rewritten as

explicit instruction. Style guide as machine-checkable conventions. Tone of voice

sheet per language. Give the AI what you would give a new linguist on day one,

and start with the two languages where the revenue is.

2

Pick one workflow and engineer it end to end. One content type, assets

enforced, QA gate wired, error library started. Resist the urge to fix everything at

3
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For leadership

once: one workflow built properly teaches more than ten half-configured, and it

gives you the before-and-after numbers everything else will be sold with.

Define the rubric before you scale the volume. Error types, severity,

thresholds per content tier, sampling cadence. The rubric is the contract with the

AI and with your stakeholders, and it is what turns “quality feels fine” into a

number that survives a budget meeting.

4

Measure, then report in business language. Revision rates, turnaround, and

wherever you can get it, conversion and retention by market. The data from your

one engineered workflow is the business case for engineering the rest.

5

Deliver the message upward yourself. Explain to your leadership the

difference between vibe localization and an engineered program, in your own

words, before a quality incident explains it for you. Giving you the material for that

conversation is exactly why this paper exists.

6

Treat AI localization as an investment, not a procurement decision.

Buying a tool without funding the assets, the gates, and the ownership produces

speed without quality, and Section 11 priced what that debt compounds into. The

teams seeing structural gains paired the engine with a harness from day one.

1

Set the bar at measured quality, not the demo. A demo proves the system

can succeed once, on content chosen to impress. Ask instead for the sample: a

regular review of your own real content, scored against agreed quality criteria.

That review produces a number. Fund what improves that number, not what looks

good in a demo.

2

Fund the harness, not just the engine. The subscription is the cheap part.

The assets, the platform configuration, the quality system, and the dashboards

are where the return actually comes from, and unlike the engine, they are yours:

they compound, and they survive every vendor change.

3

Staff both levels of the role structure, and know that neither requires a

hire on day one. The program level: localization management, owning strategy,

technology, workflow design, and the stakeholder conversation. The language

level: a Language Intelligence Lead per main language, owning that language’s

assets, AI setup, and quality. For each level there are three honest paths: grow the

capability internally, hire it, or bring it in fractionally, and the right answer

depends on volume, maturity, and how fast the program needs senior capability.

This is what Undertow provides, to be precise about where this paper’s author sits:

fractional localization management, fractional language intelligence

management, and fully managed programs. Two things stay true regardless of

who provides it. Fractional capability extends the internal owner; it does not

4
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For translators and reviewers

The first ninety days

Every one of these lists compresses into the same sequence: assess what exists,

define the target state, implement and document as you go. That sequence,

expanded week by week, with the assessment checklists, the SLA frameworks, and the

market onboarding process, is the 90-Day Blueprint in my book, Localization in the

Age of AI, and the companion workbook that goes with it. This paper is the why and

the what. The Blueprint is the when. Daniel’s program, ninety days after that first

bewildering week, had a documented workflow, a content segmentation map,

enforced assets for two languages, and a quality report leadership actually read. Not

everything. Enough to make the next quarter’s case, which is all a first quarter has to

do.

replace them. And the language level is never “whichever freelancer is

available”: it needs the specific skills and the shared working model that Sections

6 and 8 described, or you get five languages improving through five incompatible

methods.

Hold the program accountable to outcomes, and give it an owner. A

program without an internal owner drifts, whoever executes it. A program that

produces results nobody measures is indistinguishable, at budget time, from a

program that produced nothing. The dashboard from Section 10 is not reporting

overhead. It is how the program keeps earning its funding.

5

Own the narrative before someone writes it for you. Define what you bring

that the AI does not, in writing, to the people who decide what your role is. The

definition written without you will look like post-editing at compressed rates.

1

Move from producing to directing. Learn the assets, the error analysis, the

workflow logic. The leap from linguist to Language Intelligence Lead is smaller

than it looks: the linguistic judgment you already have is the hard part, and the

analytical layer is teachable.

2

Build the evidence. The glossary rewrite that eliminated an error class, the

error library you started, the before-and-after from an asset update: that is the

new portfolio, and it makes the case for the role in a way no job title can.

3

Keep the craft sharp. The 20% exists only because someone can still tell right

from plausible. Deep language skill, domain knowledge, and cultural instinct are

what the whole system runs on. They are becoming more valuable, not less,

precisely because they are becoming rarer.

4
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13
Conclusion: Judgment Is the New
Deliverable

The question from the first page deserves its answer.

Can’t we just use AI? Yes. Your team is almost certainly using it already, and so is every

competitor you have. The honest version of the answer is that “using AI” was never

the decision. The decision is whether the AI operates inside a system that makes its

output trustworthy, or alongside the wishful thinking that it will be fine. The first is

engineered localization: assets that teach the machine what good looks like, a harness

that enforces it, a quality flywheel that improves it every cycle, and people whose

judgment is aimed where judgment wins markets. The second is vibe localization, and

the bill for it arrives late, unlabeled, and larger than the budget it was supposed to

save.

The transformation this paper describes is not a forecast. The loop is already

compressing: models keep improving, content keeps fragmenting across formats and

channels, speed expectations keep rising, and the line between creating content and

localizing it keeps blurring toward market-specific generation refined by market

specialists. Every one of those trends raises the value of the same two capabilities:

deciding what good looks like for each market, and verifying that the system delivered

it.

Three principles will outlast every tool named or unnamed in these pages.

Structure scales. Vibes do not. Vibe localization is a fine tool for exploration and

throwaway content. For the content a company’s revenue depends on, the discipline

of engineered localization is not optional, because the gap between “reads fine” and

“right for this market” is where churned customers, flat campaigns, and quiet brand

damage live. The distinction is not whether you use AI. It is what surrounds it.

AI amplifies the program it lands in. A program with clear strategy, maintained

assets, expert linguists, and documented process gets amplified in quality, speed, and

reach. A program without them gets amplified in inconsistency, at a scale and speed
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that manual workflows never achieved. The multiplier is indifferent to what it

multiplies. That is why the foundations come first, and why the companies that built

them are pulling away.

The human role is evolving, not diminishing. The professionals who can define

what good looks like in a market, direct the system that produces it, and verify the

result are more valuable than they have ever been. The skills are shifting from

producing words to exercising judgment, from translating content to building the

system that translates it. For the people willing to make that shift, and for the

managers willing to build the structure around them, this is the most interesting

moment this industry has ever had.

Translation is becoming automated. Judgment is not. Direction, verification, and

cultural judgment are the new craft.
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“
Translation is becoming
automated. Judgment is not.
Direction, verification, and
cultural judgment are the new
craft.
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YO UR NEXT  ST EP

Where does your program actually
sit?
The spectrum in Section 3 is easier to argue about than to place yourself

on. The Grow-Ready Snapshot is a free four-minute self-assessment

that returns your stage on the Localization Maturity Model, from Reactive

to Globalized, alongside the answers that put you there. Your result

appears immediately, no email required.

It also routes. A program at Stage 2 and a program at Stage 4 do not

need the same next conversation, and the Snapshot points each one at its

own.

The frameworks here, the life cycle, the control levers, the Translate/Adapt/Create model, the LIL role,

and the full 90-Day Blueprint, are developed in Localization in the Age of AI. Ongoing analysis in the

newsletter. The Multilingual Content Podcast for the conversations behind the research. Undertow works

with tech companies as the fractional layer of this exact model: fractional localization management (the

program level), fractional language intelligence management (per-language LILs), and fully managed

programs.
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own language; 40% will never buy from websites in other languages. https://csa-

research.com/l/media/Consumers-Prefer-their-Own-Language
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