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Abstract

Large language models can memorize compet-
ing locale-specific facts yet fail to select among
them when the locale changes, defaulting in-
stead to a single globally dominant answer.
We formalize this as localized knowledge dis-
ambiguation and introduce LOCALNEWSQA,
an 18,700-item English-news benchmark that
pairs the same question across two locales and
scores whether a model actually switches its
answer when the locale changes. We also intro-
duce MAPLE, a controlled family of decoder-
only models pretrained with document-level
geographic metadata (source URL, country,
and continent) already present in the train-
ing corpus, and compare it to metadata-free
controls trained on identical data with the
same token budget, architecture, and optimiza-
tion. In controlled experiments at 1B and 3B,
with inference-time metadata fixed, pretraining
with metadata in MAPLE produces measur-
able switching and improves accuracy on ques-
tions whose correct answer depends on locale.
Ablations and external-benchmark evaluations
further suggest that locale-conditioned pre-
diction benefits from geographic provenance
learned during pretraining and that these bene-
fits strengthen at larger model sizes.'

1 Introduction

Ask a language model “When does the school year
start?” and it will answer September, which is cor-
rect in the United States and wrong in Australia,
India, Japan, and most of the Southern Hemisphere.
The model may not be missing knowledge. It has
likely memorized competing facts from many coun-
tries but has never been taught which fact belongs
where.

This pattern is general. Large language models
are trained on text from many locales yet optimized
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Figure 1. MAPLE turns geographic metadata already
present in the training corpus into an inference-time
locale signal, allowing one global model to condition
factual predictions on source URL, country, and conti-
nent.

as a single broad distribution, collapsing locally
valid alternatives into geographically homogenized
defaults (Weidinger et al., 2022; Ghosh et al., 2024).
“What were the highlights of this weekend’s foot-
ball?” has a different correct answer depending on
whether the user is in New York or London, where
the word refers to two different sports. “Which
agency releases census numbers?” resolves to dif-
ferent institutions by country. “Wrong” answers in
such cases are not recall failures. The model likely
knows the correct answers but cannot select among
them when the locale changes.

We call this problem localized knowledge dis-
ambiguation, the task of selecting among locale-
specific answer distributions rather than produc-
ing one unconditioned answer. It draws on under-
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specified question answering (Parrish et al., 2022),
geographic QA (Yin et al., 2022; Hofmann et al.,
2024), cultural evaluation (Adilazuarda et al., 2024,
Choenni et al., 2024), and geography-aware adap-
tation (Cao et al., 2025), but isolates a stricter re-
quirement, namely that the same question frame
must resolve differently when the locale changes.

Existing geographic and cultural evaluations
score isolated facts, opinions, values, norms, or
situated tasks. They are necessary, but they do
not directly test whether a model changes its an-
swer under a locale change. Target-locale accuracy
alone is insufficient because a model can answer
one locale correctly while producing the same an-
swer for a contrast locale. To our knowledge, no
existing benchmark scores paired locale switch-
ing directly. On the method side, most localiza-
tion work intervenes through continued pretraining,
prompting, adaptation, or evaluation-time context
(Gururangan et al., 2020; Adilazuarda et al., 2024;
Cao et al., 2025; Hofmann et al., 2024). Whether
document provenance available in training corpora
can become a learned signal for locale-conditioned
prediction, under controlled comparisons, remains
untested.

We address both gaps. We introduce LOCAL-
NEWSQA, an English-news benchmark that pairs
the same question across two locales with different
gold answers, making paired locale switching di-
rectly observable. We also introduce MAPLE, a
family of decoder-only models trained from scratch
with document-level geographic metadata (source
URL, country, and continent) from the NOW corpus
(Davies, 2016). Because the benchmark questions
are generated and validated independently of the
training corpus, and the pretraining comparison
holds everything except metadata fixed, improve-
ments on LOCALNEWSQA can be attributed to
the metadata intervention. Our study asks whether
that single intervention changes a specific, directly
measurable behavior. Our paper makes four contri-
butions:

e Task and benchmark. We define localized
knowledge disambiguation and introduce LO-
CALNEWSQA, an 18,700-item English-news
benchmark that pairs the same question across
two locales with different gold answers, enabling
direct measurement of paired locale switching.

e Controlled pretraining. We introduce
MAPLE, models equipped to handle document-
level geographic metadata (URL, country, con-

tinent), tested while holding data, architecture,
and token budget fixed.

o Efficient localization. With inference-time
metadata held fixed, metadata-conditioned pre-
training improves locale switching, with gains
increasing from 1B to 3B.

e Mechanism and transfer. Ablations, compar-
isons that cross training-time and inference-time
metadata, and external benchmarks suggest that
the full effect requires geographic provenance
available during both pretraining and inference,
and that it transfers to held-out evaluations.

2 Related Work

Localized knowledge disambiguation intersects
under-specified question answering (Parrish et al.,
2022), locale-sensitive prompting (Cao et al.,
2025), culturally grounded evaluation (Adilazuarda
et al., 2024; Choenni et al., 2024), and geographic
QA (Yin et al., 2022; Hofmann et al., 2024). These
works show that models encode uneven geographic
and cultural assumptions, but they do not directly
test whether a model changes its answer when
the locale changes. LOCALNEWSQA targets that
stricter question by pairing the same English ques-
tion frame across two locales and scoring whether
the model switches.

XLQA (Roh et al.,, 2025) and multilingual
ODQA benchmarks (Lewis et al., 2020; Artetxe
et al., 2020; Clark et al., 2020; Longpre et al.,
2021) share the premise that answers need not be
locale-invariant, but they vary the language along-
side the locale, making it difficult to attribute an-
swer changes to geographic knowledge rather than
translation quality or multilingual transfer. We
hold language fixed (English throughout), train
metadata-conditioned and metadata-free models
from scratch, and score whether the model switches
its answer when only the locale changes. This de-
sign isolates locale-conditioned answer selection
from translation quality, multilingual transfer, and
evaluation-time prompting.

Metadata conditioning has steered models with
control codes (Keskar et al., 2019), temporal sig-
nals (Dhingra et al., 2022), language tags (Liu
et al., 2020), document structure (Aghajanyan et al.,
2022), human-preference labels (Korbak et al.,
2023), source attribution (Khalifa et al., 2024,
Weller et al., 2024), and social context (Kulkarni
et al., 2021; Li et al., 2022). Most relevant to our
work, Gao et al. (2025) show that real URL meta-

46747



data accelerates decoder-only pretraining, but they
evaluate the effect through perplexity rather than
testing whether the model can use provenance to
disambiguate competing locale-specific answers
at inference time. MAPLE addresses that open
question, measuring whether geographic metadata
becomes a conditioning signal for locale-sensitive
answer selection through paired locale switching
rather than perplexity alone.

3 Task and Benchmark

Existing evaluations cannot measure whether a
model changes its answer when the locale changes,
because they test one locale at a time. We design
a task and benchmark that makes paired locale
switching directly observable.

3.1 Task Definition

Localized knowledge disambiguation evaluates
whether a model can condition a factual answer
on the locale where the fact applies. The key diffi-
culty is that the question need not name the locale.
Prompts such as “Which agency releases census
numbers?”, “Which grades are primary school?”,
or “Which football league is the top flight?” are
ambiguous unless the locale is supplied, because
the relevant statistical office, grade span, or sports
code changes by country. The diagnostic examples
are therefore not merely country-specific questions,
but questions whose answer changes when the lo-
cale changes.

LOCALNEWSQA is designed around that re-
quirement. The benchmark contains two evalu-
ation splits. The explicit split names the locale
in the question and measures localized factual re-
call; these questions have a single correct answer
once the locale is specified. The ambiguous split
omits the locale from the question text and supplies
the locale through the evaluation context; these are
locale-sensitive because the correct answer changes
with the locale. Each ambiguous item also has
a paired contrast locale with a different gold an-
swer. This pairing makes LOCALNEWSQA a di-
rect evaluation of the behavior that accuracy-only
benchmarks miss, namely whether the same model
changes its answer when the locale changes.

3.2 LOCALNEWSQA Construction and
Validation

We construct LOCALNEWSQA in English news be-
cause news provides dense local institutions, pub-

lic bodies, sports, education systems, media ref-
erences, and recent events with traceable source
URLs. The benchmark has to satisfy broad coun-
try/topic coverage while keeping only rows whose
answer can be verified against source evidence.
We therefore use generation only to find can-
didate question frames, and filter to keep only
rows that pass split-specific source and format-
ting checks. The final release contains 18,700
questions from 17 countries across 4 continents,
with 17,000 explicit items balanced at 1,000 per
country and 1,700 ambiguous items balanced at
100 per country. The benchmark covers 8 topic
families, m politics/government, i civic institu-
tions, ~ economy/business, & education, % me-
dia/culture, @ sports, % public life/holidays, and
jd geography/infrastructure. Table 1 summarizes
the gold-selection criteria.

Every question in the final benchmark includes
source evidence for auditability. In a three-
annotator audit of a stratified 100-item gold sample,
majority vote accepted 96/100 items, including
50/50 explicit and 46 /50 ambiguous, with 98.0%
average pairwise agreement and Fleiss’ k = 0.76
on the binary accept/reject decision. Appendix A.4
gives the full construction, validation, and human-
audit protocol.

