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Abstract
Do multilingual language models transfer fac-
tual knowledge across languages during contin-
ued pretraining, or do they mostly recall facts
learned directly from the target-language data?
To answer this question more reliably, we pro-
pose an intervention-based framework: start-
ing from an English-pretrained model, we con-
tinue pretraining on Persian data from which
specific facts have been systematically removed
at varying levels of granularity. We construct
SIFT, a resource of 500 triples across 20 rela-
tions, stratified by the cultural origin of each
fact’s subject into general (globally prominent)
and Persian-related entities, designed for both
systematic fact removal from training data and
evaluation, with natively written Persian cloze
templates. Our results show that fact transfer is
very limited: under the strictest removal condi-
tion, a large majority of English-acquired facts
fail to transfer into Persian. We further show
that sentence-level co-occurrence removal is in-
sufficient to eliminate fact signal, and that eas-
ier (randomly selected) negative candidate sets
substantially inflate apparent transfer by reward-
ing shallow associative heuristics, while perfor-
mance on a harder candidate set that allows
for less reliance on heuristics is much lower.
Finally, we show that source-language entity
frequency has a large influence, with Persian-re-
lated facts, which are orders of magnitude rarer
in the English corpus, hardly transferring.

1 Introduction

Multilingual language models are able to retrieve
factual knowledge acquired in one language when
prompted in another (Petroni et al., 2019; Kassner
et al., 2021), but cross-lingual fact transfer can be in-
consistent (Qi et al., 2023; Wang et al., 2025). Sev-
eral studies have attempted to characterize which
facts transfer across languages and which do not
(Jiang et al., 2020; Keleg and Magdy, 2023); how-
ever, it is hard to draw general conclusions without
full access to the training corpus.

English corpus Persian corpus

English fact Persian factPersian fact recall

Shallow cues

Einstein died in Princeton. .تشذگردنوتسنیرپردنیتشنیا
FA: .تسانیتشنیاتوفلحم

EN:Einstein passed away in .

FA: [ نتگنشاو،نیلرب،خیروز،ملوا،نوتسنیرپ ]
EN: [Princeton, Ulm, Zurich, Berlin, Washington]

a b

c

Figure 1: Overview of our causal framework. Our bilin-
gual English–Persian language model could recall facts
in Persian because (a) it has acquired the knowledge
from the English corpus and transferred it; (b) it has
directly acquired the knowledge during continued pre-
training on Persian; (c) it has derived the correct answer
from shallow cues. Our interventions are designed to
block paths (b) and (c), thereby quantifying the effect
size of cross-lingual transfer, (a).

In this paper, we focus on a more tractable sce-
nario of cross-lingual transfer: We build bilingual
language models through continued pre-training
of an English base model on Persian data. This
setup suggests a concrete causal model of how fact
transfer could occur (see Figure 1) and enough ex-
perimental control to test whether it does. More
specifically, our bilingual English–Persian models
could recall facts in Persian because they have ei-
ther (a) transferred them from the English training
corpus or (b) acquired them during the continued
pretraining on the Persian corpus. Inspired by re-
cent work on the role of heuristics in fact recall
(Elazar et al., 2023; Saynova et al., 2025), we also
allow for a third causal path (c), where the model
could derive the correct answer from shallow cues
such as geographic or associative co-occurrence.
Our experiments are designed around interventions
to approximately block paths (b) and (c), which
lets us estimate how much of the model’s perfor-
mance can be causally attributed to actual knowl-
edge transfer (Pearl, 2009). In particular, we in-
tervene on (b) by removing facts from the Persian
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corpus in controlled ways, and on (c) by increas-
ing the difficulty of fact retrieval through strong
distractors that reduce the usefulness of shallow
cues. As the key resource for both interventions,
we construct SIFT (Stratified Intervention Facts for
Transfer), a resource of 500 fact triples across 20
relations, annotated by the provenance of the sub-
ject entity: general facts, whose subjects are widely
recognized around the world, and Persian-related
facts, whose subjects are culturally rooted in the
Persian-speaking world.

We use the English → Persian scenario as a
challenging case study for cross-lingual transfer.
The Persian script shares no orthographic overlap
with English and the two languages have virtually
no common vocabulary, requiring the model to
build cross-lingual associations entirely through
learned semantic representations. Indeed, under
our strictest conditions, where we intervene on the
training data by removing all mentions of the facts’
subjects from the Persian corpus and evaluate with
hard distractors that suppress shallow associative
cues, we find very limited signs of cross-lingual
fact transfer, consistent with prior findings that even
large-scale models struggle to share factual knowl-
edge across languages (Goldman et al., 2025; Xu
et al., 2023; Gao et al., 2024).

The model transfers only a small fraction of
its English-acquired knowledge into Persian, with
transfer largely confined to general facts, while
Persian-related facts transfer at substantially lower
rates. To understand this gap, we investigate the
relationship between how frequently a fact’s sub-
ject appears in the English pretraining corpus and
whether that fact transfers to Persian. Persian-re-
lated subjects, which are orders of magnitude rarer
in English, transfer at near-chance levels, whereas
highly frequent Persian-related subjects reach mod-
erate transfer rates. These findings establish that a
strong representation in the English data is neces-
sary but not sufficient for fact transfer.

2 Related Work

LAMA (Petroni et al., 2019) introduced cloze-style
probing of factual knowledge over subject-rela-
tion-object triples, and subsequent work extended
this paradigm to multilingual and cross-lingual set-
tings (Kassner et al., 2021; Jiang et al., 2020; Elazar
et al., 2021; Fierro and Søgaard, 2022; Qi et al.,
2023; Wang et al., 2025; Liu et al., 2025b; Keleg
and Magdy, 2023). However, all of these datasets

are designed solely for evaluation; none provides
facts structured for systematic removal from train-
ing data, which our study requires to isolate transfer
from direct learning.

Cross-lingual factual knowledge sharing in mul-
tilingual models remains limited: high- and low-re-
source languages show significant performance
gaps in fact probing (Xu et al., 2023), multilin-
gual pretraining and instruction tuning yield only
shallow knowledge alignment (Gao et al., 2024),
and even state-of-the-art models struggle to retrieve
facts when queried in a language other than the
one in which the fact is expressed (Goldman et al.,
2025). Furthermore, models may not genuinely
store facts but instead rely on statistical shortcuts
such as prompt biases, co-occurrence statistics, and
dataset artifacts (Cao et al., 2021; Elazar et al.,
2023), with evidence that genuine recall, heuris-
tic shortcuts, and guesswork activate distinct model
mechanisms (Saynova et al., 2025). Fact recall also
scales with entity frequency in the pretraining data,
with long-tail entities remaining difficult even at
large model scales (Kandpal et al., 2023). These
findings motivate our use of hard and random can-
didate sets to disentangle precise knowledge from
shallow cues, and our analysis of subject frequency
as a predictor of cross-lingual transfer (§5.4).

3 SIFT

To support our analysis of cross-lingual fact transfer,
we introduce SIFT1 (Stratified Intervention Facts
for Transfer), a resource of 500 factual knowledge
triples annotated for subject provenance (general
vs. Persian-related), natively written Persian tem-
plates, and negative candidate sets (distractors) at
two difficulty levels, designed for both training data
intervention and evaluation.

