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Abstract
Some languages pay more tokens than English for identi-
cal content. For model APIs, this token premium is well
established. Inside a web agent, it is unmeasured. There, the
tokenizer’s bill is only the entry fee. Context windows trun-
cate sooner. Extractors tuned on English layouts fail in new
ways. Retries multiply the base cost. And actions grounded
in translated text can miss their targets on the source page.
We introduce a methodology that isolates language as the
only variable. Many sites publish the same page in several
languages. These parallel editions hold content and stack
constant, so each pair becomes a controlled experiment. As
a !rst step, we complete a 23-language pre-study on one
parallel document. It sets the "oor of the tax. Under the
English-centric BPE of the !rst agent era, identical content
costs 2–23→ more tokens outside English. A modern 256k
multilingual vocabulary narrows the gap but does not close
it: Farsi still pays 1.4→, Hindi 2.0→, and Burmese 6.2→. The tax
follows vocabulary allocation, not script. Chinese reaches
English parity while alphabetic Georgian pays 3.9→. An eq-
uitably allocated research tokenizer "attens the curve to at
most 2.2→. The tax, in short, is a choice. We release Twin-
Pages, a corpus builder over the top 1,000 ranked origins and
their language editions; an agent-cost protocol over it; and
a four-clause language contract for agent runtimes, whose
!nal clause checks every non-English extraction against the
parallel English page.

Keywords: web agents, multilingual, tokenization, ML for
systems, measurement, deployment

1 Introduction
Ask a frontier assistant a question in Farsi and the answer
often reads like English wearing a Farsi costume: translated
phrasing, not native prose. Speak the question instead of
typing it and the outcome can be starker, transcribed cor-
rectly by one assistant and not recognized at all by another.
These surface symptoms have a stack-level cause. Every
layer a web agent runs on, the tokenizer’s vocabulary, the
speech front-end, the extractor’s readability heuristics, the
context budget, the retry policy, and the invoice, was tuned
on English, and none of them declares it. We call this the
monolingual assumption: language is treated as a property
of the model when it is in fact a property of the stack.

The model-side half of the story is known. Tokenizer stud-
ies established that commercial vocabularies charge some
languages several times more tokens for the same content [1,
26, 30]. But those studies price chat: text in, text out. Web
agents [10, 37, 40] add a stack on top of the tokenizer, and
every layer of it inherits the multiplier. A context window
holds proportionally fewer pages [17]. Truncation, and the
retries it triggers, arrive proportionally sooner. Extraction
pipelines tuned on Western layouts [5] fail on scripts they
were never tested on, and an agent that reasons over a trans-
lation acts on text that no longer exists in the source DOM.
None of this compounding has been measured, because mea-
suring it requires holding the page constant while varying
only its language.
The web supplies exactly that instrument. Sites with of-

!cial parallel versions, encyclopedias, government portals,
global marketplaces, publish the same page in many lan-
guages. Such pairs hold content and stack constant while
language varies, the way a controlled study isolates a single
factor (Figure 1), and the population they are drawn from can
be made representative by starting from the most accurate
ranked list of the web [12, 31].

Contributions. This paper makes four.

• A methodology. TwinPages treats parallel-language
page pairs as controlled experiments, drawn from the
top 1,000 ranked origins and their o#cial language
editions, with a released manifest builder (§2).

• A measured !oor. A completed 23-language pre-
study under three production-grade tokenizers quan-
ti!es the tax on identical content and yields four !nd-
ings, including that the tax tracks vocabulary alloca-
tion, not script, and is therefore a design choice (§3).

• A separation protocol. An agent-cost protocol over
TwinPages whose paired design separates the stack’s
own contribution, extraction failures, retries, trunca-
tion, from the tokenizer "oor (§4).

• Amitigation contract. Four clauses an agent runtime
can enforce today, ending with a di$erential check that
turns themeasurement instrument itself into a runtime
safeguard (§5).