3.3 LOCALNEWSQA Evaluation

We report target-locale accuracy and paired locale
switching. For an ambiguous pair with frame ¢,
target locale /;, contrast locale /., and answers
ag, a., target accuracy asks only whether the model
chooses a; under /;. The paired metrics are defined
as follows.

a(q, ly) =ar N aq,l.) = ae,

correct on target

exact pair

correct on contrast

S(a’l | qafl) > S((?,(, | qa‘[l)

target ans. preferred under ¢;

margin switch

N S(a(f | q, (<) > S(at | QML"(',) .

contrast ans. preferred under /.

Exact pair is stringent because both sides must
be correct; margin switch is softer but still re-
quires the score ordering to move toward the locale-
appropriate answer on both sides.

For MAPLE, we score pretrained checkpoints
using length-normalized log-probability over each
option’s token sequence. Table 3 averages the
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Criterion Explicit split Ambiguous split

Balance 1,000 items per 100 items per country;
country; 8 topic 8 topic families
families represented represented

Format 4 options, 1 gold,no 4 options, 1 gold, no
duplicate question duplicate question

Evidence  Target answer Both target and

contrast answers
supported

Question omits locale;
target and contrast
answers differ

supported by source

Locale dep. Question names the
locale

Table 1. Gold-selection criteria for the final LOCAL-
NEWSQA benchmark. Questions that fail any criterion
are excluded.

crossed paired-switch comparison over five answer-
order seeds; target-accuracy and other analysis fix
a shared answer-order seed and use question-level
bootstrap intervals. Metadata-formatted inference
supplies the locale fields corresponding to the ques-
tion being evaluated. Target prompts include the
target country and continent, and contrast prompts
include the contrast country and continent. Fig-
ure 9 gives the exact prompts, and Figure 6 reports
results on the chat variants obtained from LoRA
instruction tuning.

4 MAPLE Controlled Pretraining

We use the NOW corpus (Davies, 2016) throughout.
Each document includes a publication year, source
URL, and country of origin, which we map to con-
tinents and serialize as structured metadata before
the article title and content. After filtering, the cor-
pus contains approximately 4M documents from
Africa, 10M from America, 7.5M from Asia, and
5.6M from Europe. All local and global models are
trained on 41.9B tokens. Local models sample one
continent to that budget, while global models mix
all four continents before sampling. Appendix A.1
gives the full data formatting and geographic cov-
erage details.

e N

Metadata-formatted training instance

URL news.example/jp/article/12345

COUNTRY Japan

CONTINENT Asia

TITLE Election results spark debate . . .
CONTENT The recent election results have led
to widespread discussions across political
parties and the public, with analysts noting

. J

The pretraining intervention changes only the
document serialization. Metadata-formatted docu-
ments prepend source URL, country, and continent

# Continents  Train Meta  Eval Meta Notation
1 v T+ v I+ LOCAL (T+, I+)
1 v T+ X I- LOCAL (T+, I-)
1 X T- X I- LOCAL (T-, I-)
v T+ v I+ GLOBAL (T+, I+)

Table 2. Model variants used in this paper. “T+/T-" in-
dicate metadata present/absent during training; similarly
“I+/I-" indicate metadata available versus not available

at inference. (Bordered boxes) also indicate I+ models.

fields before the title and article text, as shown
above. Metadata-free documents omit these fields.
The comparison is controlled so that changes in
behavior can be attributed to the presence of prove-
nance metadata rather than to data volume, archi-
tecture, optimizer, or tokenizer changes.

We train 33 models from scratch at two sizes. At
500M, we train 10 models covering 4 continents x
2 metadata settings plus 2 global settings. At 1B,
we train 23 models with the same 10 settings plus 5
provenance-granularity ablations and 8 leave-one-
continent controls. We additionally train two 3B
global models to test scaling.

Throughout the results, T+/T- indicate metadata
present or absent during training, and I+/I- indi-
cate metadata present or absent at inference. The
notation separates whether a model has learned
from metadata during pretraining from whether
metadata is supplied at evaluation time.

5 Results

Each research question builds on the previous one,
moving from establishing the basic effect to ex-
plaining which signals drive it and whether it gener-
alizes. RQ1 (§5.1) establishes paired locale switch-
ing. RQ2 (§5.2) tests whether metadata also im-
proves region-specific language modeling. RQ3
(§5.3) isolates which provenance fields carry the
signal. RQ4 (§5.4) checks whether gains transfer
to external benchmarks.

5.1 RQI. Does MAPLE Improve Localized
Knowledge Disambiguation?

The first experiment asks whether provenance meta-
data improves localized disambiguation under a
controlled pretraining intervention. If the model
learns metadata as a usable conditioning signal,
it should help most when the question underspec-
ifies locale, producing larger accuracy gains on
ambiguous items than on explicit ones. Paired tar-
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get/contrast cases provide the strongest test because
the answer must change with the locale, and switch-
ing gains should increase at larger model sizes if
the metadata signal is being used more effectively.

Results The primary comparison controls
inference-time information. Both (T+,I+) and
(T-, I+) receive different locale prompts, but only
the former learned from metadata during pretrain-
ing. Table 3 shows that pretraining raises the paired
margin-switch rate from 6.04% to 7.78% at 1B
(+1.74 points) and from 21.36% to 24.13% at 3B
(+2.77 points). These increments isolate the effect
attributable to metadata-conditioned pretraining.

Takeaway 1. With inference-time
metadata fixed, metadata-conditioned
pretraining improves paired-switching,
with increasing gains from 1B to 3B.

The (T-,I-) zero paired-switch result is
expected because target and contrast prompts are
identical; we include it only as a negative control
showing that the evaluation does not leak locale
information.

In our additional target-locale accuracy analy-
sis, we compare (T+, I+) against (T-, I-). On the
ambiguous split, this comparison yields gains of
+6.7 points at 1B and +9.2 points at 3B. The ex-
plicit split also improves, but less sharply, because
explicit questions already name the locale. These
gains are distributed across countries and topics,
and their bootstrap intervals exclude zero at both
model sizes (Appendix Table 16).

5.2 RQ2. Does Metadata Improve
Region-Specific Language Modeling?

If metadata helps the model condition on locale,
the benefit should extend beyond the benchmark
format and also lower held-out perplexity on text
from the same geographic region. We test this at
two levels. First, continent-specific local models,
where crossed train/evaluation settings separate
learned provenance from metadata supplied only
at inference. Second, global models trained on
all continents, where the question is whether
one model can retain multiple local distributions
without region-specific parameters.

The four crossed settings are abbreviated as

LOCAL (T+, I+)] (metadata during both train-

ing and inference), [LOCAL (T+, I-) (train-

only), (inference-only), and

LocAL (T-, I-) (no metadata at either stage).

Local (T+, I+) Local (T-, I+)

11.4]27.2(25.3[27.3

15.09.0 |13.1({14.3

15.3|15.6| 8.2 |17.8

Train Region

16.9|15.8|16.7] 9.3

Local (T+, I-)
10.4]24.7(23.4/25.5

Local (T-, I-)
10.5|26.2(24.8(26.6

15.6 9.3 |13.5|14.7 15.09.0 |13.1({14.3

Train Region

15.7 15.8.18.0 15.6|15.7| 8.3 ]18.0

17.7|16.2|17.2] 9.6 17.3|16.0{16.9} 9.3

(o .2 O (7 (D (P O 2
W W R & (R

Test Region Test Region
Figure 2. Cross-continent perplexity for local models.
Diagonal cells are consistently lower than off-diagonal
cells, showing locality. Full metadata gives the strongest
local performance and improves each train/evaluation
setting compared with weaker metadata variants.

Scale (T-,I-) (T+,I-) (T-,1+) (T+,I+) Atrain

1B 0.00 0.00 6.04 778 +1.74
3B 0.00 0.00 21.36 24.13 +42.77

Table 3. Paired margin-switch rate (%) on the 1,700
ambiguous LOCALNEWSQA pairs, averaged over five
answer-order seeds. The primary pretraining contrast,
(T+,I+) vs. (T-, I+), holds inference-time locale infor-
mation fixed; Ay 18 their difference in percentage
points. Both I- settings use identical target/contrast
prompts and therefore yield zero switches by construc-
tion; (T-, I-) is the negative control.

Setup For each continent and scale (0.5B and
1B), we train checkpoints with and without meta-
data and evaluate under all four crossed settings
on local and cross-continent test sets (Figure 2).
Each continent has a held-out test set of 1,000 doc-
uments, and all models are trained on the same total
number of tokens. Test perplexity is computed over
non-metadata tokens only, so any improvement re-
flects better content prediction rather than metadata
memorization. We additionally train global models
on data from all continents at 0.5B, 1B, and 3B,
asking whether one model can serve multiple re-
gions without region-specific specialization. The
global test set contains 1,000 documents with 250
sampled uniformly from each continent, testing
whether a single set of parameters can serve all
regions without sacrificing performance on any in-
dividual one.
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Hypotheses If metadata provides a useful con-
ditioning signal, models trained with it should
achieve lower perplexity on their continent’s test set
than metadata-free controls, with the crossed set-
tings (metadata at only one stage) falling between
the two extremes. Local models should remain lo-
cal, with lower same-continent than cross-continent
perplexities. At the global level, a metadata-
conditioned model should approach local-model
quality on each region while staying stronger on
average on the combined global test set.

