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Abstract

Label projection is an effective technique
for cross-lingual transfer, extending span-
annotated datasets from a high-resource lan-
guage to low-resource ones. Most approaches
perform label projection as a separate step af-
ter machine translation, and prior work that
combines the two reports degraded translation
quality. We re-evaluate this claim with LabelPi-
geon, a novel framework that jointly performs
translation and label projection via XML tags.
We design a direct evaluation scheme for label
projection, and find that LabelPigeon outper-
forms baselines and actively improves transla-
tion quality in 11 languages. We further assess
translation quality across 203 languages and
varying annotation complexity, finding consis-
tent improvement attributed to additional fine-
tuning. Finally, across 27 languages and three
downstream tasks, we report substantial gains
in cross-lingual transfer over comparable work,
up to +40.2 F1 on NER. Overall, our results
demonstrate that XML-tagged label projection
provides effective and efficient label transfer
without compromising translation quality.!

1 Introduction

Many NLP tasks depend on span-level labels, such
as entities in named entity recognition, arguments
in event extraction, or mentions in coreference
resolution (Liu et al., 2022). Although recent ad-
vances in generative large language models show-
case strong zero-shot potential, supervised train-
ing on task-specific data continues to achieve sub-
stantially superior performance in a multilingual
setting (Wei et al., 2024; Porada et al., 2024; Lu
et al., 2025; Bucher and Martini, 2024). A com-
mon paradigm for extending these tasks beyond
high-resource languages like English is the use of
automatic machine translation to translate training
data into the target language. This involves label

'Our code and data are available at: https://github.
com/thennal1@/LabelPigeon

projection, techniques to preserve or subsequently
map the span labels onto the translated text (Chen
et al., 2023; Ebing and Glavas, 2025).

Label projection has been traditionally con-
ducted as a separate step from translation, largely
with the use of word alignment models (Akbik
etal.,2015; Aminian et al., 2017; Ebing and Glavas,
2025). More recently, Chen et al. (2023) investigate
joint translation and label projection in one step,
inserting square brackets around spans before trans-
lation. They report improved downstream perfor-
mance but degraded translation quality. Subsequent
work in the field builds on this finding, separating
the translation and label projection steps and apply-
ing other techniques such as LLM-based contextual
translation or constrained decoding on the unmodi-
fied translation (Parekh et al., 2024; Garcia-Ferrero
et al., 2023; Le et al., 2024). While effective, these
pipelines introduce considerable computational and
engineering overhead.

In this work, we revisit the core assumption mo-
tivating these methods, that translation quality is
inherently compromised when markers are inserted
into the text. We show that with the appropriate
training, data, and choice of marker, translation
quality can be improved while simultaneously trans-
ferring labeled spans.

To this end, we make both a practical and theo-
retical case for label-aware translation with XML
tags (§3), and introduce LabelPigeon, a simple
approach for joint label projection and translation
based on fine-tuning with XML-tagged corpora
(§4). LabelPigeon conducts both tasks in one pass,
handling frequent and nested spans with grace, as
we showcase in Figure 1.

We assess LabelPigeon through three distinct
evaluations. We introduce a novel scheme for di-
rect label projection evaluation, verifying LabelPi-
geon’s effectiveness in 11 languages (§5). We
further quantify the impact on translation quality
across 203 languages as well as varying annotation
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After leaving Edison's company  <f>Tesla</f> partnered with two businessmen in

<h>1886</h> , <a>Robert Lane and Benjamin Vail</a> , who agreed to finance an electric

lighting company in Tesla's name,  <b>Tesla Electric Light & Manufacturing</b> . The company Labe l P | geo ny \
Gl

ical arc light based il </d> designed by Tesla and

also had designs for dynamo electric machine , the first issued to

Tesla in the US.

Nach dem Verlassen von Edisons Unternehmen arbeitete | <f>Tesla</f> im Jahr
<h>1886</h> mit zwei Geschéftsleuten, <a>Robert Lane und Benjamin Vail</a> ,

zusammen, die sich bereit erklarten, ein L fiir im Namen

von Tesla, ' <b>Tesla Electric Light & Manufacturing</b> , zu finanzieren. Das Unternehmen

<d>installierte | <e>elektrische L basierte </d> , die von
Tesla entworfen wurden, und hatte auch Entwiirfe fiir dynamoelektrische

Maschinenkommutatoren, die ersten | <c>Patente</c> , die Tesla in den USA erteilt wurden.