Broader impact. The population that pays this tax is the
population the next billion users come from. The languages
at the expensive end of Figure 2 are spoken predominantly in
markets already underserved by language technology [15],
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Figure 1. The methodology in one picture. Parallel-language
editions of the same page hold content and stack constant,
so the price di$erence is attributable to language alone (Farsi
multipliers measured, §3).

and the premium is regressive three times over: the same
information costs more per token [1], !ts less of it in every
context window, and compounds into the energy and carbon
of test-time compute [25]. Because agents act as well as read,
the assumption also converts cost inequity into capability
inequity, a booking "ow that an English-speaking user’s
agent completes may fail for a Farsi speaker’s agent on the
same site. Making the tax measurable is the precondition for
billing it fairly, budgeting for it explicitly, and engineering
it away; the contract in §5 is a !rst concrete step, and the
corpus makes progress auditable.

2 TwinPages: Same Page, Di"erent Price
Ranked population. The site population comes from the
Chrome UX Report top lists, shown by direct comparison
against CDN-side ground truth to be the most accurate rank-
ing of popular websites [31]; our snapshot [12] yields a rank-
1000 bucket of exactly 1,000 origins, and per-country editions
of the same list provide language-market strata. Page pairs.
A pair is two URLs with o#cially parallel content: Wikipedia
language links, institutional portals with language switchers,
and any ranked origin exposing hreflang alternates. The
released builder assembles a manifest of such pairs per lan-
guage. Tokenizer !oor. Before live pages, we measure the
"oor on a document that exists in parallel across hundreds of
languages, the Universal Declaration of Human Rights [34],
tokenized under three vocabularies chosen to span the de-
sign space: the English-centric GPT-2 BPE that de!ned the
!rst agent era [29, 33], the equitably allocated research tok-
enizer XLM-R [9], and amodern 256k-vocabulary production
SentencePiece [13, 16]. Code, data, and the manifest builder
are released; every number in §3 reproduces with one script.

3 Pre-Study Findings
Figure 2 shows all 23 languages; Table 1 gives exact values
for a representative subset.

F1. Under the English-centric BPE of the !rst agent era, iden-
tical content costs 2–23→ more tokens outside English; the
median non-English language pays roughly 5→.
F2. A modern 256k multilingual vocabulary narrows but does
not close the gap: 1.2–6.2→, and the poorest-resourced scripts
pay the most.
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Figure 2. Identical content, 23 languages, three tokenizers.
The English-centric vocabulary charges up to 23→; a 256k
multilingual vocabulary still charges up to 6.2→; an equitably
allocated one "attens the curve to ↑2.2→.

Table 1. Exact multipliers for selected languages (full 23-
language CSV released).

Language GPT-2 → XLM-R → Gemma →

Chinese 3.00 0.89 1.01
Arabic 3.90 1.00 1.30
Farsi 5.27 1.11 1.41
Hindi 9.18 1.32 2.00
Tamil 19.73 1.78 3.13
Georgian 15.59 1.33 3.93
Burmese 22.55 2.22 6.20

F3. The tax is allocation, not script. Chinese reaches English
parity (1.01→) while alphabetic Georgian pays 3.9→: cost tracks
vocabulary investment, which tracks training-data econom-
ics [30, 39].
F4. The tax is a choice. A tokenizer built for equitable coverage
"attens the curve to at most 2.2→ across all 23 languages, and
token-free architectures eliminate it by construction at the cost
of longer sequences [8, 35].
What the !oor buys downstream. Every stack bud-