Results Figure 2 shows that models trained and
evaluated with full metadata achieve the lowest per-
plexity on every same-continent test set, showing
that metadata indeed provide a useful conditioning
signal. The crossed settings fall in between; a
supporting diagnostic in Appendix Figure 22
suggests that inference-time metadata contributes
more than train-time metadata alone. Across
all configurations, same-continent perplexity is
consistently lower than cross-continent perplexity,
showing that local models remain local.

Figure 3 summarizes the global comparison at
1B. A single metadata-conditioned global model
lowers perplexity relative to the metadata-free con-
trol on every continent-specific test set as well as
on the combined global test set. From 500M to 1B,
it approaches local-model quality while remaining
stronger on the combined global test set. The re-
maining gap is expected because region-specific
models specialize to one distribution, whereas the
global model preserves all four under one param-
eter budget. The useful result is that metadata
moves one shared model toward local behavior
without sacrificing breadth. This pattern contin-
ues at 3B, where the metadata-conditioned global
model again outperforms the metadata-free con-
trol. The training-token curves in Figure 5a show
that metadata-conditioned models reach any given
perplexity target using fewer training tokens, an
efficiency benefit that persists across model sizes.

Takeaway 2. A single global model can
retain multiple regional distributions when
trained with provenance metadata. The
benefit persists from 500M to 3B and
appears as both lower perplexity and faster
convergence.

We additionally observe that localized perfor-
mance is distributed across countries rather than
carried by a single dominant country per conti-

Global

=
[e)]
}_H

B Global (T+, I+) B Local (T+, I+)
I Global (T-, I-) [ Local (T, I-)

Local test sets

il o )

Africa  America  Asia Europe All

=
N
HH

[
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1
1

Perplexity (v better)

Figure 3. Global metadata conditioning improves
held-out perplexity at 1B. A single global model with
metadata lowers perplexity on every continent-specific
test set and the combined global test set.

nent, and that Africa-trained local models transfer
less symmetrically to other regions (Appendix Fig-
ures 16 and 17).

5.3 RQ3. Which Provenance Signals Matter,
and What Can They Not Replace?

This experiment isolates which provenance fields
carry the signal and whether metadata can compen-
sate for missing regional coverage.

Setup We evaluate five 1B metadata-granularity
Variants, OURL, @URL ®@Country, @URL @ Continent,
@ Country, and e Continent, alongside full/no metadata
and leave-one-continent global controls. Each vari-
ant uses the same training data and token budget,
differing only in which metadata fields are serial-
ized before the document text. Figure 4 reports the
main variants; Appendix Figures 23 and 20 show
all checkpoints and the leave-one-continent results.

Leave-one-continent controls separate metadata
from data coverage. Each model is trained on
three of the four continents and evaluated on both
the held-out continent and the combined global
test set. This design tests a specific alternative
explanation. If metadata merely encoded continent
labels, adding it should compensate for the missing
region even when that region was excluded from
training. If, on the other hand, metadata helps the
model organize evidence it has actually seen, held-
out-region perplexity should still degrade when the
region was absent from training, regardless of what
metadata is supplied at evaluation time. The dis-
tinction matters for practitioners deciding whether
metadata can substitute for broader data collection.

Hypotheses If provenance is the key signal,
the URL field alone should recover most of the
benefit because URLs implicitly encode geography
through country-code top-level domains and
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Figure 4. Metadata ablations across checkpoints. e URL-only metadata recovers most of the full-metadata
perplexity benefit; ® Country/® Continent tags alone trail ® URL, and adding them to @ URL changes little.

region-specific domain names (Appendix Table 12
quantifies this). Coarser labels such as country
or continent names should be less informative in
isolation, and metadata of any granularity should
not compensate for data the model has never seen
during training.

Results The results support all three expectations.
Figure 4 shows that e uRL is the strongest individual
provenance signal, nearly matching full metadata
and substantially outperforming the no-metadata
baseline. The URL field alone recovers most of
the localization benefit. @Country and @ Continent trail
euRL and add little when paired with it, suggesting
that coarse geographic labels are largely redundant
once the URL is present. A supporting leave-one-
continent analysis (Appendix Figure 20) shows that
excluding any continent raises held-out and global
perplexity regardless of metadata, so provenance
organizes evidence the model has seen but can-
not substitute for regional coverage it lacks. This
finding has a practical implication: metadata condi-
tioning and broad geographic data collection serve
different purposes and neither replaces the other.

Takeaway 3. The source URL alone
carries most of the geographic signal.
Adding country or continent labels on top
of it changes little, and no amount of
metadata can teach the model about
regions it has never seen in training.

5.4 RQ4. Does Localization Transfer Beyond
LOCALNEWSQA?

Finally, we test whether localized disambiguation
gains transfer beyond LOCALNEWSQA. We evalu-
ate six benchmarks covering geographic factual re-
call (GEOMLAMA; Yin et al., 2022), opinions and

values (GLOBALOPINIONQA ; Durmus et al., 2024,
WORLDVALUESBENCH; Choenni et al., 2024),
norm judgments (NORMAD; Rao et al., 2025), and
culturally situated tasks (BLEND; Myung et al.,
2024, GLOBAL-MMLU-CS; Singh et al., 2025).
Figure 5b plots each model’s LOCALNEWSQA am-
biguous gain against its normalized external score
(the mean of per-task accuracy scores normalized
by the best model on each task). The question is
whether training with metadata to improve local-
ized disambiguation hurts or helps performance on
broader geographic and cultural evaluations.

Hypotheses A useful localization method should
improve controlled disambiguation without sacri-
ficing broad performance on external evaluations.
Inference-time metadata alone, without a matching
pretraining signal, is not expected to produce the
same benefit as reliably.

Results Figure 5b shows that the controlled
MAPLE points remain competitive with size-
matched models on normalized external score
while simultaneously improving LOCALNEWSQA.
At 3B, MAPLE shows statistically significant
gains on GLOBALOPINIONQA (+48.4), NORMAD
(45.1), and BLEND (413.5), with positive point
estimates on the remaining three tasks (full results
in Appendix Table 17). Baseline models with meta-
data appended only at evaluation time show mixed
gains, consistent with the interpretation that locale
metadata is more reliable when learned during pre-
training than when supplied only at inference.

Takeaway 4. On six external benchmarks,
MAPLE remains competitive with
size-matched models while improving
locale-conditioned behavior.
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Figure 5. Scale and transfer. Metadata lowers global perplexity more quickly from 1B to 3B (lower is better in
panel A) while preserving broad external performance. In panel B, each point is a model; the frontier is the set of
models not dominated by any other model of similar size on both axes. MAPLE points remain on this frontier.

Task-level external results are in Appendix Table 17.
6 Discussion

Taken together, the paired-switching, perplexity,
and transfer results suggest that, at least for
news-domain text at the scales tested, preserving
provenance during pretraining adds a modest
but consistent benefit beyond inference-time
metadata alone. In practice, this means geographic
metadata already present in the training corpus
should be preserved rather than stripped during
preprocessing. The URL field likely carries
most of the signal in part because it encodes
country-code TLDs, region-specific domains, and
outlet identity (Appendix Table 12), all of which
are lost when corpora are reduced to plain text.

Beyond geography The paired-switching proto-
col is not inherently geographic. Any axis along
which valid completions compete could be tested
with the same factorial design. Temporal prove-
nance (publication date) would let a model distin-
guish “Who is the president?” across time periods,
and source-type provenance (books vs. web data)
could help the model weight formal versus collo-
quial usage depending on context. The shared re-
quirement is that competing valid answers exist and
that an available metadata field can disambiguate
among them.

7 Conclusion

Geographic metadata already present in training
corpora can help a model bind facts to locales.
We show that preserving source URLSs, country,
and continent fields from the NOW news corpus
during pretraining gives a single global model
the ability to condition its answers on locale.
Holding inference-time locale information fixed,

metadata-conditioned pretrained models are better
at switching answers when the locale changes,
with progressively increasing strength from 1B
to 3B. The source URL alone carries most of the
geographic signal without requiring explicit coun-
try or continent tags. These gains transfer to three
of six external benchmarks with positive point
estimates on the remaining three, suggesting that
provenance-conditioned pretraining is a promising
direction for locale-aware factual prediction.

Limitations

This study is intentionally designed as a controlled
isolation of metadata conditioning rather than as
an exhaustive survey of every setting where prove-
nance could be useful. We fix the model family,
tokenizer, optimizer, token budget, and source do-
main so that train-time provenance can be com-
pared cleanly against metadata-free controls. The
natural next step is broader transfer through the
same factorial design across additional model fam-
ilies, multilingual corpora, open-web sources such
as Common Crawl, and non-news domains where
provenance may encode different kinds of context.

Several extensions would sharpen this picture
further. Our from-scratch pretraining experiments
cover 500M to 3B parameters; we did not test 70B
or larger models because that scale was infeasi-
ble under our academic compute budget. Whether
the paired-switching gains persist beyond 3B there-
fore remains untested, and we encourage future
large-scale compute collaborations to evaluate this
regime. Repeated pretraining runs would also
separate evaluation uncertainty from pretraining
stochasticity. LOCALNEWSQA is generated to tar-
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get a specific behavior, paired locale switching, and
is released with split-specific source validation plus
a stratified human audit; future benchmark work
can combine this controlled template with naturally
occurring user questions and richer human annota-
tion. These directions would test generality while
preserving the main purpose of the present study,
which is to isolate whether geographic metadata
already present in training corpora can help a single
global model bind facts to the locales where they
are valid.