Figure 1: An example taken from XQuAD (Artetxe et al., 2020), where LabelPigeon accurately and seamlessly
handles translating English to German while transferring 7 labeled spans with nesting.

complexity, finding consistent improvement which
we attribute to the additional fine-tuning (§6). Fi-
nally, we conduct downstream experiments on 3
NLP tasks across 27 languages, showcasing that
LabelPigeon consistently outperforms prior work,
with up to +40.2 F1 score improvement (§7). Over-
all, our results indicate that XML tags facilitate
effective label projection without compromising
translation quality and with no additional computa-
tion required at inference, offering a simple alter-
native to multi-stage pipelines.

2 Related Work

Several works have explored markup translation
in the context of structured-document translation,
specifically web pages (Bamman et al., 2010; Joa-
nis et al., 2013; Miiller, 2017; Hanneman and Dinu,
2020; Hashimoto et al., 2019). Most rely on a
detag-and-project approach, where tags are re-
moved, the text translated, and the tags are rein-
serted (Hanneman and Dinu, 2020). More recent
work investigates the zero-shot capabilities of mas-
sively multilingual translation models or large lan-
guage models (LLMs) on transferring tags, and
finds they perform adequately even without any spe-
cific fine-tuning (Dabre, 2022; Dabre et al., 2023;
Buschbeck et al., 2022). While some works directly
train on raw markup data, they exclusively evaluate
in the context of structured document translation,
largely with translation quality metrics (Hanneman
and Dinu, 2020; Hashimoto et al., 2019).

Label projection, while sharing structural simi-
larities to markup translation, is largely concerned
with transferring annotated span labels for vari-
ous downstream tasks (Chen et al., 2023; Ebing
and Glavas, 2024). Alignment-based projection
has been widely adopted and is used in projecting
data for named entity recognition (Ni et al., 2017),
question answering (Hu et al., 2020; Lewis et al.,
2020), event argument extraction (Lou et al., 2022),
coreference resolution (Bitew et al., 2021), and se-

mantic structure (Moradshahi et al., 2020; Daza
and Frank, 2020). While a subset of prior work uti-
lizes marker-based translation in corpora-building,
Chen et al. (2023) are the first to analyze it in depth.
They evaluate several marker types in their pre-
liminary zero-shot study, and introduce EasyPro-
ject, utilizing synthetically generated data to train
a translation model capable of squarebracket-based
marker projection. Their results indicate a consis-
tent degradation in translation quality, informing
later works that opt to separate translation and la-
bel projection. T-Projection (Garcia-Ferrero et al.,
2023) uses a separate language model to project
labels by generating candidate spans, while CLaP
(Parekh et al., 2024) employs a similar approach
with an instruction-tuned LLM as a contextual
translator. Explicitly motivated by preserving trans-
lation quality, CODEC (Le et al., 2024) uses con-
strained decoding to inject square markers after
translation. Ebing and Glavas (2025) further find
that word alignment can perform comparably to
marker-based label projection with specific low-
level design decisions, reinforcing the paradigm of
separate label projection.

Taken together, prior work leaves several as-
pects unexplored. With the exception of Chen et al.
(2023), no other paper investigates joint translation
and label projection. Evaluations rely on indirect
metrics such as projection rates or downstream task
performance, with no work directly evaluating la-
bel projection. In addition, little attention is paid
to more challenging cases with frequent, nested, or
overlapping spans. Finally, most approaches forgo
training altogether or rely on synthetically gener-
ated data, leaving existing high-quality data from
the field of markup translation underutilized.

3 Label-Aware Translation

Prior work assumes that span markers inherently
harm translation quality, and therefore designs tech-
niques to project labels on unmarked translations
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Figure 2: Examples of labeled English sentences with
two equally valid translations, where the labeled span is
preserved in one and split, omitted, or ambiguous in the
other.

(Le et al., 2024; Garcia-Ferrero et al., 2023; Parekh
et al., 2024). However, we posit that with appro-
priate training, a label-aware translation is advanta-
geous in several respects.