get inherits the multiplier. Measured against our parallel
document under the 256k vocabulary, a 128k-token context
holds 62 copies in English, 44 in Farsi, 31 in Hindi, and 10
in Burmese, so truncation, and the retry loops it triggers, ar-
rive up to 6→ sooner for the same information. At per-token
prices the same content bills a 41% premium in Farsi and a
520% premium in Burmese before any agent ine#ciency is
counted, and the premium compounds into the energy and
carbon of test-time compute [25]. Findings F1–F4 are the
"oor; the protocol below measures how far live agents rise
above it.
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4 Agent-Cost Protocol
[Planned; harness released with the corpus builder.] Three
task classes run identically on both pages of every pair: ex-
tract !ve key facts as JSON; locate the section answering a
!xed question; and complete a three-step interactive "ow
where the origin o$ers one. Per run the harness logs input
and output tokens, model calls, retries, truncation events,
extraction-schema validity, and rubric-scored success, at tem-
perature zero with three repetitions and the task text held in
English while the page stays in situ. The reported unit is the
per-pair language multiplier (median and IQR per language),
with a failure taxonomy of extraction garbage, truncation,
translate-then-act mismatch, and translationese output, fol-
lowing the practice of building failure taxonomies before
mechanisms [7]. Because every run is paired against the Eng-
lish edition, agent-layer ine#ciency separates cleanly from
the tokenizer "oor of §3: the "oor predicts the multiplier if
the stack were language-neutral, and the residual above it is
the stack’s own contribution.

5 The Language Contract
The pre-study already implies four clauses an agent runtime
can enforce today (Figure 3). C1, script-aware budgeting:
context and cost budgets scale by the measured per-language
multiplier instead of a universal token constant, so a Farsi
task is not silently granted 71% of an English task’s e$ective
window. C2, extraction with refusal: when extractor con-
!dence collapses on a script it was not tuned for, the runtime
refuses and re-fetches raw content rather than hallucinating
structure, converting silent garbage into a loggable event.C3,
act-on-source binding: reasoning may use a translation,
but every action grounds in a source-DOM span, eliminating
the translate-then-act mismatch by construction. C4, dif-
ferential checking: where a parallel English edition exists,
the non-English extraction is validated against it, and di-
vergence beyond a threshold triggers C2’s refusal path. C4
turns the paper’s measurement instrument into a runtime
safeguard, and it is the clause the TwinPages manifest makes
deployable.

6 Discussion
The speech boundary. The assumption does not stop at
text. Whether spoken Farsi becomes text at all depends on
which speech front-end a product ships: massively multilin-
gual ASR trained on web-scale weak supervision covers the
language well [27, 28], while stacks descended from English-
centric benchmarks [22] or thin platform dictation may not
recognize it, and community corpora document exactly this
coverage gap [4]. In our own use, the same spoken Farsi
query is transcribed by one frontier assistant and unrecog-
nized by another, which means the tax begins before the !rst
token is billed. The protocol extends naturally: twin utter-
ances, the same request spoken in two languages, measure

the speech layer the way twin pages measure the text stack,
and emerging audio-language-model evaluations provide
the fairness axes to score against [3].

Assistant-level variation. Users report, and we observe,
that frontier assistants di$er visibly in non-English "uency:
one produces native-register Farsi while another produces
translated-sounding prose for the same prompt. This is un-
surprising once language is seen as a stack property, since
assistants di$er in tokenizer allocation (measured here across
three vocabularies), in multilingual training mixture [6, 13,
21], and in speech integration. We deliberately make no
head-to-head product claims in this paper; the twin design
turns the question into a measurable one, same prompt, two
languages, scored for translationese and task success across
assistants, and we leave that product study to the harness
rather than to anecdote.
Beyond tokens. Three further stack layers carry the as-

sumption and are visible in our failure taxonomy but not
yet priced: right-to-left layout and mixed-direction DOMs
that confuse span binding; locale infrastructure, date, num-
ber, and currency formats plus geo-redirects that change
what page a language user even receives; and code-switched
content, common in real usage, that no single-language mul-
tiplier describes. Each is a candidate !fth clause once mea-
sured.
Limitations. The "oor is measured on one parallel doc-

ument whose register is formal; web registers will shift ab-
solute multipliers, though F3’s allocation result is register-
independent by construction. Tokenizer cost is not end-to-
end quality, cheap tokens do not guarantee good answers,
which is exactly why the protocol scores task success along-
side cost. Parallel editions are imperfect twins, since local-
ization can add or drop content; the manifest screens pairs
by structural similarity and C4 exists precisely because di-
vergence is detectable. And the agent-layer numbers are the
protocol’s output, not this paper’s; we mark them as such
throughout.