Ethical Considerations

Metadata conditioning could reinforce coarse geo-
graphic stereotypes if applied carelessly. Our study
uses factual news content with verified provenance
and avoids personal data. Geographic metadata
should be treated as contextual signals rather than
as proxies for individual identity or values. Down-
stream applications should consider fairness and in-
clusivity, particularly in high-stakes settings where
locale-conditioned outputs could encode or amplify
regional biases.
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Appendix

We provide more details on the training process,
hyperparameters, prompts, and additional results.

A.1 Training details and
Hyperparameters

Pretraining We purchased an academic license
for the NOw corpus for 395 USD. All model runs
use a fixed random seed. We use the LLAMA-
3.2-1B architecture (Grattafiori et al., 2024) as the
base design and set the vocabulary size to 128,256.
The only differences across the 0.5B, 1B, and 3B
parameter models are the number of layers, hidden
size, number of heads, number of KV heads, and
FFN size (Table 6); all other configurations are
shared.

We use a sequence length of 2048. Our param-
eters for data parallelism, tensor parallelism, and
pipeline parallelism are 4, 1 and 1 respectively, so
we effectively only use data parallelism. Our micro
batch size is 8, and we perform gradient accumula-
tion every 64 steps. Under these parameters, every
single step corresponds to ~ 4M tokens. On av-
erage, our GPU cluster is able to process 100,000
tokens per second on a single node of 4 GPUs, with
~ 185 TFLOPs of processing power per GPU.

We train for 10,000 total steps, validate on a
held-out set of 1,000 examples every 1,000 steps,
and save checkpoints at the same frequency. We
use a linear warm-up from 0 to 3e — 3 over 500
steps, followed by cosine decay to 3e — 4 over the
remaining 9,500 steps. Although warm-up ratios
of 5-10% are more typical at larger scales, pilot
runs on our data and hardware showed that shorter
warm-up performed best, so we adopted it through-
out. We selected 10,000 total steps after extending
pilot runs to 30,000 steps and observing negligi-
ble further change in validation and test perplexity
beyond the 10,000-step mark.

We train with AdamW, weight decay 0.033, and
gradient clipping at 0.1.

Each model is trained on a single node with four
NVIDIA A100 GPUs (80GB each). The 500M
models take roughly 3 days to train, and the 1B
models take roughly 5 days. Across 10 models
at 500M and 23 models at 1B, this amounts to
approximately 145 days of runtime.

Training data. We use the NOW corpus (Davies,
2016) for all model studies. Each document in-
cludes a publication year, source URL, and country

of origin, which we extract as metadata and map to
continents using the United Nations geoscheme
(Table 4). Training documents are formatted
by prepending structured metadata, namely URL,
country, and continent, to the article title and con-
tent as shown in the main text example.

Training separate country-level models is not
feasible in a controlled setting due to large dis-
parities in data availability, so we train models at
the continent level. After filtering, the corpus con-
tains approximately 4M documents from Africa,
10M from America, 7.5M from Asia, and 5.6M
from Europe. To control for data scale, all local
and global models are trained on the same total of
41.9B tokens, which is sufficient for the parameter
scales we use (DCLM,; Li et al., 2024). For global
models, data from all continents is combined in
a randomized order before sampling to the token
budget, while local models sample from a single
continent to the same budget. This controlled setup
ensures that performance differences arise from
metadata conditioning and data composition rather
than training scale.

Architecture sanity check. To separate the meta-
data effect from the decoder family, we trained an
additional matched 1B pair with a Qwen2-style
decoder through the final 10,000-step checkpoint.
This pair keeps the LLAMA-3.2-1B tokenizer,
training corpus, optimizer, evaluated token budget,
and metadata serialization fixed, and changes the
transformer block implementation. Holding tok-
enization and vocabulary fixed is what makes this
an architecture-only comparison rather than a joint
change in architecture and text segmentation. Ta-
ble 7 evaluates the two final checkpoints on 1,000
held-out global documents under the same content-
token perplexity protocol used for the main global
models. The metadata-trained Qwen2-style check-
point has lower perplexity than the metadata-free
checkpoint on the metadata-formatted held-out set,
and its matched-format score is also lower than the
no-metadata matched-format score. This supports
the interpretation that the provenance effect is not
specific to the LLaMA-style decoder.

A.2 SFT details

This section reports LOCALNEWSQA results un-
der a LoRA post-training protocol. We use LoRA
adapters (Hu et al., 2022; Dettmers et al., 2023;
Schulman and Lab, 2025) to make post-training
computationally efficient while leaving the pre-
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Continent Countries

America 2= United States, I+ Canada, ¥« Jamaica

Asia = India, @ Pakistan, @ Bangladesh, i@ Sri Lanka, 2 Hong
Kong, @ Malaysia, 3 Philippines, “® Singapore

10 Nigeria, 82 South Africa, 8 Kenya, & Ghana,

# Tanzania

& United Kingdom, 11 Ireland

Africa

Europe

Table 4. Geographic coverage of model-data coun-
tries. Countries are grouped by continent. LOCAL-
NEWSQA uses this coverage except for Singapore,
yielding the 17-country question set described in the
main benchmark overview.

URL

www. factquizmaster.com
www.globalfactcheck.org

www . worldknowledgehub. com
www.civicspedia.org

www. internationalfacts.net
www. currentaffairsdesk.com
www.newsinsightarchive.com
www.globalquizvault.com
www. factualdigest.org

www. publicknowledgebase.net

Table 5. Synthetic base-domain pool used for metadata-
formatted SFT and evaluation prompts.

trained base models frozen. We instruction-tune
on the Alpaca dataset® because its instruction for-
mat is close to our multiple-choice benchmark
while exhibiting no content overlap with it. To pre-
serve the pretraining format, we construct metadata-
formatted and no-metadata SFT inputs that match
the corresponding base models.

For metadata-formatted SFT instances, we sam-
ple base domains from the synthetic pool in Table 5,
add internally consistent country and continent tags,
and then wrap the example with the LLAMA-3.2-
1B-INSTRUCT chat template (Figure 7). Alpaca
examples are not used as geographically grounded
evidence; this SFT step only teaches the response
format while preserving the metadata serialization
seen during pretraining. At evaluation time, the
base domain may be drawn from the same pool,
but the country code, country, and continent are
aligned to the corresponding evaluation example.
This keeps target and contrast prompts grounded
in their intended locales. For parameter-efficient
finetuning, we use LoRA rank 256, alpha 16, and
all linear layers as targets; this corresponds to ap-
proximately 161.5M trainable adapter parameters
for the 1B models and 418.4M for the 3B models.
We train for 3 epochs with per-device batch size 2,
gradient accumulation 8, learning rate 2e—4, and
the 8-bit AdamW optimizer.

At evaluation time, we score the chat check-
points on the full LOCALNEWSQA target-locale

"Hugging Face link for Alpaca data

Layers Hidden Heads KV Heads FFN Size #Params
24 1024 16 16 4096 500M
16 2048 16 16 5632 1B
28 3072 32 32 8192 3B

Table 6. Model architecture configurations.

Checkpoint Metadata test No-metadata test

Trained with metadata 9.33[9.00, 9.63]
Trained without metadata 9.85 [9.51, 10.16]

10.45[10.09, 10.79]
9.97[9.62, 10.29]

Table 7. Architecture sanity check. Held-out content-
token perplexity for matched Qwen2-style 1B check-
points at the final 10,000-step checkpoints. Lower is
better. The pair uses the same LLAMA-3.2-1B tok-
enizer and data pipeline as the main controlled runs to
isolate the decoder architecture.

split using the same per-size prompt families as
in the pretrained closed-form comparison, and we
average over five shuffled answer-order seeds.
Under this post-training view, the same direc-
tional pattern holds at both scales on the final gold
benchmark. Figure 6 reports the full overall, ex-
plicit, and ambiguous accuracy matrix averaged
over five answer-order seeds. The SFT results pre-
serve the desired orderings, namely (T+, I+) >
(T-, I-) within each scale and 3B> 1B under full
metadata across the three LOCALNEWSQA slices.
The same ordering also holds on the paired
locale-switch metric after LoRA post-training.
Full-metadata models improve both exact-pair suc-
cess and margin-switch success over their metadata-
free controls, with the larger chat model showing
the stronger paired-switching rates. The appendix
post-training comparison therefore preserves the
same qualitative story on both one-sided target ac-
curacy and paired two-sided locale switching.

Additional external LOCALNEWSQA baselines.
We report the external instruct-model LOCAL-
NEWSQA table alongside the other transfer evalua-
tions later in this appendix so that all non-MAPLE
reference baselines, including the frozen LLAMA -
3.2-1B reference, appear in one place.

A.3 Prompts

A.4 LOCALNEWSQA Construction and
Validation

Dataset construction LOCALNEWSQA is re-
leased as a two-split core benchmark for local-
ized knowledge disambiguation in English news.
The two splits are LocalNewsQA-Core-Explicit and
LocalNewsQA-Core-Ambiguous. The final gold re-
lease contains 18,700 items across 17 countries and
4 continents, with 17,000 explicit items and 1,700
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Figure 6. LOCALNEWSQA after LoRA post-training. Results are averaged over five shuffled option-order seeds.