As discussed in §2, existing fact probing datasets
were designed for evaluating fact recall, not for
the controlled manipulation of training data that
our study requires. LAMA-style datasets have sev-
eral shortcomings for our purposes: Many triples
have minimal coverage in the Persian web cor-
pus, making their removal from training data an
empty exercise rather than a meaningful interven-
tion. Some triples are trivially self-referential, such
as 〈flag of Sweden, applies_to_jurisdiction,
Sweden〉, and are unlikely to appear as natural
text and too easy to serve as meaningful evalua-
tion items. Also, their facts are selected from En-

1The dataset is available on Hugging Face.
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glish-centric sources (Kassner et al., 2021; Fierro
and Søgaard, 2022) with no coverage of Persian-re-
lated entities. ECLeKTic (Goldman et al., 2025) ad-
dresses cross-lingual transfer more directly, but by
selecting facts available in only one Wikipedia lan-
guage, it inherently restricts evaluation to culture-
specific or rare entities, excluding the general facts
that are essential for a complete picture of cross-
lingual transfer. SIFT addresses these gaps by se-
lecting triples with sufficient Persian corpus fre-
quency to make removal meaningful, while avoid-
ing entities so frequent that their removal would
distort the training data, and includes Persian-re-
lated entities absent from existing English-centric
resources.

3.1 Fact Triples
We represent each fact as a subject–relation–object
triple 〈s, r, o〉, a representation widely used in fac-
tual knowledge probing (Petroni et al., 2019; Wang
et al., 2025). For example, the fact that Albert Ein-
stein died in Princeton is represented as 〈Albert Ein-
stein, place_of_death, Princeton〉. In our study,
these triples serve a dual purpose: they define the
targets for our training data intervention, and they
form the basis of our evaluation of factual knowl-
edge recall. Relations are language-independent
Wikidata-style identifiers, while subjects and ob-
jects are stored with surface forms in both English
and Persian: the English forms are used for English
evaluation, and the Persian forms, which include
all orthographic and lexical variants of an entity
(§4.2, Appendix B), are used for the training-data
intervention and for Persian evaluation. In addi-
tion to the triple itself, each entry in SIFT carries
corpus statistics for the subject: its frequency in
the English and Persian pretraining corpora, and
the number of sentences in which the subject and
object co-occur. We use these statistics to select
triples whose removal is a meaningful intervention
(Appendix B) and to analyse how source-language
frequency affects transferability (§5.4).

We construct a set of fact triples in two cate-
gories based on the provenance of the subject: (a)
Persian-related facts, whose subjects are culturally
rooted in Iran or the Persian-speaking world, and
(b) general facts, whose subjects are globally promi-
nent with no strong tie to any particular region.
Prior work has shown that multilingual models sys-
tematically favor Western entities and store cultur-
ally specific knowledge less reliably than globally
shared knowledge (Hershcovich et al., 2022; Naous

et al., 2024; Yin et al., 2022). Our categorization
allows us to analyze how the provenance of a fact
affects its cross-lingual transfer.

We construct our evaluation set through a combi-
nation of LLM-assisted generation andmanual cura-
tion. We prompted Claude Opus 4.6 with extended
thinking via the Claude chat interface (claude.ai)
in February–March 2026 to generate 70 candidate
triples per relation across the two provenance cate-
gories. A native Persian speaker manually reviewed
all candidates against Wikidata and Wikipedia, dis-
carding or replacing triples that were factually in-
correct, ambiguous, or insufficiently attested in the
Persian web corpus. Persian-related triples required
substantial manual intervention, as the model re-
peatedly generated the same small set of subjects
across relations, limiting diversity. The final dataset
comprises 500 triples2 across 20 relations (25 per
relation), annotated as Persian-related (114) or gen-
eral (386). The distribution of Persian-related and
general triples is not uniform across relations, as
some relations, such as capital and continent,
are inherently general, while person-centric rela-
tions can include both general and Persian-related
subjects. Additional curation criteria are described
in Appendix B.

3.2 Evaluation Templates
For each relation, a template is a declarative sen-
tence containing a placeholder for the subject and
a placeholder for the object, written such that sub-
stituting the correct object yields a natural, factu-
ally true sentence. At evaluation time, we fill the
subject slot with the fixed subject of a triple and
score each candidate object by substituting it into
the object slot and computing its length-normalized
log-probability under the model (§4.4); the candi-
date with the highest score is taken as the model’s
prediction. For example, as illustrated in Figure 1
a template for the relation place_of_death can
be “{subject} passed away in {object}” which,
for the triple 〈Albert Einstein, place_of_death,
Princeton〉, would be scored once with the correct
object (“Albert Einstein passed away in Princeton”)
and once for each of the four incorrect object candi-
dates (e.g., “Albert Einstein passed away in Berlin”).
We show the English template here for readability;

2Since the same subject may appear in multiple relations,
the number of unique subjects (437) is smaller than the total
number of triples. This also holds within each provenance
category: 324 unique general subjects vs. 386 general triples,
and 113 unique Persian-related subjects vs. 114 Persian-related
triples (Table 3).
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the Persian templates are written natively and are
not translations of their English counterparts.

Existing multilingual probing datasets rely on
machine-translated templates, which introduces
grammatical and semantic artifacts in the target lan-
guage (Semenov and Sennrich, 2025; Kassner et al.,
2021; Fierro and Søgaard, 2022; Wang et al., 2025).
We therefore write new declarative templates na-
tively in Persian, where the object can appear at any
position in the sentence, better approximating natu-
rally occurring text in the pretraining corpus. For
each relation, we create five templates, all written
and reviewed by a native Persian speaker.3 For En-
glish evaluation, we use all five English templates
of KLAR (Wang et al., 2025) per relation; these are
also written manually.

3.3 Candidate Sets
To evaluate whether models can distinguish the cor-
rect object from plausible alternatives, we construct
four negative candidate objects for each triple, in
addition to the correct one. Candidates are negative
in the sense that substituting them for the correct
object yields a triple representing a provably false
“fact.” Each candidate is itself a real entity of the
same type, verified against Wikidata and Wikipedia
to be incorrect for the given subject and relation.
We construct candidates in two difficulty settings.

In the hard setting, candidates are designed to be
semantically close to the correct answer. For each
relation, we defined criteria guiding the generation
of plausible but incorrect candidates. For exam-
ple, candidates for capital include the country’s
largest non-capital city, neighboring country capi-
tals, and cities with similar spelling; candidates for
place_of_birth and place_of_death include
cities from the cultural or geographic region sug-
gested by the person’s name, so candidates for an
Iranian figure are other major Iranian cities rather
than unrelated world capitals. We prompted Claude
Opus 4.6 with extended thinking via the Claude
chat interface in February–March 2026 and these
relation-specific criteria to generate candidates (full
prompt in Appendix F), then verified that all candi-
dates were factually incorrect and sufficiently proxi-
mate to serve as challenging distractors. In the ran-
dom setting, we sample four candidates uniformly
from all objects appearing in the same relation,
without regard to semantic proximity.

3We additionally create question–answer format templates
for comparison with prior work; results are reported in Ap-
pendix G.

The hard and random settings test different as-
pects of fact recall. In the random setting, distrac-
tors are rarely close to the correct object, so surface-
level cues, such as associating a Persian name with
Iranian cities, are often sufficient to identify the cor-
rect answer without knowing the fact. Hard distrac-
tors are drawn from the same semantic and cultural
neighborhood as the correct object, so these cues
discriminate poorly among them, and success in
the hard setting reflects a correspondingly smaller
contribution from such heuristics. Assuming that
performance in the hard setting approximates perfor-
mance under an intervention that removes shallow
cues, the hard candidate setting allows us to block
path (c) in Figure 1, better isolating the contribution
of English factual knowledge to the prediction task.