7 Related Work
Token premiums and tokenizer design. Subword tok-
enization entered the modern stack through byte-pair encod-
ing [33] and language-independent segmentation [16], and
its inequity is now established at the model boundary: mul-
tilingual tokenizers charge unequal token counts for equal
content [26], the inequality prices real commercial APIs at
up to an order of magnitude [1], and segmentation qual-
ity predicts monolingual task performance [30]. The design
space that creates and can close the gap is also mapped:
vocabulary capacity can be allocated across languages delib-
erately [39], and token-free models remove the vocabulary
entirely, trading the premium for longer byte or character se-
quences [8, 35]. Our "oor study sits on this line and adds the
systems consequence: the premium propagates into every
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page
(non-English)

C1 budget
scaled by language multiplier

C2 extract
refuse over hallucinate

C3 act on source
bind to DOM spans action

English edition
from TwinPages manifest

C4 di$erential check
compare extractions

validated bindings
divergence↓ refuse

Figure 3. The language contract as a runtime pipeline. Budgets scale by measured multipliers (C1), extraction refuses rather
than hallucinates (C2), actions bind to source text (C3), and the parallel English edition audits the result (C4), feeding refusal
back into C2 on divergence.

budget of an agent stack.Multilingual models and evalua-
tion. The multilingual model lineage runs from mBERT [11]
through XLM-R [9], mT5 [36], mBART [19], and massively
multilingual translation [20], with evaluation frameworks
measuring cross-lingual generalization [14] and, more re-
cently, generative quality across languages [2]. The !eld’s
own accounting of who is served shows the long tail sys-
tematically excluded [15]. These e$orts evaluate models; we
evaluate the deployed stack around them, which none of
these benchmarks touches. Web agents and extraction.
Agent benchmarks establish realistic browsing and acting,
WebShop for grounded commerce [37], Mind2Web for gen-
eralist tasks [10], WebArena for full environments [40], on
top of the reasoning-and-tools substrate of ReAct and Tool-
former [32, 38], with serving systems managing the context
economics underneath [17, 18] and multi-agent failure stud-
ies supplying the taxonomy discipline we adopt [7]. These
environments are overwhelmingly English; TwinPages is
deliberately a lens over the existing web rather than a new
environment, because the phenomenon under study is the de-
ployed stack, including the extraction layer itself [5]. Speech
and audio. The ASR lineage the assumption runs through
begins at English audiobook benchmarks [22], is challenged
by community multilingual corpora [4], and is partially an-
swered by weakly supervised and thousand-language mod-
els [27, 28], while audio-language-model evaluation now
includes fairness explicitly [3]. Our speech-boundary discus-
sion imports exactly this axis into the agent stack.Measure-
ment and the adoption line. The ranked population rests
on the !nding that CrUX outranks prior top lists against CDN
ground truth [12, 31]. And this paper extends an adoption-
obstacle program: companion work makes the plan the unit
of agent accounting [23], writes an admission contract for
learned systems on commodity hardware [24], and prices
the carbon of test-time compute [25]; the language contract
is the same move at the language boundary.

8 Conclusion
The monolingual assumption is not a model bug; it is a stack
property, priced here at 1.2–6.2→ even under a modern multi-
lingual vocabulary and up to 23→ under the vocabulary that
trained the !rst agent era. Parallel pages make the price mea-
surable on the live web, the protocol separates the stack’s

contribution from the tokenizer "oor, and the four-clause
contract gives runtimes a way to stop charging it silently.
The next result this paper commits to is the agent-layer mul-
tiplier table over TwinPages, and the claim it will test is
simple: beyond English, today’s web agents pay the "oor
several times over.
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