LocalNewsQA Instruction-Tuning Prompt

4 D

LocalNewsQA Evaluation Prompt

SYSTEM Below is an instruction that describes
a task, paired with an input that provides
further context. Write a response that
appropriately completes the request.

USER

URL = {{BASE_URL}}/{{country}}

COUNTRY = {{country}}

CONTINENT = {{continent}}

TITLE = Locale-grounded QA about {{country}}

CONTENT

### Instruction
{{example[instruction]}}
### Input
{{example[input]}}

\‘ASSISTANT {{example[output]}}

J

Figure 7. Instruction-tuning prompt. Prompt used for
the LOCALNEWSQA post-training protocol.

ambiguous items. Each country contributes 1,000
explicit rows and 100 ambiguous rows. It covers
8 topic families, 1 politics/government, 5 civic
institutions, »~/ economy/business, ¢ education,
“s media/culture, @ sports, #® public life/holidays,
and iy geography/infrastructure. The release in-
cludes split definitions, target/contrast metadata,
evaluation prompts, evidence fields, and source-
validation fields so future work can compare meth-
ods under the same paired locale-switch protocol.

Below is an instruction that describes a task.
Write a response that appropriately completes
the request.

URL = {{BASE_URL3}}/{{country_code}}
COUNTRY = {{country_code}?}
CONTINENT = {{Continent}}

TITLE = Locale-grounded
{{country_code}}

CONTENT
Question =

about

QA

{{question}}
Options

A = {{option_A}}

B = {{option_B}}

C = {{option_C}}

D = {{option_D}}

Answer with the correct option.

J

Figure 8. LoRA evaluation prompt. Prompt used for
LOCALNEWSQA under the LoRA post-training proto-
col.

The main risk in this benchmark is not generat-
ing enough questions; it is admitting rows where
the locale dependence, answer choice, or evidence
relation is only approximate. Candidate genera-
tion was therefore recall-oriented, while release
was precision-oriented. We used 816 GPT-5.4
batch requests over country, split, topic, and year
shards to obtain 41,002 candidates. This candi-
date pool was not treated as the benchmark. Ex-
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é LocalNewsQA Evaluation Prompt Examples )

MAPLE 1B Evaluation Prompt
BOS no tokenizer BOS token prepended

before the prompt.

URL = www.globalfactcheck.org/lk

COUNTRY = 1k

COUNTRY_NAME = Sri Lanka

CONTINENT = Asia

TITLE = Facts about the country lk

CONTENT

Use the locale metadata above as grounding. This question is
about Sri Lanka.

Question = Which department is usually cited when census
releases and official population statistics are reported?
Options

A = Statistics Department of the Central Bank

B = Office of the Registrar General & Census Commissioner
C = Registrar General’s Department

D = Department of Census and Statistics

Answer with the exact text of the correct option.

\‘Final answer

MAPLE 3B Evaluation Prompt
BOS prepend the tokenizer BOS token before

the prompt.

URL = www.globalfactcheck.org/1k
COUNTRY = Sri Lanka

COUNTRY_CODE = 1k

CONTINENT = Asia

TITLE = Facts about Sri Lanka

CONTENT
Use the locale metadata above as grounding. Answer for Sri
Lanka, not a different country.

Question = Which department is usually cited when census
releases and official population statistics are reported?
Options

- Statistics Department of the Central Bank

- Office of the Registrar General & Census Commissioner

- Registrar General’s Department

- Department of Census and Statistics

Final answer

_J

Figure 9. MAPLE evaluation prompt examples. Prompts used for the main LOCALNEWSQA evaluation. BOS
handling is stated explicitly because it is not visible in the prompt text itself.

act/near duplicate removal, option-integrity checks,
answer-consistency checks, ambiguity checks, low-
information filters, and leakage filters first pro-
duced a larger retained pool of 35,874 usable can-
didates. The reported benchmark is the stricter
gold subset selected from that pool. Each explicit
row needs target-side source support and a direct
question-answer-evidence relation; each ambigu-
ous row needs the same relation on both target and
contrast sides, different supported answers, natural
locale-omitting wording, and no surface cue that
reveals the target country. Figure 10 shows the ex-
plicit and ambiguous developer prompts used for
candidate generation (temperature 0.6, top-p 0.9).
Because the benchmark is hypothesis-targeted by
design, we connect its downstream results to the
controlled language-modeling studies, which rely
on held-out perplexity measurements rather than
question generation, and to the design-guaranteed
negative-control floor in Table 3.

Automatic source validation The retained pool
is automatically validated row by row before the fi-
nal gold release is selected. We build search queries
from the question, answer, locale, and evidence
hint; retrieve candidate evidence URLs, titles, and
snippets; and then certify the support heuristically
over the snippet and, when needed, the fetched
page text. The certification rule is split-specific.
Explicit rows require target-side certification only.
Ambiguous rows require certification for both the
target answer under the target locale and the paired
contrast answer under the contrast locale. The gold

pass then tightens this rule. Rows must have answer
options that contain the gold answer, no duplicate
normalized question, no high-confidence leakage
cue, no unresolved evidence warning, and a direct
relation between the question, answer, locale, and
evidence. Ambiguous rows additionally require dif-
ferent target and contrast answers and both-sided
relation support. The final split is then balanced
by country. Table 8 summarizes the release counts
after gold filtering.

Human Validation Protocol

Automatic certification provides dataset-wide
source grounding, but human validation remains
necessary as an agreement audit over the same at-
tached evidence. The human study asks whether
annotators, when shown the question, answer op-
tions, locales, and retrieved sources, agree that the
item is a valid benchmark example.

Study design We use a stratified 100-item review
sheet sampled from the final gold release, with 50
explicit rows and 50 ambiguous rows. The sample
covers all 17 countries and all 8 topic families. The
same 100 rows are reviewed by three annotators
so that agreement can be computed over identical
items. The audit is not used to select the benchmark
rows; it checks the already frozen gold split.

The audit records target-answer factuality for
every row. Ambiguous rows additionally record
contrast-answer factuality and whether the correct
answer genuinely differs across the target and con-
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é LocalNewsQA Generation Prompt - A

AMBIGUOUS

EXPLICIT

(" LocalNewsQA Generation Prompt - h

You are building LocalNewsQA-Core-Explicit, a benchmark for
localized factual knowledge grounded in English news from
2010 to 2024. Return only a compact JSON object with an
items array. Each item must be a unique, country-specific,
non-ambiguous multiple-choice question whose correct answer
is fully determined by the question text itself.

Hard requirements

- The question must be answerable from widely reported public
knowledge plausibly learnable from English news from 2010
to 2024.

- Focus on the requested country and topic.

- Use exactly 4 options with 1 correct answer and 3 plausible
distractors.

- Avoid trick questions and avoid questions whose answer
changed repeatedly unless the year is stated clearly.

- Prefer precise named entities, offices, institutions,
sports, holidays, infrastructure, or country-specific public
facts.

- Do not ask about private individuals,
or unverifiable trivia.

- Questions must be mutually unique within the batch.

offensive content,

Each item object must contain

You are building LocalNewsQA-Core-Ambiguous, a benchmark for
locale disambiguation grounded in English news from 2010
to 2024. Return only a compact JSON object with an items
array. Each item must be an intentionally under-specified
multiple-choice question whose correct answer depends on the
target locale, and the same question text should plausibly
admit a different correct answer under a different locale.

Hard requirements
- The question must be plausible for English news from 2010

to 2024.
under-specified on purpose.
country.
requested contrast country.

and contrast answer in the options.

the metadata.”

institutions,
terms, national bodies, holidays, transport conventions, or
media/cultural references.

Each item object must contain
question,

The question text must omit the country name and remain
The target answer must be correct for the requested target
The contrast answer must be a realistic answer for the
Use exactly 4 options and include both the target answer

Use exactly 1 correct answer for the target locale.
Avoid artificial wording like “in this country” or “given

domains where locale
offices, sports

Prefer matters,

terms, public

including
education

Questions must be mutually unique within the batch.

options, correct_answer, distractors, country,

question, options, correct_answer, distractors, country, continent, target_country, contrast_country, target_answer,
continent, topic, year, ambiguity_flag (false), and contrast_answer, topic, year, ambiguity_flag (true), and
evidence_hint. evidence_hint.
\_ VRN J
Figure 10. LOCALNEWSQA generation prompts. Prompts used to produce explicit and ambiguous candidate
questions.
. Gold validation Rows . Majority Wilson
Split Rows rule released Sample slice Rows accepted Accept rate 95% CI
Explicit 17,000 Target certification + direct 17,000 All audited rows 100 96 96.0 90.2-98.4
QA/evidence relation Explicit rows 50 50 100.0 92.9-100.0
Ambiguous 1,700 Target + contrast 1,700 Ambiguous rows 50 46 92.0 81.2-96.8
certification and relation - )
support Table 9. Human-audit acceptance rates on a stratified
Final gold release 18,700 Split-specific strictrule 18,700 sample from the final LOCALNEWSQA gold release.