4 Experimental Setup

Our experimental design operationalizes the causal
framework in Figure 1. We describe the training
framework (§4.1), apply three levels of fact removal
intervention to the Persian training corpus, and con-
struct one control condition (§4.2), train models on
these variants (§4.3), and evaluate fact recall and
cross-lingual transfer using the SIFT triples and
templates (§4.4).

4.1 Training Framework
We adopt the training framework of Glocker et al.
(2025), who train language models from scratch
using publicly available data with full control over
the training pipeline. Their framework offers sev-
eral properties well-suited to our study. First, they
train a 180M-parameter seed model on English data
from FineWeb-Edu (Lozhkov et al., 2024) and code
from Python-Edu (Allal et al., 2024), then upscale
it to 572M parameters via HyperCloning (Samragh
et al., 2024), a method that preserves the smaller
model’s output distribution while increasing capac-
ity. This gives the upscaled model a warm start that
retains its English capabilities before continued pre-
training on a target language, which in our case is
Persian. Second, they demonstrate that upscaled
models better preserve the base model’s English
knowledge during continued pretraining, reducing
catastrophic forgetting, a critical property for our
study, since we rely on English knowledge persist-
ing through Persian adaptation.

4.2 Training Data Interventions
To block the path from Persian training data to Per-
sian factual knowledge recall (path (b) in Figure 1),

55477



we apply three levels of intervention to the Persian
FineWeb-2 corpus (Penedo et al., 2025), each re-
moving information about the target entities with
different granularity.4 All levels share the same
preprocessing and matching pipeline. We split the
corpus into sentences using ParsiNorm (Oji et al.,
2021), and for sentences exceeding 300 characters,
we further split them into chunks at word bound-
aries while preserving complete tokens.

Co-occurrence removal For each triple 〈s, r, o〉,
we generate all pairwise combinations of subject
and object surface forms – e.g., given the triple
〈Albert Einstein, field_of_work, physics〉, this
yields 2 variants of “Einstein” × 5 Persian vari-
ants of “physics” = 10 pairs. We then remove any
sentence in which the subject and object from at
least one such pair co-occur. The need for multiple
object surface forms arises because Persian allows
several orthographic and lexical variants for the
same concept (see Appendix B, exhaustive object
enumeration).

Full subject removal We remove all sentences
containing any variant of the subject, regardless
of whether the object co-occurs. This provides a
stronger blocking of path (b) than co-occurrence
removal, as it eliminates any Persian-language con-
text in which the entity appears, ensuring that the
model cannot acquire any fact about the subject
from the Persian training data.

Full template replacement All sentences con-
taining a subject are replaced with neutral template
sentences that preserve the subject’s surface form
without exposing the model to the target factual as-
sociations. This allows us to test whether familiarity
with the entity’s Persian name, independent of fac-
tual context, affects the model’s ability to transfer
knowledge from English. Details on generation of
replacement sentences are in Appendix C.

Random removal control The three interven-
tions above all reduce the size of the Persian corpus,
most substantially under full subject removal. To
separate the effect of removing fact-specific con-
tent from the effect of removing text, we addition-
ally consider a control data set in which sentences
are removed at random, except that every sentence
containing any variant of a SIFT subject or object
is retained. This corpus is reduced by an amount

4Code for the data interventions and evaluation is available
at https://github.com/liu-nlp/SIFT.

of text comparable to that in full subject removal
while leaving all factual evidence in place. Unlike
the three interventions, it is not intended to block
path (b); it separates the effect of removing facts
from the effect of removing data.

4.3 Models

We use seven models, summarized in Table 1, that
vary in their language exposure and the degree of
fact removal applied to the Persian training data.5
All models share the same architecture and param-
eter count (572M) based on the SmolLM2 archi-
tecture (Allal et al., 2025) with the Llama 3.3 tok-
enizer (128K vocabulary). EN-Base is the English-
pretrained model released by Glocker et al. (2025).
FA-Base is trained from scratch on Persian data us-
ing the same setup. CPT models are obtained by
continued pretraining of EN-Base on different ver-
sions of the Persian corpus; all five include replay
data drawn from the same English and code cor-
pora used for base model pretraining, comprising
approximately 12% replay data relative to the Per-
sian training tokens, as data replay has been shown
to reduce catastrophic forgetting during continued
pretraining (Scialom et al., 2022), and preserving
source-language factual knowledge is critical to our
experimental design.

4.4 Evaluation

For each triple 〈s, r, o〉, we construct the candi-
date set by combining the correct object with the
four negative candidates. Each candidate is scored
by filling it into each of the five templates for re-
lation r and computing the length-normalized log-
probability of the resulting sentence; we average
a candidate’s scores across the five templates and
take the highest-scoring candidate as the model’s
prediction, so that no individual template deter-
mines the outcome.6 We report six metrics. AccEN
and AccFA measure top-1 accuracy in English and
Persian independently. Overall (Goldman et al.,
2025) is the fraction of triples answered correctly
in both languages simultaneously. Transfer (Gold-
man et al., 2025) is Persian accuracy conditioned on
the model answering correctly in English, isolating
cases where knowledge acquired in English could
have transferred cross-lingually. Non-Transfer is

5The models are available on Hugging Face.
6We note that results are consistent across individual tem-

plates, with per-template accuracy varying by atmost 5.2 points
for any model. Per-template breakdowns (mean± std) are pro-
vided in Appendices E and G (Tables 4–7; Figure 6).
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Model Training Data English Tokens Persian Tokens Removed Description

Baselines
EN-Base English only 187.355B – – No Persian exposure
FA-Base Persian only – 60.535B – No English exposure

Continued pretraining of EN-Base (+ 12% English replay)
CPT-Full Full Persian corpus 8.257B 60.535B – Unfiltered baseline
CPT-CoocRM Co-occurrences removed 8.257B 60.163B 0.61% Sentences with subject and object removed
CPT-SubjRM All subject mentions removed 8.257B 55.392B 8.50% Sentences with subject removed
CPT-SubjRP Subject mentions replaced 8.257B 55.638B 8.09% Sentences containing subject replaced by

neutral templates to preserve surface form
CPT-RandRM Random sentences removed 8.257B 55.819B 7.79% Random sentences containing no subject or

object removed

Table 1: Overview of models and training data conditions. Removed is relative to the full Persian corpus.

Persian accuracy conditioned on the model answer-
ing incorrectly in English, capturing facts the model
knows in Persian independently of English. RankC
(Qi et al., 2023) measures the Spearman rank cor-
relation between the model’s candidate orderings
in English and Persian. All metrics are computed
separately for hard and random candidate sets.

5 Results and Discussion

Table 2 summarizes fact recall and cross-lingual
transfer across all model variants under both hard
and random candidate settings. We organize the
results around four questions: how much target-
language data must be removed to ensure a fact is
truly unseen, and whether the removal itself con-
founds the comparison (§5.1); how much factual
knowledge transfers from English to Persian under
this controlled setting (§5.2); to what extent does
performance reflect factual knowledge rather than
shallow associative cues (§5.3); and how does a
fact’s origin, and, related to that, frequency in the
English corpus affect its transferability (§5.4).

Note that the empirical floor of our models is
above the 20% chance level: EN-Base, which has
no Persian exposure, reaches 26.0% in Persian on
hard candidates and 31.4% on random, and FA-
Base reaches 32.8% and 40.0% in English. We
treat these scores as our baseline.

5.1 How Much Removal Is Enough?

To determine the level of target-language data inter-
vention required to ensure a fact is entirely unseen,
we evaluate the model’s fact retrieval across the
removal granularities introduced in §4.2, and we
use our random removal control to test whether the
amount of data removed confounds this comparison.
Results are in Table 2.