Figure 2 provides minimal illustrative examples
for this purpose. The first example showcases an
English sentence that has a labeled span, and two
equally valid translations in Malayalam, but one
translation preserves the span while the other splits
it across the sentence. While splitting the label
is not necessarily detrimental, marker-based label
projection methods do not have the capability to do
so (Chen et al., 2023; Parekh et al., 2024; Le et al.,
2024; Garcia-Ferrero et al., 2023), and keeping
labeled spans continuous is considered best prac-
tice for alignment-based methods as well (Ebing
and Glavas, 2025). Similarly, the second example
showcases two translations into Japanese, one of
which—in an instance of pronoun dropping—omits
the label while the other does not. As a highly con-
textual language, the first translation is generally
considered more natural, but the second is also
valid, and in our case, preferable. Finally, the third
example showcases two translations into French
that, depending on the context, can be equally valid.
In the first example, the labeled span can arguably
be ambiguously assigned to two potential spans:
the subject pronoun (“il”) or the stress pronoun
(“Lui”). The other, more direct translation is again
preferable.

These examples showcase several potential is-
sues that may arise when translation is done in-
dependently of label projection. We hypothesize
that joint translation and label transfer would in-
centivize the model to prioritize the coherence and
continuity of the labels. On the other hand, as il-
lustrated in Figure 2, label-aware translation can
also lead to less fluent translations. We argue that

less idiomatic translations will typically not lead
to substantial annotation quality loss in a model
trained on the output data.

3.1 XML as the Marker of Choice

EasyProject, the only prior method utilizing joint
label projection and translation, opts for square
brackets to mark the label spans, with future work
following suit (Chen et al., 2023; Le et al., 2024).
The authors justify this choice by conducting a
preliminary zero-shot study testing out several dif-
ferent markers, with square brackets performing
the best. However, this does not translate directly
to superior performance after fine-tuning, and the
use of square brackets as the marker has several
downsides. Most notably, square brackets do not
carry direct correspondence between the original
spans and the ones in translation. They compensate
for this issue with a fuzzy string matching method
that translates the annotated spans individually, and
matches them to the spans inside the full transla-
tion to map the correspondence. This approach
is susceptible to errors (in particular when nested
or overlapping spans are involved) and balloons
inference time as all spans must be translated indi-
vidually, on top of the text as a whole.

XML tags, on the other hand, provide a direct
correspondence between the source spans and trans-
lation spans. They can also handle nesting and
overlapping spans gracefully, and can even hold se-
mantic information (e.g. <PER> denoting a person)
if required. Notably, XML markup has a long his-
tory in structured-document translation, with high-
quality parallel corpora containing XML-tagged
text publicly available (Bamman et al., 2010; Han-
neman and Dinu, 2020; Hashimoto et al., 2019).
In particular, Hashimoto et al. (2019) provide the
Salesforce Localization XML MT dataset, a large-
scale collection of parallel sentences with naturally
occurring XML tags, which can be adapted for
training label-aware projection. This resource pro-
vides high-quality parallel data that enables models
to learn translation while maintaining structured
tags, eliminating the need for generating synthetic
training data as in prior work (Chen et al., 2023).

4 LabelPigeon

Our overarching goal is to re-evaluate the assump-
tion that joint translation and label projection in-
herently degrades quality. As such, we focus on
the effects of direct fine-tuning with high-quality
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Open the Cloud Flow Designer. From Setup, enter <userinput>Flows</userinput> in
the <parmname>Quick Find</parmname> box, then select <uicontrol>Flows</
uicontrol>, and then click <uicontrol>New Flow</uicontrol>.

Tag Swap

Open the Cloud Flow Designer. From Setup, enter <a>Flows</a> in the
<b>Quick Find</b> box, then select <c>Flows</c>, and then click <c>New Flow=</c>.

Figure 3: An example showcasing the tag swap that we
conduct on training data in order to make it generally
applicable.

data, and to that end, we opt for the Salesforce
Localization XML MT dataset mentioned in §3.1
(Hashimoto et al., 2019). A gold-standard XML-
tagged corpus, it consists of parallel pairs be-
tween English and seven other languages with ap-
proximately 100,000 aligned samples in each lan-
guage pair, providing ample data for full-scale fine-
tuning.

Prior research indicates that fine-tuning on too
large of a dataset or on low-resource languages
could lead to catastrophic forgetting and a general
reduction in translation quality (Liu and Niehues,
2025; Chen et al., 2023). We further conduct abla-
tion experiments (detailed in Appendix A.1) and
find that fine-tuning on all seven language pairs
is counterproductive. In accordance, we opt to
train the final model with data between English and
three high-resource languages: German, Russian,
and Chinese.