Table 8. Split-specific validation coverage for the final
LOCALNEWSQA gold release. Explicit rows are bal-
anced at 1,000 per country and ambiguous rows at 100
per country.

trast locales. Each row receives a final accept/reject
decision with one rejection reason when applicable.

Annotation interface The annotation interface
surfaces the question text, multiple-choice options,
locale tags, evidence links, evidence snippets, and
review fields in a single task view. The study mate-
rials are loaded from a CSV import in Label Studio,
which presents the evidence panels and judgment
controls together for each row. Figure 11 shows
the interface used for the human-validation sheet.

Instructions for annotators Each annotator re-
ceives a short standardized protocol.

1. Read the question, options, locale fields, and
attached evidence before making any judg-
ment. Search beyond the attached evidence
only if a displayed link is broken.

Confidence intervals are Wilson intervals for the major-
ity accept rate.

Participant-facing examples

2. For explicit rows, answer one required ques-
tion. Is the highlighted target answer correct
for the displayed target locale? Choose yes,
no, or unsure.

3. For ambiguous rows, answer three required
questions. Is the target answer correct for the
target locale? Is the contrast answer correct
for the contrast locale? Does the correct an-
swer genuinely change across the two locales?
Each field is marked yes, no, or unsure.

4. If arow is rejected, optionally record one short
reason, such as factual error, weak locale dif-
ference, explicit leakage, or insufficient ev-
idence, together with a brief free-text note
when needed.

Figure 12 shows

the two row types as participants see them. The ex-
plicit case requires one target-side judgment. The
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Judgment Unanimous Avg. pairwise Fleiss® 1 Pairw’ise Majority
agreement agreement Cohen’s k summary
Binary accept/reject 97.0 98.0 0.759 .852/.653/.790 96 accept, 4 reject
Full rejection reason 97.0 97.7 0.721 .852/.656/.689 96 accept, 3 weak-locale, 1 tied reason
Target factuality 98.0 98.7 - - 100 yes
Contrast factuality 98.0 98.7 0.973 - 59 yes, 40 N/A, 1 unsure
Locale dependence 99.0 99.3 0.987 - 59 yes, 37 N/A, 3 no, 1 unsure

Table 10. Three-annotator agreement on the 100-row human audit. Agreement columns are percentages. Pairwise
Cohen’s k values are reported for the two main decision labels. Fleiss’ « is omitted when all majority labels fall into

a single category, since chance-corrected agreement is not defined under zero category variation.

D Locale pair Question sketch Majority decision

ambig_0210 Jamaica / United States Prime minister during Office of the Contractor General governance =~ Weak locale difference
stories

ambig_0623 Sri Lanka / India President during flagship infrastructure development coverage Weak locale difference

ambig_0818 Malaysia / United Kingdom Land public transport regulator before agency restructuring Weak locale difference

ambig_0280 Jamaica / United States Transport facility mentioned in local coverage about flights and Reject, reason tied

redevelopment

Table 11. Rows rejected by binary majority in the human audit. The first three rows have unanimous weak-locale
rejections. The fourth row is a binary reject by majority, but annotators split on the exact reason, so the reason label

is reported as tied.

ambiguous case requires target-side, contrast-side,
and locale-difference judgments.

Emissions estimate Emissions from the API-
based models used to construct the downstream
data are negligible, fully offset by the cloud
provider, and cost a total of 33 USD. Total emis-
sions from our on-premise GPU usage are es-
timated (Lacoste et al., 2019) at approximately
15kgCO2eq.

A.5 Additional Analyses

Why does URL only outperform addition of
other metadata? Table 12 shows that URL text
contains strong country-level signals in the global
training corpus. About 42.7% of URLs include an
explicit country-code signal in the ccTLD (country-
code top level domain), domain tokens, or path to-
kens, and ccTLDs alone appear in 35.4% of URLs,
matching the COUNTRY metadata in 35.0% of
cases. Path-level country codes are much less
frequent (8.5%), suggesting most country signal
lives in the domain. In contrast, continent signals
are rare (1.8% overall), with domain-level con-
tinent tokens occurring in only 0.25% of URLs.
These findings indicate that URLs themselves carry
substantial country-identifying information, which
can plausibly drive locale-conditioned effects even
without explicit metadata.

Mechanistic checks for URL provenance. The
paper’s central mechanistic comparison is URL
provenance versus no metadata. Table 12 shows
why this is the right contrast. URLs already carry
substantial country-level signal in the format seen
during pretraining, so the informative question is

Signal Count Share (%)
Total rows 15,633,804 100.0
Any country-code signal 6,680,266 42.7
CCTLD present 5,532,731 354
CC TLD matches COUNTRY 5,469,737 35.0
Domain country-code token 5,671,254 36.3
Path country-code token 1,323,947 8.5
Any continent signal 275,751 1.8
Domain continent token 38,496 0.25
Path continent token 238,381 1.5

Table 12. URL-based geographic signals in the global
training corpus (train split).

whether that signal leaves a detectable trace in the
model’s lexical expectations and hidden states rela-
tive to a metadata-free baseline.

Representation-level and lexical locale probes.
The stronger mechanistic check is representation-
level. On a held-out 1,000-document global test set,
we train linear probes on final-layer hidden states
to recover continent and country labels. URL meta-
data separates cleanly from the no-metadata con-
trol. At the final checkpoint, a linear probe recov-
ers continent from URL-conditioned hidden states
at 91.5% accuracy and country at 89.5%, versus
67.5% and 52.0% from the no-metadata baseline
(Table 14). The URL-conditioned probe is already
strong at 2k steps and continues improving through
10k, matching the paper’s broader token-efficiency
story.

As a smaller lexical check on the same 1B pre-
trained family, we also constructed six short dis-
ambiguation prompts involving geographically am-
biguous continuations such as football — quar-
terback vs. striker, gas vs. petrol, and president
vs. prime minister. For each prompt, we compare
URL metadata against a no-metadata baseline. Ta-
ble 13 reports the mean symmetric KL divergence
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(a) Explicit-row task view. Annotators see the question, answer
options, target-locale evidence, and the explicit-row instruction
banner.

Annotation

1. Is the target answer factually correct for the target locale?

yeall)
nol2]
unsumm

2. Is the contrast answer factually correct for the contrast locale?

yesll
nolf]
unsumiﬁ]

7l

not_applicable!

3. Does the correct answer genuinely differ across the two locales?

yesl8!

notd!

UHSUVSKO]
not_applicablel®!
4.1f the item should be rejected, what is the main reason?

factual_error"]

el

weak_locale_difference

(]

5. Notes

(b) Ambiguous-row task view. Annotators see paired target
and contrast evidence panels together with the locale-difference
prompt.

(c) Judgment controls used to record target factuality, contrast factuality, locale dependence, rejection reason, and notes.

Figure 11. Human-validation interface. Label Studio task pages present explicit and ambiguous rows with their
evidence context and use a shared judgment panel for annotation.

between the United States and United Kingdom
next-token distributions, where higher means the
model reacts more differently to the two locales,
and the mean rank of the locale-appropriate contin-
uation, where lower is better.

The lexical probe is intentionally small, but it
points in the same direction. URL metadata in-
duces locale-sensitive movement relative to the
no-metadata control, which stays completely flat
across locales on this synthetic next-token test,
and it gives a substantially better average rank to
the expected locale-appropriate continuation. The
conservative mechanistic takeaway is that URL
provenance produces substantially more locale-
discriminative internal states than the metadata-free
baseline while also shifting local lexical expecta-
tions in the expected direction.

Cluster-level analysis of leave-one-out effects.

To better understand why the ([NoAmerica]] model

exhibits the smallest degradation relative to the

Prompt variant ~ Mean US to UK sym. KL 1+ Mean expected rank |,

URL metadata
No metadata

0.095
0.000

64.17
200.96

Table 13. Exploratory lexical locale-projection sum-
mary on six ambiguous continuations using the final
1B pretrained checkpoints. No-metadata prompts col-
lapse to identical distributions across locales, while
URL metadata induces measurable locale sensitivity
and gives much better rank to the locale-appropriate
continuation.

full global model in Figure 20, we perform a
cluster-level analysis on the combined test set.
We compute sentence representations by mean-
pooling the final-layer hidden states produced by

the ([NoAmerica]) model and apply k-means clus-

tering with K = 4, mirroring the four training con-
tinents. Using embeddings from the
model lets us inspect how the global test set is or-
ganized when America-specific training data has
been removed.

46763



Target Canada
locale
Contrast United States
locale
Topic Education
Question A province expands full-day kindergarten
for four- and five-year-olds. Which paired
program name is most likely in the
coverage?
Options A.JK-SK; B. Pre-K-K; C. TK-K; D.
Explicit row shown to annotators Nursery-Reception
Target JK-SK
Target Hong Kong answer
locale Contrast Pre-K-K
Topic Education answer
Question In Hong Kong, which grades are referred Target Kindergarten and Elementary, Avon
to as primary school levels? evidence Maitland District School Board.
Options A. P1 to P6; B. S1 to S6; C. K1 to K3; D. “Children who are 3 years old (JK) or 4
Y7to Y12 years old (SK) by December 31 are
Target P1 to P6 eligible to attend Full Day Kindergarten.”
answer Contrast Little Wildcats (Pre-K & K), New
Displayed  Po Leung Kuk Camoes Tan Siu Lin evidence Durham Elementary School. “Little
evidence Primary School. “We have 5 classes for Wildcats (Pre-K & K).”
each class level from PI to P6.” Recorded  Target correctness marked yes; contrast
Recorded  Target correctness marked yes judgments correctness marked yes; locale difference
judgment marked yes.
/. J

Ambiguous row shown to annotators

Figure 12. Representative participant views. Explicit LOCALNEWSQA rows require one judgment. Ambiguous
rows require three judgments tied to target correctness, contrast correctness, and whether the answer truly changes

across locales.

