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Abstract

Multilingual pretraining is often assumed to induce cross-lingual knowledge transfer, even1
without explicit supervision. This work explores this assumption in a controlled bilingual2
pretraining setup by systematically withholding a subset of factual content in one language3
that have counterparts in another. English is chosen as the source language given its cen-4
trality in most LMs, and we assess whether models can exhibit knowledge in Hindi that was5
only observed in English. We construct five bilingual pretraining sets containing held-out6
Hindi content of increasing size, jointly pretrain small language models on each set, and7
finally finetune these pretrained models for open-ended factual QA in both English and8
Hindi. We find that Hindi F1 and EM scores on held-out content shows no correlation, in-9
dicating a lack of implicit transfer. Subsequently, we explore multiple-choice QA and find10
model scores near random chance. These negative results suggest that multilingual pre-11
training and task supervision may be insufficient for reliable cross-lingual factual transfer12
in very small models and low-resource settings.13

1 Introduction14

Multilingual pretrained language models such as mBERT (Devlin et al., 2019), XLM-R (Conneau et al.,15
2020), and BLOOM (Le Scao et al., 2023) have become the foundation for modern cross-lingual NLP. These16
models leverage large-scale multilingual corpora during pretraining to learn language-agnostic representa-17
tions, enabling performance gains across both monolingual and multilingual tasks. A key benefit of multi-18
lingual pretraining is the ability to transfer knowledge between languages, particularly from high-resource19
languages like English to lower-resource ones.20

In this work, we conduct a controlled study to test whether factual knowledge learned in one language (En-21
glish) is retained and transferable to another language (Hindi) in the absence of explicit exposure during22
pretraining. We construct four held-out sets by systematically removing specific Wikipedia articles from the23
Hindi corpus while retaining them in English, and evaluate the model’s ability to answer factual questions24
in both languages. We evaluate both directly on the pretrained models and after task-specific fine-tuning.25
Despite using factual QA probing in both open-ended and multiple-choice settings, our results show no26
significant cross-lingual transfer: performance on English questions does not correlate with that of Hindi27
questions in the held-out sets, and accuracy in Hindi remains near chance.28

Our contributions are as follows:29

• We design a controlled experimental setup to test cross-lingual factual knowledge retention, using30
selectively filtered bilingual Wikipedia data during pretraining.31

• We introduce a set of Hindi data ablation filters to quantify the effect of increasing knowledge re-32
moval on factual transfer from English.33
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Figure 1: An overview of the proposed approach. L1 follows the same process as L2 and only the resulting
combinations differ depending on whether factual knowledge is removed or retained. The corpora for L1 and
L2 are jointly used to pretrain models. We then query in Hindi to test whether factual knowledge can be
recovered from English-only exposure. We can have multiple sets for Hq depending on the intended size of
the held-out set.

• We evaluate decoder-only language models on open-ended question answer generation, in both En-34
glish and Hindi, to assess implicit cross-lingual knowledge transfer.35

2 Methodology36

Formally, given a multilingual knowledge base D with parallel documents in L languages, for each query37
q, we identify a set of documents that are relevant to the theme or topic being queried and label this as the38
knowledge-critical set Hq. Consequently, it implies that Hq would be required to answer query q correctly.39
By corollary, we can infer that cross-lingual transfer takes place if we query in language L (qL) when the40

knowledge-critical documents in language L (HL
q ) are kept hidden.41

We propose a three-stage method to investigate the implicit cross-lingual capabilities of language models. Our42
approach starts with pretraining the language model on two settings: (1) vanilla pretraining directly on the43
multilingual knowledge base D, and (2) a knowledge-eliminated pretraining where we retain all documents44

in D for one language, and eliminate knowledge-critical documents HL
q in the language L being queried.45

Finally, we evaluate the models by querying qL and empirically compare the performance in knowledge-46

eliminated HL
q across the settings to investigate the presence of implicit cross-lingual transfer.47