Co-occurrence removal is insufficient. We find
that sentence-level co-occurrence removal is in-
sufficient to guarantee fact absence. Under CPT-
CoocRM, which only removes sentences where the
subject and object co-occur, the model still predicts
many facts correctly in Persian. This could in prin-
ciple reflect either (1) cross-lingual transfer from
English or (2) an insufficient removal strategy that
leaves fact signal in the Persian corpus. We argue
for the latter. Both Overall and Transfer scores
remain substantially higher under CPT-CoocRM
than under full subject removal (Overall: 25.8 vs.
20.6; Transfer: 48.9 vs. 39.9 on hard candidates),
despite the same English knowledge being available
for transfer in both conditions. More directly, the
Non-Transfer score under CPT-CoocRM reaches
30.1% (hard): the model correctly predicts facts in
Persian even when it fails in English, where cross-
lingual transfer is highly unlikely. We hypothesize
that the model acquires factual associations from
broader document-level context, where the subject
and object appear across sentence boundaries.

Full subject removal as the primary intervention.
Moving to full subject removal, the Non-Transfer
score drops from 30.1% under CPT-CoocRM to
24.4% under CPT-SubjRM (hard), matching EN-
Base’s 24.1%, indicating that removing all sen-
tences containing the subject more effectively mit-
igates fact exposure from broader contexts. Thus,
CPT-SubjRM serves as our primary intervention
level, providing a more rigorous setting to keep
the fact unseen in the target language without ex-
cessive data loss. From a causal perspective, CPT-
SubjRM therefore provides our closest approxima-
tion to an intervention that removes target-language
facts while preserving source-language knowledge.

Adding subjects back in neutral templates de-
grades performance. As CPT-SubjRM removes
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Hard Candidates Random Candidates

Model AccEN AccFA Overall Transfer Non-Transfer RankC AccEN AccFA Overall Transfer Non-Transfer RankC

EN-Base 55.2 26.0 15.2 27.5 24.1 4.4 68.8 31.4 23.2 33.7 26.3 10.7
FA-Base 32.8 35.0 12.8 39.0 33.0 11.2 40.0 43.8 21.0 52.5 38.0 19.8
CPT-Full 52.6 46.6 31.4 59.7 32.1 24.8 66.8 61.6 47.2 70.7 43.4 38.8
CPT-CoocRM 52.8 40.0 25.8 48.9 30.1 21.8 66.8 54.2 41.2 61.7 39.2 34.6
CPT-SubjRM 51.6 32.4 20.6 39.9 24.4 14.6 67.4 42.4 33.6 49.9 27.0 22.2
CPT-SubjRP 52.2 28.0 18.6 35.6 19.7 14.2 67.6 35.2 28.0 41.4 22.2 22.5
CPT-RandRM 54.2 47.2 33.4 61.6 30.1 25.6 67.0 61.4 47.2 70.4 43.0 37.6

Table 2: Fact recall and cross-lingual transfer across model variants. Hard candidates are semantically close
distractors that suppress shallow cues; random candidates are sampled uniformly from the same relation. AccEN
and AccFA report top-1 accuracy in English and Persian; Overall is the fraction of triples answered correctly in
both. Transfer is Persian accuracy conditioned on English correctness; Non-Transfer conditions on English
incorrectness. RankC is the Spearman rank correlation between English and Persian candidate orderings.

the Persian surface form of the subject entity com-
pletely, we evaluate CPT-SubjRP to observe the em-
pirical effect of preserving surface-form exposure
via neutral templates. The results show that this
approach actually degrades performance, achieving
only 28.0% (hard) and 35.2% (random) compared
to CPT-SubjRM’s 32.4% and 42.4%. The near iden-
tical rank correlation scores (14.2–14.6 on hard,
22.2–22.5 on random) indicate that the degradation
is unlikely to stem from a difference in cross-lingual
alignment. We propose two explanations for this
degradation: first, repeatedly seeing an entity in
neutral Persian sentences may cause the model to
build a shallow, Persian-only representation of that
entity, weakening the factual knowledge it had al-
ready acquired from English. It could also be an
effect of duplicate data, which has been shown to
degrade model quality (Lee et al., 2022) and may
lead to reproducing memorized templates rather
than retrieving facts (Carlini et al., 2023).

Removal volume alone does not explain the drop.
CPT-RandRM removes 7.79% of Persian tokens,
comparable to the 8.50% removed under CPT-
SubjRM, while leaving all factual evidence in place.
It reaches 47.2% Persian accuracy on hard can-
didates, statistically indistinguishable from CPT-
Full’s 46.6%, whereas CPT-SubjRM falls to 32.4%
under the same evaluation. Removing a similar
amount of text therefore leaves accuracy almost un-
changed, as long as the factual evidence stays in.
We therefore attribute the drop under CPT-SubjRM
to the removed factual evidence rather than to the
reduced corpus size.

5.2 Limited Cross-Lingual Transfer

Having established CPT-SubjRM as our primary in-
tervention, in which no Persian-language exposure

to the entities remains, we now use it to quantify
the degree of cross-lingual fact transfer. Following
the evaluation framework of ECLeKTic (Goldman
et al., 2025), we ask: to what extent can the model
retrieve English-acquired facts through Persian?

There is little fact transfer. The Persian hard-
candidate accuracy under CPT-SubjRM approxi-
mates the probability of correct Persian prediction
when Persian factual evidence and shallow heuristic
cues are minimized. Under the causal interpreta-
tion discussed in Appendix A, performance above
the empirical floor in this setting therefore pro-
vides evidence of cross-lingual fact transfer from
English. As shown in Table 2, CPT-SubjRM on
hard candidates achieves an Overall score of only
20.6%, indicating that the model rarely succeeds
in both languages simultaneously. Its Transfer
score reaches 39.9%, suggesting that some English-
acquired knowledge is accessible in Persian, al-
thoughmost is not. This is consistent with Goldman
et al. (2025), who find that even large-scale models
hardly share knowledge across languages. A per-
relation breakdown reveals substantial variation in
both fact recall and the effect of our intervention
across relation types (Appendix D).

Distinguishing transfer from difficulty con-
founds. To further assess whether this gap reflects
genuine transfer rather than a difficulty confound,
we compare the Transfer and Non-Transfer accura-
cies. CPT-SubjRM shows a difference of 15.5 per-
centage points between the two (39.9% vs. 24.4%),
while EN-Base shows virtually no such gap (27.5%
vs. 24.1%). If the gap were driven solely by cer-
tain facts being inherently easier, it would appear in
both models; its absence in EN-Base suggests that
the gap in CPT-SubjRM reflects a limited degree
of cross-lingual transfer enabled by continued pre-
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training. Nonetheless, Transfer and Non-Transfer
accuracies both remain low, and the Non-Transfer
accuracy (24.4%) falls below the 26.0% empirical
floor, indicating that the model’s ability to transfer
knowledge into Persian is, at most, limited.

Rank-based evaluation. Beyond binary correct-
ness, we use RankC to examine whether cross-
lingual transfer is also reflected in the model’s full
ranking over candidates. EN-Base, which has no
Persian exposure, serves as the baseline at 4.4 on
hard candidates. CPT-SubjRM obtains a RankC of
14.6 on hard candidates. Although both values re-
main low relative to the theoretical maximum (100),
the increase suggests that continued pretraining on
Persian text partially aligns candidate preferences
across languages, even for entities absent from the
Persian training data.