The tags are largely composed of UI and styling
elements. In order to adapt the dataset for general
label projection, we opt to swap these for simple
alphabetical non-descript tags of the form <a>, <b>,
etc. All tags of a certain type are converted into a
corresponding alphabetical tag based on the order
of appearance. Figure 3 showcases an example
of this in action. We also drop all examples that
contain no tags, resulting in a sizeable reduction
of the dataset to 25k samples in each language
pair. Across all three datasets, and accounting for
translation in both directions with English, this
amounts to approximately 150k training samples,
of which 5% is utilized as a development set.

Due to its effectiveness, coverage, and
widespread use, we opt for the NLLB-200 3.3B
as the base translation model to fine-tune (Team
et al., 2022). We conduct fine-tuning on our mod-
ified dataset for a full epoch, totaling 9,091 steps
with an effective batch size of 16, taking 5h:30m on
a single NVIDIA A100 GPU. Additional training
and data specifics are given in Appendix A.

With this model, label projection can be con-

ducted in a straightforward procedure: insert al-
phabetical XML tags on the annotated spans, trans-
late with our model, and extract the tags using an
off-the-shelf XML parser. We term our method
LabelPigeon, and note that it has a negligible com-
putational overhead at inference, requiring only a
single forward pass of the model.

5 Directly Evaluating Label Projection

Prior work generally evaluates label projection
methods by translating span-annotated datasets and
training models on those datasets, essentially using
the downstream results as proxy for the efficacy
of the label projection (Chen et al., 2023; Garcia-
Ferrero et al., 2023; Parekh et al., 2024; Le et al.,
2024). We instead opt to define our own benchmark
and metrics to directly evaluate label projection,
utilizing parallel span-annotated datasets.

5.1 Experimental Setup

Datasets. For directly evaluating label projec-
tion we utilize XQuAD (Artetxe et al., 2020) and
MLQA (Lewis et al., 2020), two gold-standard
multilingual extractive question-answering (QA)
datasets. XQuAD consists of 240 paragraphs and
1190 QA pairs in 12 languages, with the other 11
languages translated from English, while MLQA
consists of over 5,000 QA pairs in 7 languages that
were mined from Wikipedia. Both datasets provide
span-annotated QA data parallel across multiple
languages, allowing direct measurement of how
well projected spans align in the target language.
Because MLQA is not consistently parallel at the
paragraph level, we apply a simple filter to only
retain the QA pairs with parallel contexts, detailed
in Appendix B.1. Additional statistics, particularly
with regards to label frequency, are provided in
Appendix B.

Metrics. Across both datasets, we define a sim-
ple evaluation scheme to concretely evaluate the
accuracy of label projection. Each projected label
span is taken individually and is considered a match
if it has string similarity above a set ratio to the cor-
responding reference label span, where similarity
is computed with Ratcliff/Obershelp pattern match-
ing (Black, 2004). Our main metric is the global F1
score of these label matches, which we refer to as
Label Match F1. For all our experiments, we set
the aforementioned string similarity ratio to 50%.
We also calculate the COMET score (specifically
COMET-22, Rei et al., 2022) to evaluate the impact
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COMET Score

Label Match F1 (%)

Language

Awes. Gemma EProj. LP Awes. Gemma EProj. LP
XQUAD
Arabic 83.4 54.3 81.3 822 498 69.8 80.9 753
Chinese 80.8 64.9 794 779 464 70.6 70.9 729
German 83.0 73.7 81.1 82.7 60.0 86.4 84.6 86.8
Greek 84.2 71.4 843 873 4438 71.4 65.8 175.8
Hindi 78.4 50.1 764 77.1 54.8 71.3 82.6 769
Romanian 84.3 83.8 83.9 86.0 58.0 89.2 81.6 87.8
Russian 83.7 79.0 82.8 85.0 525 81.8 76.6 789
Spanish 83.1 68.8 81.7 84.0 592 87.8 824 90.2
Thai 76.8 67.8 74.1 766  23.8 64.9 66.0 63.1
Turkish 84.0 78.9 83.0 85.0 584 84.9 84.0 83.3
Vietnamese  83.1 72.6 80.8 83.3 4838 80.9 78.8 79.7
Average 82.3 69.6 80.8 824  50.6 78.1 777 79.2
MLQA
Arabic 84.8 47.2 83.7 84.8 51.9 65.0 80.7 78.0
Chinese 80.4 53.7 79.1 79.6  40.6 52.9 63.9 67.8
German 82.4 59.9 814 84.0 603 77.9 772 834
Hindi 76.7 453 757 769  56.1 63.4 80.1 79.3
Spanish 82.5 59.1 823 84.0 586 76.3 78.9 88.8
Vietnamese  83.0 62.2 82.7 84.7 49.1 73.0 78.5 823
Average 81.6 54.6 80.8 823 528 68.1 76.5 79.9