2.1 Mitigating Token Disparity in Knowledge-eliminated Pretraining48

We note that in knowledge-eliminated pretraining there is a loss of pretraining data arising from the removal49

of documents present in HL
q for language L, compared to the vanilla setting with all data in D. Since the50

amount of pretraining tokens contributes significantly to the quality of pretrained models, this may have a51
negative impact on the performance in language L for which knowledge-critical documents were removed.52
Furthermore, it would be complicated to point out whether the performance difference, if any, across the53
vanilla and knowledge-eliminated settings arises due to elimination of knowledge-critical documents or the54
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token loss in language L. Especially for a large number of queries, we would have a larger knowledge-55
eliminated set resulting in a much lower token count.56

To overcome this, for the language L to be queried, we collect the set of all queries QL, and corresponding57

HL
Q ie. the set of all HL

q for each query qL ∈ QL and consider HL
Q as the exclusion set for language L.58

Thus, for the knowledge-eliminated pretraining setting, we are left with documents in D −HL
Q as opposed59

to the complete documents in D in the vanilla pretraining setting. If HL
Q has h tokens and D has d, then this60

results in h lesser tokens in D −HL
Q than D. To account for this token loss, we heuristically sample a set61

of documents RL ∈ DL −HL
Q such that the number of tokens in RL is h (the amount of tokens dropped)62

and label RL the reserve set. We then confine our multilingual knowledge base to D −R, where R is the63
n-way parallel reserve data in all the languages, and label this C. Thus, whenever we eliminate documents64

in C from HL
Q, we can simply replace equal amount of tokens from RL without distorting the token count65

across languages.66

3 Experimental Setup67

3.1 Task and Model Architecture68

Question Answering To analyze the knowledge-preserving ability across languages, we take the task of69
question-answer generation since it allows us to draw out knowledge based on the input question in a gener-70
ative fashion. Note that we only consider question answering without context, as providing context defeats71
the purpose of bringing out knowledge from the model.72

Decoder-only architecture As most of the LMs used presently are decoder-only transformer models, and73
analyzing the cross-lingual behaviour in such models would aid in understanding them better, we restrict our74
experiments to decoder-only autoregressive models. Non-embedding parameters of 100M, 200M, 500M, 1B75
are considered for variety, but because we observe similar scores and trends in all settings, we choose to76
report the experimental results for the 200M model.77

3.2 Data78

3.2.1 Pre-training79

We use Wikipedia as the pretraining data (knowledge base) for our experiments due to ease of availability80
of QA datasets based out of Wikipedia documents. Specifically, we cover the English and Hindi parallel81
documents from Sangraha (Khan et al., 2024). For all our experiments, we take English as our knowledge-82
critical database, and Hindi as the knowledge-eliminated database after document removal, because most of83
the well-performing LMs are English-centric, and hence, the findings of the experiments conducted may aid84
in understanding the cross-lingual capabilities in prevalent English-centric LMs.85

To identify wikipedia documents relevant to a certain query, we build a TFIDF model on the documents86
present in our database, and obtain the top 1000 documents relevant to each query. In particular, we design87
our experiments so as to use the wikipedia page from which a query was taken from rather than the query88
itself. For this, we utilize QA datasets containing information of the wikipedia page for each QA pair.89

Using the above combined data for English and Hindi, we train a tokenizer from scratch with a vocabulary90
size of 32k. We use the TinyLlama codebase (Zhang et al., 2024) and pretain for 1 epoch. Our pretraining91
data amounts to a total of ∼ 10B tokens for both English and Hindi.92
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3.2.2 Supervised Finetuning93

For supervised finetuning (SFT) we use a manual subset of the Natural Questions (Kwiatkowski et al., 2019)94
obtained by filtering only those QA pairs for which the wikipedia pages are present in our database. The95
dataset samples have a question, its answer, and the wikipedia page where this information is present. The96
answers in this dataset are short and concise making it easier to analyze the knowledge content of our LM.97
For SFT, we use the open-instruct codebase (Wang et al., 2023) and train for 5 epochs.98

3.2.3 Pre-training Filters99

Instead of considering only one knowledge-eliminated database for Hindi pretraining, we take 5 pretraining100
filters, which we obtain by gradually removing knowledge-critical data from the Hindi database at every filter101
stage. This is to observe the effect of the amount of data-elimination in Hindi and thereby the extent to which102
it affects cross-lingual transfer from English, if any. These filters are further described in Table 1.103

Filter Description of Data Removed from Hindi Database
Filter 0 No data removed (Baseline with all documents).
Filter 1 Documents corresponding to test set queries.
Filter 2 All data from Filter 1 plus documents similar to test set documents (based on TF-IDF ranking).
Filter 3 All data from Filter 2 plus documents corresponding to train set queries.
Filter 4 All data from Filter 3 plus documents similar to train set documents (based on TF-IDF ranking).