5.3 Precise Knowledge or Shallow Heuristics?

Comparing hard and random candidate settings re-
veals the extent to which models rely on shallow
associative cues. Across all models, the random-
candidate accuracy substantially exceeds the hard-
candidate accuracy in both languages. For CPT-
SubjRM, the Persian accuracy gap is 10 percent-
age points (42.4% vs. 32.4%), while the English
accuracy gap is 15.8 points (67.4% vs. 51.6%), in-
dicating that surface-level cues, such as associating
a subject from a particular cultural region with ge-
ographically related objects, inflate performance in
both languages, not only in the target language. Cru-
cially, this effect persists even when conditioning
on English knowledge: the Transfer score for CPT-
SubjRM drops from 49.9%with random candidates
to 39.9% with hard candidates, and for CPT-Full
from 70.7% to 59.7%. This suggests that a portion
of the apparent cross-lingual transfer measured un-
der easier conditions is itself attributable to shallow
heuristics rather than precise fact retrieval (Saynova
et al., 2025). The hard candidate setting, which in-
cludes distractor candidates that are semantically
and culturally close to the correct answer, reduces
the contribution of such heuristics to the measured
transfer scores.

5.4 Entity Frequency and Provenance Affect
Transferability

Fact recall scales with entity frequency in monolin-
gual settings (Kandpal et al., 2023), and a similar
relationship has been observed for cross-lingual
transfer (Liu et al., 2025b; Zhang et al., 2025), but
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Figure 2: Transfer score by provenance category under
hard and random candidate settings. Counts (n) refer to
the number of triples per category (500 total).

Median freq. % subjects in EN

EN FA <100 <1K

General Facts (n=324) 196K 35K 0 1
Persian-related Facts (n=113) 284 40K 36 65

Table 3: Median subject frequency in the English and
Persian pretraining corpora by provenance category.
Counts (n) refer to unique subjects (437 total), which
are fewer than the 500 triples reported in (§3.1) since a
subject may appear in multiple triples across relations.

without isolating source-language frequency from
direct target-language learning. Because our train-
ing data intervention removes all subject mentions
from the Persian corpus, we can isolate the role of
English frequency more cleanly.

English frequency gates transfer. Figure 3
shows Transfer accuracy as a function of subject
frequency in both the English and Persian pretrain-
ing corpora. For CPT-SubjRM, Transfer accuracy
increases steadily with English corpus frequency
up to the 1M–10M bin: entities appearing fewer
than 1,000 times in English are transferred near
the empirical floor, while entities in the 100K–
10M range reach 46–51%. This confirms that the
strength of the English-side representation is a bot-
tleneck for cross-lingual transfer, entities that the
model encountered more frequently in English are
more likely to be retrievable in Persian after con-
tinued pretraining, even when those entities were
never seen in Persian. However, even at the highest
English frequencies, CPT-SubjRM remains well be-
low CPT-Full (51% vs. 82% in the 1M–10M bin),
indicating that English exposure is insufficient for
reliable transfer and that direct Persian exposure
contributes substantially.

Persian frequency as an indirect signal. On the
Persian frequency side, CPT-SubjRM still shows a
positive trend despite having all subject mentions
removed from the Persian corpus. Since Persian cor-
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Figure 3: Transfer accuracy (%) on hard candidates as a function of subject frequency in the Persian (left) and
English (right) pretraining corpora. Numbers above points indicate subjects per bin.

pus frequency reflects the general prominence of an
entity, this correlation likely arises indirectly: glob-
ally prominent entities tend to be well-represented
in English as well, providing a stronger source-lan-
guage representation to transfer from. The gap be-
tween CPT-Full and CPT-SubjRM is substantial
across the frequency range and largest in the well-
populated high-frequency bins (e.g., 100K–1M:
73% vs. 49%), showing that while cross-lingual
transfer accounts for the majority of performance,
direct learning from Persian contributes a further
24-percentage-point gain.

Impact of the origin of facts. The frequency
bottleneck manifests also across provenance cat-
egories. As Table 3 shows, Persian-related sub-
jects (e.g., Persian historical figures) have a me-
dian English frequency of only 284, roughly 690
times lower than general subjects (median 196K),
with 65% appearing fewer than 1,000 times and
36% fewer than 100 times. Persian-side frequen-
cies, by contrast, are comparable across categories
(40K vs. 35K median). The consequence is visi-
ble in Figure 2: on hard candidates, CPT-SubjRM
transfers general facts at 41.5% but Persian-related
facts at only 25.0%. EN-Base shows no such gap
(27.4% vs. 29.2%), confirming that the disparity
is not due to Persian-related facts being inherently
harder but rather to their sparse English represen-
tation. The low English accuracy of CPT-SubjRM
on Persian-related facts (21.1% vs. 60.6% on gen-
eral) corroborates this: the model simply lacks the
source-language knowledge from which transfer
could occur. On random candidates the ordering
reverses (48.7% general vs. 55.2% Persian-related),
as Persian names offer strong associative cues that
randomly sampled distractors rarely defeat. EN-

Base, with no Persian exposure, shows the same
reversal (31.8% vs. 44.2%), but the hard-candidate
setting strips away these heuristics and exposes the
underlying frequency-driven limitation.

6 Conclusion and Future Work

We presented an intervention-based framework for
studying cross-lingual factual knowledge transfer
during continued pretraining. By systematically
removing specific facts from Persian training data
and probing the resulting model, we established
causal evidence that cross-lingual transfer from En-
glish exists but is limited. When our interventions
remove the facts from the Persian data and remove
access to shallow heuristics that make predictions
easier, the model transfers only a small fraction of
its English-acquired knowledge into Persian, with
transfer largely confined to general facts whose sub-
jects are frequent in the English corpus: entities
with low English exposure transfer at near-chance
levels, while even highly frequent entities have lim-
ited performance, indicating that English-side rep-
resentation strength is necessary but insufficient for
reliable transfer.

One factor potentially limiting transfer between
English and Persian is the difference in script. Un-
like language pairs that share the Latin alphabet, Per-
sian’s Arabic-derived script offers no orthographic
overlap with English, and thereby no token overlap,
which may hinder the model’s ability to align en-
tity representations across languages. A promising
direction for future work is to incorporate translit-
erated data into the pretraining corpus, as proposed
by Liu et al. (2024, 2025a), to test whether bridging
the script gap enables stronger cross-lingual fact
transfer even in our intervention-based setup.
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Limitations

Our study is limited to a single target language, Per-
sian, which uses a non-Latin script with no ortho-
graphic overlap with English. Extending this frame-
work to languages that share the Latin script with
English would help determine whether script simi-
larity facilitates stronger cross-lingual fact transfer.
Similarly, including additional non-Latin-script lan-
guages would test the generality of our findings
beyond the English–Persian pair. However, both
extensions are challenging: our approach requires
natively written templates, manually curated triples
with country-specific facts, and hard candidate sets
designed by speakers with expertise in the target
language, making each new language a substantial
annotation effort rather than a simple translation
task.

In addition, our models are limited to 572M pa-
rameters. Goldman et al. (2025) find that scaling
model size improves overall fact recall but does
not substantially improve cross-lingual transfer, but
their conclusion is based on observational compar-
isons without training data interventions. Whether
the same pattern holds under controlled fact re-
moval remains an open question that would require
training larger models.
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A Causal Effect Estimation of Factual
Knowledge Transfer

In this section, wemotivate our experimental design
from a causal perspective (Pearl, 2009). Figure 4
illustrates the assumed causal graph underlying our
setup.
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Facts
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Figure 4: Causal graph illustrating the relationship be-
tween corpora, extracted facts, shallow cues, and factual
prediction in Persian.