Table 1: Direct label projection results on XQuAD and MLQA. COMET scores and the label match F1 scores
are both provided. Sentences are translated from English to the corresponding language. We compare four label
projection methods: a) Awesome-align (Awes.), b) Gemma 3 27B (Gemma), c) EasyProject (EProj.), and d)
LabelPigeon (LP). Awesome-align is used as the baseline, and differences are highlighted via color.

on translation quality. We note that all markers are
removed before evaluating translation quality.

Baselines. We compare LabelPigeon with the fol-
lowing baselines: (1) Awesome-align (Dou and
Neubig, 2021), an alignment-based label projec-
tion method; (2) Gemma 3 27B IT (Team et al.,
2025), a strong lightweight open-source LLM; and
(3) EasyProject (Chen et al., 2023), a marker-based
label projection method. As Awesome-align con-
ducts label projection separately after translation,
we opt for the original NLLB-200 3.3B as the corre-
sponding translation model, providing direct com-
parison in terms of translation. For EasyProject,
we use their fine-tuned NLLB-200 3.3B model for
the same reason. Additional details can be found
in Appendix B.

5.2 Results

Table 1 compiles the label projection results
across languages and models, showcasing both

the COMET scores and Label Match F1. We first
note that our method outperforms all other base-
lines in label projection. Awesome-align performs
particularly poorly, with an average label match
F1 of 50.6/52.8 on XQuAD/MLQA. EasyProject
and Gemma 3 perform reasonably well with aver-
age F1 scores of 77.7/76.5 and 78.1/68.1 respec-
tively, but are still outperformed by LabelPigeon’s
79.2/79.9. We also note that the training dataset
contains a maximum of 6 unique tags per exam-
ple (i.e. up to <f>). In contrast, XQuAD samples
contain more than 9 tags on average, with a maxi-
mum of 24 tags (up to <x>). Given the performant
results of LabelPigeon, we conclude that it is able
to generalize up to much higher unique tag counts
than seen during training.

The translation quality results warrant closer
scrutiny. While EasyProject degrades translation
quality across the board as we expect, our method
improves translation quality over the base NLLB
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. No Markers Single Simple Complex
Maetrics
Baseline EProj. LP NF EProj. LP EProj. LP EProj. LP
BLEU 17.4 177 176 17.9 16.8 17.6 15.3 16.1 149 15.5
chrF++ 42.9 435 434 438 42.8 43.7 414 423 40.8 41.7
Proj. Rate — — — — 859 925 68.2 81.0 4777 69.3

Table 2: Metrics across different models and with different marker-insertion strategies on the FLORES-200 dataset.
We compare the baseline NLLB-200 3.3B model (Baseline), EasyProject (EProj.), LabelPigeon (LP), and the
Non-marker Fine-tuned model (NF). BLEU and chrF++ are lexical measures for translation quality, while the
projection rate measures how many of the original labels are included in the translation. Differences with respect to

the baseline are highlighted via color.

model for a majority of languages. We note that
this is equally true for languages that we did not
fine-tune on, as well as the three that we did (Ger-
man, Chinese, and Russian). We further explore the
cause for this improvement in §6. Gemma 3, the
only method not utilizing a base or fine-tuned ver-
sion of NLLB-200 3.3B, provides markedly poorer
translations than all other baselines over almost
all languages, showcasing the need for translation-
specific models for the task.

Additionally, we perform a small-scale error
analysis on the XQuAD data for our method. We
manually annotate a random sample of 30 exam-
ples translated from English to German via La-
belPigeon, and compare it with the ground truth
for translation errors in the labels. Out of 137 to-
tal labels, 118 were considered correct, resulting
in a span translation accuracy of 86%. With re-
spect to the automatic evaluation, we observed only
three false positives and five false negatives. These
findings further reinforce the effectiveness of our
automated evaluation.