Table 1: Description of the 5 pretraining filters created by progressively removing knowledge-critical data.

3.2.4 SFT vs Pretraining104

Since our main objective is to observe how much knowledge is the model able to unpack when prompted in105
a different language, the SFT data is only used for task alignment, and thus remains the same for all setups106
irrespective of the knowledge-critical database. Though the documents that are to be removed are associated107
with the SFT queries, the removal of data itself takes place at a pretraining level since this is where the108
knowledge is stored.109

4 Results and Discussion110

The F1 and EM scores for jointly finetuning on English and Hindi and evaluated on (marked as xx) English111
and Hindi test sets are shown in Table 2. The results show that there is neither any dependence on the filter112
level nor on the language considered and there is no pattern. In all sincerity, we can not draw anything useful113
out of these results and the scores themselves are very low. Even if we consider investigating the difference114
in performance however low the scores may be, there is no significant pattern in this. It is also worth noting115
that there was no significant variation across each epoch, further demonstrating negative results.116

4.1 Impact of multiple-choice QA117

We also experiment with multiple choice answer generation ie. only generating the option number rather118
than the answer itself. We obtained 3 negatives for each QA pair using GPT-4o (Achiam et al., 2023), and119
converted it into a MCQ problem. This was to make the task simpler for small LMs with order of 100M to120
handle. In this case too, there was no variation across filters. A more concerning observation is that even121
after SFT, the accuracy was more or less 25% which is almost same as a random predictor for questions with122
4 possible options. The exact scores are presented in Table 3.123
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xx Filter 0 Filter 1 Filter 2 Filter 3 Filter 4
F1 EM F1 EM F1 EM F1 EM F1 EM

en 18.91 1.30 19.31 1.20 18.87 1.20 19.52 1.00 19.22 1.60
hi 20.43 1.20 21.58 1.60 20.63 1.00 20.84 0.70 20.66 1.30

Table 2: Comparison of F1 and EM scores across fil-
ters for English (en) and Hindi (hi) after jointly fine-
tuning on English and Hindi QA without context.

Multiple Choice QA
xx Filter 0 Filter 1 Filter 2 Filter 3 Filter 4
en 24.70 25.89 28.40 25.01 27.27
hi 24.96 26.20 30.34 25.20 27.94

Table 3: Accuracy scores per filter for English (en) and
Hindi (hi) after jointly finetuning on English and Hindi
multiple-choice QA without context with 4 options.

English Context
xx Filter 0 Filter 1 Filter 2 Filter 3 Filter 4

F1 EM F1 EM F1 EM F1 EM F1 EM
en 35.73 17.90 35.35 17.98 34.29 16.22 34.15 16.47 33.53 15.46
hi 29.11 9.41 29.17 9.41 28.72 8.74 27.98 8.32 28.36 8.57

Native Context
xx Filter 0 Filter 1 Filter 2 Filter 3 Filter 4

F1 EM F1 EM F1 EM F1 EM F1 EM
en 35.67 17.90 35.03 17.56 35.29 18.15 35.67 17.90 35.00 16.97
hi 20.10 0.50 20.52 0.50 21.04 1.18 20.48 0.34 20.69 0.67

Table 4: Comparison of F1 and EM scores across
filters for English (en) and Hindi (hi) after jointly
finetuning on English and Hindi QA with English
context only (above) and Native context (below) us-
ing the SQuAD dataset. Notice that providing Hindi
context to Hindi QA counterintuitively reduces the
performance as compared to providing English Con-
text to Hindi QA.