Let Xe denote whether the model has access to
the relevant fact through English pretraining, and let
Xp denote whether the fact is available through Per-
sian continued pretraining. As discussed in (§5.3),
let M represent shallow statistical cues that the
model may exploit to make predictions without re-
trieving the underlying fact. Finally, let Y be a
binary variable indicating whether the model pre-
dicts a fact correctly in Persian.

For simplicity, we treat Xe, Xp, M , and Y as bi-
nary variables. For example, Xp = 0 corresponds
to a settingwhere the relevant fact has been removed
from the Persian training data, while Xp = 1 de-
notes that the fact remains available.

Our goal is to estimate the extent to which cor-
rect Persian predictions can be causally attributed
to factual knowledge acquired from English. Ide-
ally, one would estimate the average causal effect of
English factual knowledge by directly intervening
on Xe:

E[Y | do(Xe = 1)]− E[Y | do(Xe = 0)] (1)

However, such interventions are infeasible in our
setting because the models are initialized from an
English-pretrained checkpoint. In particular, we
never observe the counterfactual model that would
have been trained identically but without exposure
to the relevant English facts.

Instead, we study a controlled causal effect under
conditions where alternative sources of information
are removed. Specifically, we consider the quantity

ACE? :=

E[Y | do(Xe = 1), do(Xp = 0), do(M = 0)]

− E[Y | do(Xe = 0), do(Xp = 0), do(M = 0)]
(2)

This quantity measures the causal contribution
of English factual knowledge when neither Persian
factual exposure nor shallow heuristics can support
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prediction. Intuitively, under these interventions,
correct predictions should primarily reflect cross-
lingual factual transfer from English.

Importantly, this controlled effect differs from
the unconditional average causal effect above. If the
relevant fact remains directly available in Persian
training data, adding English factual knowledge
may have little effect on prediction accuracy be-
cause the model can already solve the task from
Persian evidence alone. Our controlled interven-
tion therefore isolates the model’s ability to transfer
knowledge across languages rather than its overall
factual recall performance.

We approximate the intervention do(Xp = 0)
by systematically removing facts from the Persian
training corpus, as described in (§4.2). While we
cannot directly intervene onM , we construct a hard-
candidate evaluation setting designed to minimize
the predictive utility of shallow heuristics. We as-
sume that the probability of success in this hard
setting is approximately equal to the probability of
success in the random setting had we removed the
shallow cues through an intervention

E[Yhard | do(Xe = 1), do(Xp = 0)]

≈ E[Y | do(Xe = 1), do(Xp = 0), do(M = 0)],
(3)

i.e. within this evaluation setting, the remaining
contribution of shallow cues is negligible, approxi-
mating the intervention do(M = 0).

Under these interventions, we can relate the first
term in ACE? to an observable quantity:

E[Y | do(Xe = 1), do(Xp = 0), do(M = 0)]

= E[Y | Xe = 1, do(Xp = 0), do(M = 0)]

≈ E[Yhard | Xe = 1, do(Xp = 0)]
(4)

This corresponds to the setting evaluated by our
intervention experiments: the model retains access
to English-acquired knowledge, while Persian fac-
tual evidence and shallow heuristics are minimized.

Although we cannot directly observe the coun-
terfactual intervention do(Xe = 0), under our con-
trolled setup we expect performance without infor-
mative English facts to fall approximately to chance
level:

E[Y | do(Xe = 0), do(Xp = 0), do(M = 0)]

≈ Ychance
(5)

with Ychance = 0.2 because the candidate set con-
tains five options.

Together, Equations 4 and 5 motivate our exper-
imental design: by removing Persian factual evi-
dence and minimizing shallow cues, successful pre-
diction above chance level provides evidence that
the model is relying on factual knowledge trans-
ferred from English.

B Triple Creation Criteria

Subject diversity Language models tend to pro-
duce the same prominent entities across multiple
relations, for instance, generating “France” under
capital, continent, and official_language,
or “Albert Einstein” under field_of_work,
place_of_birth, and country_of_citizenship.
Because our data intervention removes sentences
based on subject-object co-occurrence, a subject
appearing in many relations would trigger broad
removal of text that is unrelated to the specific fact
being tested. We therefore curated the final selec-
tion to maximize subject diversity across relations.

Temporal diversity The generated candidates
were heavily skewed toward historical figures. We
deliberately included contemporary public figures
to ensure the dataset is not biased toward entities
that are disproportionately represented in encyclo-
pedic sources.

Distinct subject-object surface forms Some
generated triples had near-identical subject and ob-
ject strings e.g., 〈Germany, official_language,
German〉, which causes unintended removals dur-
ing filtering and makes evaluation trivially solvable
through string overlap rather than factual knowl-
edge. We replaced such triples with pairs whose
surface forms are clearly distinct e.g., 〈Austria, of-
ficial_language, German〉.

Person name variants For triples with person
subjects, we identified all name variants likely to ap-
pear in natural text to ensure comprehensive match-
ing during the data intervention. Full names typi-
cally appear at the start of a document, while short-
ened forms are used thereafter. We handled this
by generating variant lists, for example, “Pablo
Picasso” yields the additional variant “Picasso”.
These variants were verified against both English
and Persian Wikipedia pages.

Exhaustive object enumeration Some sub-
jects have more than one correct object for a
given relation, for example, Stephen Hawking’s
fields_of_work include both “cosmology” and
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Figure 5: Per-relation accuracy (%) on hard candidates for English (left) and Persian (right) evaluation.

“physics”. In such cases, we list all valid objects
in the dataset. This is necessary because our filter-
ing pipeline only removes facts that are explicitly
listed: if we listed “cosmology” but not “physics”,
sentences linking “Hawking” to “physics” would
remain in the training corpus, and the model could
appear to transfer knowledge that it actually learned
directly from the unfiltered Persian data. Similarly,
when an object can be written in multiple ways
in Persian, we include all surface form variants to
ensure complete removal.

Object diversity within relations For each rela-
tion, we selected objects that cover a broad range
of values rather than concentrating on the most fre-
quent ones. For instance, the religion relation in-
cludes Christianity, Islam, Zoroastrianism, Mazdak-
ism, Judaism, Hinduism, Buddhism, and Sikhism;
the capital relation includes both well-known cap-
itals (e.g., Paris, Tokyo) and less prominent ones.

Corpus frequency control Some triples oc-
curred so frequently in the Persian FineWeb-2 cor-
pus that removing them would have distorted the
language distribution of the training data; we re-
placed these with less frequent alternatives. For
example, subjects such as Iran, China, Russia, Sam-
sung, and Microsoft alone accounted for approxi-
mately 6% of all tokens under full subject removal.

C Training Data Replacement Templates

In our template replacement condition (§4.2), in-
stead of removing sentences containing a subject
entity, we replace them with neutral substitute sen-
tences that preserve the subject’s surface form with-
out exposing the model to the target factual associ-
ations. We authored a pool of 100 neutral Persian

sentences per entity type (e.g., person, country,
city), each containing a “{subject}” placeholder,
shared across relations with the same subject type.
Each template satisfies three constraints: (1) it must
be true for every subject in the entity-type group; (2)
it must not contain vocabulary that could indirectly
encode the target relation, enforced via per-type
forbidden-vocabulary lists; and (3) templates vary
in length, position, and style to avoid repetitive con-
texts. During filtering, each targeted sentence is
replaced by a randomly drawn template with the
placeholder filled by the entity’s Persian surface
form.

D How Does Fact Recall Vary By
Relation?