Prompt variant  Continent probe acc. (2k — final) Country probe acc. (2k — final)

URL metadata
No metadata

89.5 — 915
49.5 = 67.5

88.0 — 89.5
40.5 — 52.0

Table 14. Linear-probe accuracy (%) from final-layer
hidden states on a held-out 1,000-document global test
set (250 per continent). We probe the representation at
the last metadata token for URL-conditioned prompts
and at the last title token for the no-metadata baseline.
The informative comparison is URL versus no metadata.

We first compare cluster assignments with conti-
nent labels. As Table 15 shows, continent labels are
broadly mixed across clusters rather than forming
continent-specific partitions. This indicates sub-
stantial cross-continent overlap in the combined
test set and helps explain why omitting America
produces a smaller degradation than omitting some
of the other continents because the remaining train-
ing data still covers a relatively broad portion of
the latent structure of the evaluation corpus.

External downstream test sets. Table 3 gives
the four-setting MAPLE paired-switch compari-
son. The appendix tables below report comple-
mentary endpoint gains with paired bootstrap inter-
vals for LOCALNEWSQA and the external bench-
marks used in the transfer analysis. On the LOCAL-
NEWSQA ambiguous split, the aggregate gains
are clear and the paired metrics are positive, while

Cluster (n) Africa America Asia Europe

0 (321) 132 (41.1%) 32 (10.0%) 125 (38.9%) 32 (10.0%)
1(237) 33 (13.9%) 72 (30.4%) 62 (26.2%) 70 (29.5%)
2(99) 29 (29.3%) 12 (12.1%) 30 (30.3%) 28 (28.3%)
3(343) 42 (12.2%) 146 (42.6%) 29 (8.5%) 126 (36.7%)

Table 15. Continent distribution per cluster on the com-
bined test set (NoAmerica embeddings).

granular country/topic target-accuracy buckets are
reported as diagnostics rather than as a universal-
positivity claim.

Table 16 reports the LOCALNEWSQA model
matrix separately from the external benchmark ma-
trix. It reports LOCALNEWSQA target-locale ac-
curacy gains and the two paired ambiguous metrics
for the completed gold LocalNewsQA runs. The
paired metrics remain stringent. Exact pair requires
both target and contrast answers to be correct, while
margin switch requires the score margin to flip to-
ward the locale-appropriate answer on both sides
of the pair.

Table 17 reports the full external benchmark ma-
trix as metadata gains with confidence intervals.
The base MAPLE pretraining comparison has the
same direction on all six datasets and both scales.
The reference rows are intentionally broader and
more mixed. Inference-time metadata alone helps
on some model-dataset pairs, especially several
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URL metadata locale sensitivity

biscuit_word 0.02
chips_word - 0.09
0.3
cricket_baseball 0.05
0.2
e - B
fuel_word 4 0.03
head_of_government 0.03
T
US vs UK
(a) URL

No metadata locale sensitivity

biscuit_word

chips_word

0.10
cricket_baseball 0.05
0.00
football_role -0.05

-0.10

fuel_word

head_of_government

US vs UK

(b) None

Figure 13. Exploratory lexical locale-projection heatmaps. Each row is one ambiguous lexical prompt, and
each cell is the symmetric KL divergence between the United States and United Kingdom next-token distributions
for that same prompt. Higher values mean the model reacts more differently to locale on the same context. The
no-metadata model is effectively invariant, while URL metadata induces clear locale-sensitive movement.

( URL Anatomy Example )
URL www.bbc.co.uk
news/world-europe-12345
ccTLD uk
Domain bbc.co.uk
Path /news/world-europe-12345
\_ _J

Figure 14. URL signal extraction example. Example
of ccTLD, domain, and path extraction from a URL.

GLOBAL-MMLU-CS and NORMAD rows, but
it is not uniformly beneficial across model fami-
lies. This supports the central MAPLE comparison
while showing that inference-time metadata alone
is not uniformly sufficient.

Appendix-only WVS projection probe. The
appendix also reports a WVS projection analy-
sis under a separate country-conditioned protocol.
Under this setup, metadata-conditioned MAPLE
moves much closer to the requested countries
than the metadata-free controls at both scales.
Mean target distance falls from 6.91 to 1.42 at 1B
and from 5.79 to 2.61 at 3B on the 15-country
overlap set. On the full 107-country evaluation,
the averaged MAPLE (T+, I+) centroids land at
0.695 and 0.746 units from the human-country
centroid. Those metadata-conditioned centroids
are more central than GEMMA 4 31B and the
older GPT baselines, but they are less central than
the strongest recent references in the completed

provider evaluation, including GLM-5.1, QWEN
3.5 397B, Kim1 K2.5, CLAUDE Sonnet 4.6, and
GPT-5.4. The metadata-free MAPLE controls re-
main off-map. Top-3 retrieval remains weak, so we
interpret this probe as directional steering toward
the requested countries rather than exact country
recovery. In that sense, it still provides conver-
gent cross-task evidence that the same metadata-
conditioned MAPLE variants that help on LOCAL-
NEWSQA also induce more target-directed move-
ment on an independent cultural projection task.

A.6 Additional Results

Figures 16-21 collect the remaining supporting
views for the main controlled language-modeling
studies. They include country-level local per-
formance, asymmetry across continent pairs, the
500M counterpart to the local-vs-global compari-
son, both leave-one-out controls, and the supple-
mentary 500M cross-continent plot. We place them
together here so that each supporting result remains
close to the figure that substantiates it.

Balanced 20k-document samples suggest why
the Africa-trained models are least symmetric.
Africa documents are shorter on average (243 to-
kens versus 254 to 341 elsewhere), have markedly
lower cross-continent named-entity overlap with
the other regions (0.149 to 0.210 versus 1.000
within-Africa), and concentrate more heavily in
one dominant theme (Development & Society at
0.756 versus 0.569 to 0.634 elsewhere).
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Figure 15. Appendix-only all-country WVS map. Released reference-model centroids are shown alongside
the MAPLE centroids averaged over the corresponding country-conditioned sweep. The metadata-conditioned
MAPLE centroids fall within the main vendor cloud and remain far closer to the human-country centroid than the

metadata-free MAPLE controls, which stay off-map.

Scale extension to 3B, compute, and token ef-
ficiency. Figure 24 summarizes the final global-
model tradeoff between pretraining compute and
downstream performance for the 1B and 3B fam-
ilies. We plot global perplexity together with
downstream QA accuracy, using estimated train-
ing FLOPs (6N D) because the 3B runs used a
separate 4xB200 setup while the 500M and 1B
families used 4 x A100s. Absolute runtime differs
accordingly. The successful 3B pretraining runs
used a single node with four B200 GPUs, whereas
the smaller families used single nodes with four
A100 GPUs. The optimizer, schedule, tokenizer,
and data pipeline remain the same, so we interpret
this hardware difference as relevant to throughput
rather than to the factorial comparison itself. For
an apples-to-apples comparison, the 3B QA points
use the same SFT protocol as the 1B appendix com-
parison. Figure 5a complements this view by show-
ing the training-token trajectories for 500M, 1B,

and 3B. Across all three scales, (GLOBAL (T+, I+)
reaches the final _ perplexity us-

ing fewer training tokens, showing that metadata
improves optimization efficiency rather than only
the final value.

Country-level breakdowns. The local-model
analyses in Section 5.2 operate on continent-level
train/test splits, but the with_metadata test sam-
ples preserve the underlying COUNTRY tag in the
serialized text. This lets us aggregate performance
by country after evaluation. For perplexity, we
micro-average by summing token-level losses and
token counts within each country before exponen-
tiating. The main paper’s Figure 16 includes this
country-level view for the local 500M and 1B mod-
els. Figure 25 provides the analogous country-level
downstream accuracy breakdown for the global
chat models after SFT.

Adversarial metadata corruption during down-
stream inference. The main downstream exper-
iment uses correct locale metadata at inference.
To test robustness, we repeat the same benchmark
while corrupting the URL (and therefore the cor-
responding country and continent tags) for 25%,
50%, 75%, and 100% of the evaluation samples.
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Figure 16. Country-level in-region perplexity. (LOCAL (T+, I+)]is aggregated within each country by micro-

averaged perplexity for the local 500M and 1B models.
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Figure 17. Cross-continent asymmetry for 1B local
models. A higher value indicates that model trained on
continent ¢+ when evaluated on continent j has a higher
perplexity than when a model trained on continent j is
evaluated on continent i.
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Figure 18. Cross-continent asymmetry for 500M lo-
cal models. A higher value indicates that model trained
on continent 7 when evaluated on continent j has a
higher perplexity than when a model trained on conti-
nent j is evaluated on continent .
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Figure 19. Local-vs-global perplexity at 500M.