4.2 Impact of including context for QA124

A similar setup was implemented by finetuning on SQuAD (Rajpurkar et al., 2016) ie. with context QA. The125
argument to use context was that since the models are in the order of 100M, context can be thought of as126
grounding the model with the relevant knowledge in English for generating in Hindi. In this case too, the127
results were negative in that there is no variation across filters. The exact scores are presented in Table 4.128

5 Related Work129

A key challenge with multilingual pretraining is that cross-lingual transfer capabilities often emerge primarily130
for high-resource languages, partly attributed to the imbalance in high-quality data across languages. (Hangya131
et al., 2022; Conneau & Lample, 2019). More recently, researchers also explore neuron-level techniques for132
improving cross-lingual generalizibility (Wendler et al., 2024; Tang et al., 2024). Particularly, Mondal et al.133
(2025) also observe negative insights when applying these techniques for cross-lingual transfer.134

Our experimental design and research question is most similar to that of Zhang et al. (2025) who pretrain a135
500M model from scratch on English wikipedia (∼5B tokens) and then continunally pretrain it with corpora136
in other languages to examine factual knowledge across languages using cloze-style questions. Their exper-137
iments suggest that low-resource languages primarily transfer knowledge to English but limited transfer is138
observed in the reverse direction.139

6 Conclusion140

This work presents a controlled investigation into whether factual knowledge acquired during multilingual pre-141
training can transfer across languages without direct supervision. By selectively removing Hindi Wikipedia142
articles while retaining their English counterparts, we test whether models can still answer factual questions143
in Hindi. Across multiple held-out settings, model sizes, and SFT strategies we observed no evidence of144
reliable cross-lingual knowledge transfer. These findings highlight current limitations in multilingual pre-145
training and suggest that stronger architectures, larger-scale models, or more targeted training objectives may146
be necessary to enable robust cross-lingual knowledge transfer. We hope our experimental setup serves as a147
foundation for further exploration in this space.148
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A Reproducibility215

To support reproducibility and further study, we release our held-out data splits (as exemplified in Table 5),216
training code, and evaluation scripts. Future work could extend this setup to larger models or additional217
languages under which cross-lingual factual transfer emerges during pretraining.218

Table 5: Example of our constructed data. The question-answer pair is originally from Natural Questions.

Field Value
id -2543388002166163252
title Persephone
url https://en.wikipedia.org//w/index.php?title=Persephone
context {"en": None, "hi": None}
question {"en": "In greek mythology who was the goddess of spring

growth?","hi": "यूनानी पौराɢणक कथाओं में वसंत के ɟवकास कʏ देवी कौन
थी?"}

answer {"en": "Persephone"],"hi": ["पसǂफोन"]}
negatives {"en": ["Demeter", "Hestia", "Aphrodite"], "hi":

["डीमीटर", "हेɥस्टया", "एफ्रोडाइट"]}
nearest_pages ["Persephone", "Demeter", "Dionysus", "Thracian

religion", "Helios", "Artemis", "Poseidon", "Apollo",
"Pluto (mythology)", "Hades", "Zeus", "History of the
nude in art", "Aphrodite", "Eleusinian Mysteries",
"Hecate", "Greek mythology", "List of Supernatural and
The Winchesters characters", "List of Supernatural
characters", "List of characters in mythology novels by
Rick Riordan", "Religion in ancient Rome",
"Proto-Indo-European mythology", "Sexuality in ancient
Rome", "Ancient Greek religion", "Diana (mythology)",
"Rosalia (festival)", "Swan maiden", "Glossary of ancient
Roman religion", "Isis", "Hermes", "Scythian religion",
"Hera", "Leto", "Inanna", "Scythian genealogical myth",
"Mycenaean Greece", "Cybele", "The Dresden Files
characters", "Mycenae", "List of Fables characters",
"Mysteries of Isis", "Slavery in ancient Rome", "Ancient
Roman sarcophagi", "Jupiter (god)", "Ancient
Macedonians", "Ancient Carthage", "Light in painting",
"Ceres (mythology)",...]

B Limitations219

Our experimental design was intended to isolate cross-lingual factual transfer by controlling document-level220
exposure during pretraining. However, a key limitation and reason for negative results could be the small221
model size used, which may lack sufficient capacity to learn and align factual representations across languages.222
Though we do experiment with different model sizes (100M, 200M, 500M, 1B) and observe similar trends,223
it is difficult to disentangle whether the failure of transfer is due to data scale, model capacity, or simply the224
absence of multilingual pretraining. We also evaluate only a single language pair (English-Hindi), leaving225
open the question of whether similar trends hold for other typologically distant or closely related languages.226
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