Figure 5 reveals substantial variation in fact re-
call across relations. Relations expressed through
frequent and formulaic patterns in the training
data, such as capital_of, continent, and offi-
cial_language, are the easiest across all models,
with EN-Base reaching 92–100% in English. For
continent, the constrained answer space (six pos-
sible objects) further contributes to high accuracy.
These relations also show the largest drop under our
intervention: Persian accuracy falls 32–48 points
from CPT-Full to CPT-SubjRM (e.g., capital_of:
96%→48%, continent: 92%→52%), confirm-
ing that CPT-Full’s performance on these relations
was largely attributable to direct learning from the
Persian corpus.

Conversely, person-attribute relations such as oc-
cupation, developer, and languages_spoken
show smaller drops under subject removal (4–20
points) and remain above the empirical floor un-
der CPT-SubjRM (40–48%). However, for rela-
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tions with few possible answers, such as religion
(8 unique objects), this may partly reflect the con-
strained answer space rather than robust recall.

At the other end, place_of_death remains near
or below the empirical floor in both languages
across all models, with no drop from CPT-Full
to CPT-SubjRM. This fact type was not acquired
even from the full Persian data. Notably, for lan-
guage_of_work_or_name, continued pretrain-
ing actually degrades Persian accuracy from 36%
(EN-Base) to 16% (CPT-SubjRM).

E Robustness to Different Templates

Figure 6 shows the distribution of per-template ac-
curacy across all five evaluation templates for each
model under both hard and random candidate set-
tings. The narrow spread of scores confirms that
our results are robust to variation in template phras-
ing: the standard deviation across templates is at
most 5.2 percentage points for any model, and the
relative ordering of models is consistent across all
templates. This indicates that the patterns reported
in the main results (§5) are not driven by idiosyn-
cratic properties of individual templates.

F Prompt for Hard Distractor Candidate
Generation

The prompt in Figure 7 was used to generate hard
distractor candidates for each relation type. It in-
structs the model to produce four incorrect but
plausible candidates per triple, following relation-
specific criteria designed to maximize semantic and
cultural proximity to the correct answer. For exam-
ple, candidates for geographic relations are drawn
from neighboring or commonly confused locations,
while candidates for person-attribute relations ex-
clude all known correct values and favor entities
from the same cultural or professional domain. All
generated candidates were subsequently verified by
a native Persian speaker to ensure factual incorrect-
ness and sufficient difficulty.

G Mean Results on Different Templates

Tables 4–7 report mean accuracy and standard de-
viation across the five evaluation templates for all
models, broken down by template format (descrip-
tive and question answering) and candidate setting
(hard and random). The results are broadly consis-
tent across both template formats, with the same
relative ordering of models and the same overall
patterns observed in the main results. One notable

difference is that CPT-SubjRP slightly outperforms
CPT-SubjRM under the question answering format
(Tables 5 and 7), by 2.9 points on hard and 5.7
points on random candidates, reversing the pattern
seen with descriptive templates. The reversal ex-
ceeds template-level variation, indicating that the
relative ordering of these two variants is sensitive
to template format. Overall, the consistency across
template formats confirms that our findings are not
sensitive to the specific evaluation format used.
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Figure 6: Per-template accuracy distribution for each model under hard (left) and random (right) candidate settings.
Each box summarizes accuracy across 5 evaluation templates; individual template scores are shown as points, and
diamonds indicate the mean. The narrow spread (std ≤ 5.2pp) confirms that results are robust to template phrasing.
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You are generating object_candidates for knowledge base triples. Each triple has a
subject, relation, and object(s). Generate 4 wrong candidates that do NOT include any
correct answer. Follow these rules per relation:

1. capital: Use the largest non-capital cities of the same country, capitals of
neighboring countries, cities with similar spelling to the correct capital, and cities
commonly mistaken as the capital. For historical empires, use major cities within the
empire's territory that were never its capital and cities that served as capital of a
predecessor or successor state.
2. capital_of: Use geographically neighboring countries sharing a border, countries
sharing the same language or colonial history, countries commonly confused with each
other, countries the city has historical ties to, and countries on the same continent
with similar characteristics.
3. continent: Use the geographically closest continents, continents the country is
commonly misassigned to, and for transcontinental countries the other continent they
straddle. Replace distant implausible continents with more confusing ones.
4. country_of_citizenship: Exclude all countries the person ever held citizenship in. Use
countries the person lived in or worked in but never held citizenship of, neighboring or
culturally linked countries, countries sharing the same language, countries the person is
commonly but incorrectly associated with, and countries where the person had significant
career activity. If there is any doubt about citizenship, exclude the candidate.
5. developer: Use direct competitors making the same category of product, companies
that make the closest rival product, and parent or subsidiary companies in the same tech
ecosystem. For Chinese apps use other major Chinese tech companies, and for Iranian apps
use other Iranian tech ecosystem companies. Never include the correct developer under any
alternate name.
6. field_of_work: Exclude any field the person genuinely worked in even partially,
and exclude overly general fields that could apply to anyone. Use fields adjacent to
but distinct from the correct one. For highly multi-disciplinary figures, use clearly
anachronistic or unrelated fields. Easy candidates are acceptable, and if there is any
doubt whether a field applies, exclude it.
7. headquarters_location: Use other cities in the same metro area, cities where the
company has major offices or factories, and the founder's city if different from the
headquarters. For Japanese companies use other major Japanese industrial cities, and for
Iranian institutions use nearby cities or functionally similar ones.
8. instrument: Exclude every instrument the musician is known to play. For Iranian multi-
instrumentalists use only Western instruments, and for Iranian musicians who only play
Western instruments, Iranian instruments are valid wrong candidates. Use instruments
commonly associated with the same genre and instruments played by the musician's
bandmates or frequent collaborators.
9. languages_spoken: Exclude every language the person speaks, not just the listed answer.
Use languages of countries the person lived in but confirmed they do not speak, closely
related languages to their known ones, languages of the person's geographic or cultural
region, and languages of countries where the person had significant career activity. If
there is any doubt whether the person speaks a candidate language, exclude it.
10. native_language: Exclude every language the person is native in or spoke from
childhood. Use languages of the country the person is most associated with, closely
related languages, and languages the person learned later in life but is not native in.
If there is any doubt about native status, exclude it.
11. official_language: Exclude all co-official languages of the country. Use the largest
minority languages spoken within the country, languages of neighboring countries, former
colonial or administrative languages if not currently official, languages historically
associated with the country, and languages commonly but incorrectly assumed to be
official.
12. occupation: Exclude all real occupations including secondary ones and exclude
occupations too general that could plausibly apply. For athletes use other sports or
athletic roles, and for performers use nearby performance roles. Use occupations of close
collaborators or contemporaries and occupations the person is commonly but incorrectly
described as.
13. religion: Use religions historically present in the person's region of origin,
religions the person studied or was influenced by but did not follow, the dominant
religion of the country the person is associated with, and religions commonly confused
with the correct one in the region. Do not include denominational distinctions.
14. applies_to_jurisdiction: Use jurisdictions with genuine historical or geographic
connections to the law, countries that passed similar laws or policies, the other
party in a bilateral treaty if it is not also a correct answer, and predecessor or
successor states of the correct jurisdiction. Do not include member states of the actual
jurisdiction.
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15. manufacturer: Use direct competitors making the same or very similar product,
companies making the closest rival product in the same segment, and companies commonly
confused as the manufacturer. For Iranian products use other Iranian manufacturers in the
same sector. Never use a company from an unrelated industry.
16. owned_by: Use companies that attempted or were rumored to acquire the subject,
companies that own the closest competing product, the previous owner before an
acquisition, and companies in the same investment portfolio or sector. For Iranian
entities use same-sector Iranian organizations. Never use a company from an unrelated
sector.
17. language_of_work_or_name: Use languages historically tied to the work's setting
or author's world, the language of the country where the work is primarily set, and
languages the author spoke but did not write in. For works with significant passages in
another language, exclude that language. Use the language of the most famous translation
and languages commonly but incorrectly assumed for the work.
18. place_of_birth: Use other cities in the same country associated with the person,
cities the person grew up in or is most famous for, and cities commonly but incorrectly
believed to be the birthplace. For Iranian subjects use other major cities in the same
province or region. Use birthplaces of closely related or commonly confused figures and
the city the person is most associated with if different from the birthplace.
19. place_of_death: Use cities the person lived in near the end of their life, cities of
exile or emigration, and the person's birthplace if commonly confused with place of death.
For Iranian figures who died abroad include Tehran and the exile city. For historical
scholars use major cities of their intellectual world, and use cities where the person
had their last major public appearance.
20. location_of_formation: Use the organization's current headquarters if different from
the formation location, cities where key negotiations or predecessor events took place,
and cities of predecessor organizations. For Iranian institutions use cities with similar
functional profiles. Use cities commonly but incorrectly believed to be the founding
location and cities where the organization held its first major event.