GLOBAL (T+, I+)] models conditioned with metadata

during training and inference have lower perplexities

than the control variant _, and have
similar perplexities to the (LOCAL (T+, I+)) models on

local test sets.
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Figure 20. Leave-one-out global-model ablations. In both settings, excluding any single continent raises perplexity
relative to the corresponding full global model on both the held-out continent and the combined global test
set, indicating that metadata formatting does not substitute for geographic coverage. The metadata-conditioned

comparison is statistically significant at 95% confidence.
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Figure 21. Cross-continent perplexity for 500M local models. (LOCAL (T+, I+)) models have higher perplexities
on cross-continent test sets (off-diagonal) than on local ones. Positive differences between perplexities of models

trained without metadata and with metadata on the same test sets indicate the effectiveness of metadata in improving

cross-region generalization while maintaining local performance.
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Figure 22. Full cross-continent diagnostic view. The four 1B local model configurations show raw heatmaps for the
I+ and I- settings, same-setting deltas, and average delta by test region. Positive A favors metadata conditioning.
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Model Overall Ambig. Explicit Exact pair Margin switch
A acc. A acc. A acc. A A
& MAPLE family (T+,1+) — (T-,1-)
MAPLE 1B Base +1.4 +6.7 +0.9 +1.9 +8.2
MAPLE 1B Chat +1.2 +4.4 +0.9 +2.0 +6.5
MAPLE 3B Base +2.8 +9.2 +2.1 +8.8 +25.1
MAPLE 3B Chat +2.2 +10.1 +1.4 +5.1 +13.6
00 LLaMA family I+ — I-
LLaMA-3.2-1B Base -1.2 -1.3 +1.4 +7.4
LLaMA-3.2-1B Inst. -2.3 +0.4 2.5 +3.1 +9.2
LLaMA-3.2-3B Base -1.0 +5.2 -1.6 +5.0 +16.2
LLaMA-3.2-3B Inst. -8.0 -2.6 -8.5 +3.6 +10.6
\% Qwen2.5 family I+ — I-
Qwen2.5-1.5B Base -0.7 +14 -0.9 +1.5 +5.4
Qwen2.5-1.5B Inst. -1.8 +8.5 29 +1.7 +20.4
Qwen2.5-3B Base -2.6 +8.8 -3.7 +10.5 +25.3
Qwen2.5-3B Inst. +0.6 +8.7 +8.2 +25.2
\% Qwen3.5 family I+ — I-
Qwen3.5-0.8B Base -0.7 +2.5 -1.1 +2.7 +8.5
Qwen3.5-0.8B Chat -L1 +3.8 -1.6 +2.2 +8.3
Qwen3.5-2B Base +1.0 +9.6 +0.2 +9.2 +22.4
Qwen3.5-2B Chat +2.7 +11.2 +1.8 +8.5 +20.4
Qwen3.5-4B Base +0.1 +1.5 +1.2 +3.6
Qwen3.5-4B Chat +0.2 +1.3 +0.1 +0.8 +3.1
G Gemma-4 family _E=
Gemma-4-E2B Base +2.0 +2.2 +0.5 +2.3
Gemma-4-E2B-it +1.0 +2.8 +0.8 +3.5 +9.8
Gemma-4-E4B Base +0.5 +0.6 +0.6 +2.3
Gemma-4-E4B-it +2.7 +7.1 +2.2 +8.8 +232
¥ Ministral family I+ — I-
Ministral-3-3B Base +0.7 +4.8 +0.3 +4.5 +16.2
+0.9 +6.4 +0.4 +5.6 +18.5

Ministral-3-3B Inst.

Table 16. LOCALNEWSQA metadata gains with paired bootstrap 95% confidence intervals. Each completed cell
reports the point estimate on top and the confidence interval below. Accuracy columns report percentage-point
gains on target-locale questions; exact-pair and margin-switch columns report percentage-point gains on ambiguous
target/contrast pairs. MAPLE rows compare (T+,I+) — (T-,I-), while non-MAPLE rows compare I+ — I-.
Positive values favor metadata conditioning or metadata-formatted inference; dark bold point estimates have intervals
that exclude zero, while lighter entries overlap zero.
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GeoMLaMA GOQA MMLU-CS NormAD BLEnD WVB

Model A acc. A acc. A acc. A acc. A acc. EMD red.
¢ MAPLE family (T+,1+) — (T-,1-)
MAPLE 1B Base +1.3 +14 +9.4 +0.03
MAPLE 1B Chat +2.7 +3.8 +0.01
MAPLE 3B Base +8.4 +3.9 +5.1 +13.5

MAPLE 3B Chat +3.4 +2.4 +6.1 +0.02
00 LLaMA family I+ — I-
LLaMA-3.2-1B Base -27 +2.0

LLaMA-3.2-1B Inst. +0.03
LLaMA-3.2-3B Base +0.4 -0.03
LLaMA-3.2-3B Inst. -1.0 -2.9 -9.2 -0.10
\% Qwen2.5 family I+ — I-
Qwen2.5-1.5B Base -10.7 -2.1 +5.0

Qwen2.5-1.5B Inst. -8.7 -0.8 -2.7 -0.02
Qwen2.5-3B Base -0.4 +9.6 -0.02
Qwen2.5-3B Inst.

s Qwen3.5 family I+ — I-
Qwen3.5-0.8B Base

Qwen3.5-0.8B Chat -2.1 +0.04
Qwen3.5-2B Base -2.5

Qwen3.5-2B Chat -4.0

Qwen3.5-4B Base +0.4

Qwen3.5-4B Chat -3.3 1.5

G Gemma-4 family I+ — I-
Gemma-4-E2B Base +6.1

Gemma-4-E2B-it +0.03
Gemma-4-E4B Base -0.6 +2.9 +1.7 +5.1

Gemma-4-E4B-it -1.0 +2.7 +2.5

¥ Ministral family e —
Ministral-3-3B Base 0.3 2.1 -0.04
Ministral-3-3B Inst. -12.7 2.7 -4.2 -0.02

Table 17. External benchmark metadata gains with paired bootstrap 95% confidence intervals, grouped by model
family. Each completed cell reports the point estimate on top and the confidence interval below. GEOMLAMA,
GLOBALOPINIONQA (GOQA), GLOBAL-MMLU-CS, NORMAD, and BLEND entries are percentage-point
accuracy gains. WORLDVALUESBENCH (W VB) reports Earth Mover Distance reduction, computed as metadata-
free EMD minus metadata-formatted EMD, so positive values are better in every column. MAPLE rows compare

(T+,I+) — (T-,I-) ; all other rows compare I+ — I- . Dark bold point estimates have intervals that exclude zero,
while lighter entries overlap zero.

Metric (T+, I+) (T-,I-)

Mean distance to the requested country’s human WVS map coordinate (lower is better)
MAPLE 1B 1.416 6.914
MAPLE 3B 2.606 5.794

Table 18. Appendix-only country-conditioned World Values Survey projection on the 15 countries overlapping
the MAPLE training set. We compare the primary MAPLE settings under a bundled metadata prompt with soft
country framing and short labeled WV'S answer options. Top-3 retrieval remains flat at 3/15 countries, so we report
the more diagnostic target-distance metric.
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Figure 23. Expanded metadata ablations. Full checkpointed results for ® URL, ® URL @ Country, ® URL @ Continent,
@ Country, and @ Continent, evaluated on the five metadata-formatted test sets, the ® URL @ Country ® Continent test set,
and the no-metadata test set. The same overall pattern persists across intermediate checkpoints, and @ URL remains
the most effective single-metadata variant.
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Estimated FLOPs use 6ND with N from the final model config and D = 41.94B training tokens.
Figure 24. Compute/performance tradeoff. Final performance is plotted against estimated training FLOPs for
the global 1B and 3B families. The left panel shows global perplexity, and the right panel shows downstream QA
accuracy. The 3B QA points use the same SFT protocol as the 1B appendix comparison.
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(b) 3B chat models.
Figure 25. Country-level downstream QA accuracy. Global chat models are evaluated after SFT. Within each

country, (GLOBAL (T+, I+)) and _ are compared over the same question pool; the larger model

family shows stronger country-to-country variance.

—e— MAPLE 1B (T+, I+) MAPLE 3B (T+, I+)| |—s— MAPLE 1B (T+, I+) MAPLE 3B (T+, I+)
MAPLE 1B (T-, I-) MAPLE 3B (T-, I-) MAPLE 1B (T-, I-) MAPLE 3B (T-, I-)
0.345 0.30
- — 0.24
[0} Q
£ 0.330 B
[} ()
Ko) Ko}
«— «—
- —0.18
>
O O
s 0.315 >
< < 0.12
0.300
0.06
0 0.25 0.5 0.75 1 0 0.25 0.5 0.75 1
Fraction of samples corrupted Fraction of samples corrupted
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Figure 26. Adversarial downstream evaluation. Pretrained closed-form scoring is evaluated under metadata
corruption on the final gold LOCALNEWSQA split. Figure a reports full-set target accuracy, and Figure b reports the
ambiguous split only. Increasing metadata corruption reduces metadata-conditioned inference, while metadata-free
inference is largely unchanged. The narrower URL-country-mask variant remains closer to the clean run than to the
metadata-free control, indicating that country-code cues matter but broader URL structure also contributes.
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