General rules: Never include any correct answer in candidates. If a triple has multiple
correct answers, exclude all of them. Candidates must be of the same type as the correct
answer.

Figure 7: The full prompt used to generate hard distractor candidates for each relation type

Model AccEN AccFA Overall Transfer Non-Transfer RankC

EN-Base 51.1±4.4 25.4±1.3 13.3±1.7 25.9±1.3 24.8±3.6 4.3±1.3
FA-Base 31.8±0.7 34.4±2.2 12.5±1.1 39.3±3.6 32.0±2.1 11.7±1.8
CPT-Full 49.5±3.3 46.2±3.0 28.2±2.7 57.0±3.4 35.6±2.5 21.2±2.1
CPT-CoocRM 50.6±3.6 40.0±2.6 24.3±2.4 48.1±3.9 31.7±2.3 19.8±1.8
CPT-SubjRM 49.5±3.5 31.2±2.8 18.7±2.3 37.8±3.5 24.9±2.0 12.7±3.0
CPT-SubjRP 49.9±3.9 28.2±2.9 16.1±1.5 32.4±2.8 24.0±3.6 10.4±3.8
CPT-RandRM 51.2±3.0 45.3±3.9 29.4±2.7 57.5±3.6 32.4±5.0 22.8±1.5

Table 4: Fact recall and cross-lingual transfer across model variants using a descriptive template with hard candidates.
Hard candidates are semantically close distractors that suppress shallow cues. AccEN and AccFA report top-1
accuracy in English and Persian; Overall is the fraction of triples answered correctly in both. Transfer is Persian
accuracy conditioned on English correctness; Non-Transfer conditions on English incorrectness. RankC is the
Spearman rank correlation between English and Persian candidate orderings.
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Model AccEN AccFA Overall Transfer Non-Transfer RankC

EN-Base 51.2±0.7 24.3±0.8 14.8±1.1 29.0±1.9 19.3±0.9 3.1±1.3
FA-Base 29.6±0.9 30.5±0.9 8.7±0.2 29.5±0.9 31.0±1.1 6.6±0.6
CPT-Full 50.6±1.5 36.4±1.1 23.6±0.8 46.6±1.6 25.9±1.8 23.3±1.5
CPT-CoocRM 51.4±0.5 32.0±1.3 21.1±1.1 41.0±1.8 22.3±1.0 22.4±2.0
CPT-SubjRM 50.4±1.2 28.2±0.8 18.0±0.7 35.7±0.6 20.5±0.9 14.5±1.8
CPT-SubjRP 49.6±1.8 31.1±0.6 19.6±1.3 39.5±1.6 22.8±1.2 16.4±2.0
CPT-RandRM 52.1±0.8 36.0±0.7 23.9±0.7 45.8±1.4 25.3±0.9 21.2±1.9

Table 5: Fact recall and cross-lingual transfer across model variants using a question answering template with hard
candidates. Hard candidates are semantically close distractors that suppress shallow cues. AccEN and AccFA report
top-1 accuracy in English and Persian; Overall is the fraction of triples answered correctly in both. Transfer is
Persian accuracy conditioned on English correctness; Non-Transfer conditions on English incorrectness. RankC
is the Spearman rank correlation between English and Persian candidate orderings.

Model AccEN AccFA Overall Transfer Non-Transfer RankC

EN-Base 66.2±2.2 29.6±1.7 20.8±1.8 31.4±1.9 25.9±4.7 10.0±2.2
FA-Base 37.6±1.6 41.5±3.3 19.0±2.3 50.5±4.8 36.0±3.1 16.7±1.2
CPT-Full 65.2±3.4 59.2±3.2 44.6±4.3 68.4±5.2 42.1±2.5 35.9±2.0
CPT-CoocRM 65.2±2.7 52.3±5.2 39.7±5.0 60.9±7.0 36.0±2.4 31.3±2.8
CPT-SubjRM 65.5±2.6 40.0±2.9 30.9±2.9 47.2±3.9 26.2±2.6 20.2±1.9
CPT-SubjRP 63.9±3.7 33.7±3.0 24.3±1.7 38.2±4.2 26.0±2.0 18.8±3.2
CPT-RandRM 65.5±2.4 58.0±4.4 44.2±4.8 67.4±5.6 40.0±1.9 34.3±2.7

Table 6: Fact recall and cross-lingual transfer across model variants using a descriptive template with random
candidates. Random candidates are sampled uniformly from the same relation. AccEN and AccFA report top-1
accuracy in English and Persian; Overall is the fraction of triples answered correctly in both. Transfer is Persian
accuracy conditioned on English correctness; Non-Transfer conditions on English incorrectness. RankC is the
Spearman rank correlation between English and Persian candidate orderings.

Model AccEN AccFA Overall Transfer Non-Transfer RankC

EN-Base 65.6±1.3 26.4±0.7 18.5±0.7 28.2±1.0 23.2±2.6 9.4±1.1
FA-Base 36.2±0.5 34.1±0.4 13.2±0.6 36.6±1.4 32.7±0.8 13.5±0.5
CPT-Full 64.2±1.6 48.2±1.0 37.9±0.6 59.0±1.9 29.0±2.2 33.7±1.1
CPT-CoocRM 66.4±1.9 42.7±2.0 34.6±1.9 52.1±1.7 24.1±2.0 34.0±2.2
CPT-SubjRM 63.6±1.1 38.0±1.1 29.3±1.3 46.1±2.1 24.0±3.1 21.1±1.7
CPT-SubjRP 64.5±1.3 43.7±0.9 32.9±0.9 51.1±0.7 30.3±3.1 24.6±1.7
CPT-RandRM 65.0±0.9 47.8±1.5 37.0±1.2 56.9±1.5 31.1±2.3 32.2±1.5

Table 7: Fact recall and cross-lingual transfer across model variants using a question answering template with
random candidates. Random candidates are sampled uniformly from the same relation. AccEN and AccFA report
top-1 accuracy in English and Persian; Overall is the fraction of triples answered correctly in both. Transfer is
Persian accuracy conditioned on English correctness; Non-Transfer conditions on English incorrectness. RankC
is the Spearman rank correlation between English and Persian candidate orderings.
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