6 Impact on Translation Quality

While we jointly evaluate translation quality and
label projection in §5, we only cover 11 languages.
Additionally, the phenomenon of improved transla-
tion quality with our method warrants further inves-
tigation. In order to provide a more comprehensive
overview of how markers and training impact trans-
lation quality, we opt for a broad-scale evaluation
with synthetically inserted markers on the FLORES-
200 dataset (Team et al., 2022).

6.1 Experimental Setup

Dataset. FLORES-200 is an extension of the
well-known FLORES-101 (Goyal et al., 2022), ex-
panding it to cover 204 languages, and it was ex-
tensively used by Team et al. (2022) to evaluate

the NLLB-200 model. We use the publicly avail-
able devtest split containing 1012 sentences, and
evaluate translation quality from English to all 203
other languages.

Synthetic Markers. As the dataset itself does
not contain any sort of labeled spans, we simulate
labels by randomly inserting markers on the En-
glish source sentences, in various configurations.
Specifically, we utilize three marker insertion con-
figurations representing different labelling scenar-
ios: the Single configuration always inserts ex-
actly one marker, the Simple configuration inserts
non-overlapping and non-nested markers, and the
Complex configuration inserts potentially overlap-
ping and nested markers. The specific algorithm
is elaborated in Appendix C.1. We also test on
the original unmarked data, referred to as the No
Markers configuration.

Metrics. Following Team et al. (2022), we opt
for lexical measures of translation quality, specif-
ically BLEU (Papineni et al., 2002) and chrF++
(Popovi¢, 2017). We additionally measure label
projection via the projection rate, defined by Chen
et al. (2023) as the percentage of data in which the
numbers and type of special markers in the trans-
lations match with the source sentences. We note
that this metric only takes into consideration the
existence of the markers and not the accuracy of
the labels themselves, and thus is significantly less
reliable than our direct label projection schema in

§3.

Baselines. As we are largely concerned with the
impact of training on translation quality, we com-
pare NLLB 3.3B with models derived from it,
mainly LabelPigeon (LP) and EasyProject (EProj).
Additionally, to disambiguate the effect of addi-
tional training with the effects of marker insertion
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itself, we train a model on the modified SalesForce
Localization XML MT dataset as in §4, but with
the XML tags removed. All other hyperparameters
are kept the same, and we refer to this model as the
Non-marker Fine-tuned (NF) model.

6.2 Results

The results are compiled in Table 2. We start by
noting the improvement in translation quality of
all three fine-tuned models over the baseline model
when no markers are inserted. As markers are intro-
duced, translation quality degrades for EasyProject,
both compared to itself and the baseline in the No
Marker configuration. However, the BLEU score
remains the same, and chrF++ increases when a sin-
gle marker per sentence is inserted for LabelPigeon.
With multiple and nested markers, we see a clear
decline in translation quality for both EasyProject
and LabelPigeon. Regardless, LabelPigeon consis-
tently outperforms EasyProject across all marker
insertion configurations in both translation quality
metrics. In addition, LabelPigeon attains a higher
projection rate across the board, while EasyPro-
ject struggles particularly in the Complex marker
insertion scheme. Taken in conjunction with the
results from §5, we can confidently state that La-
belPigeon improves translation quality when used
on span-marked data. We provide the full results
in Appendix C.2 and additional experiments on the
effects of length and frequency in Appendix C.3.

Why Does Translation Quality Improve? The
performance of the NF model, which has been
trained on unmarked data and performs the best
overall, shows that the quality improvement is a di-
rect result of additional training. This is consistent
with prior research that show fine-tuning translation
models on small datasets (approx. 100K sentences)
can induce positive cross-lingual transfer, improv-
ing performance for even unseen languages (Liu
and Niehues, 2025). Regardless, LabelPigeon’s per-
formance with single markers is comparable to the
NF model’s performance under no markers, provid-
ing evidence for our hypothesis in §3: that the less
idiomatic translations resulting from label-aware
translation does not lead to a substantial quality
loss.

7 Downstream Experiments

In line with recent work and prior applications, we
evaluate the effectiveness of our label projection
method on three downstream tasks: named entity

Language Dataset EProj. Ours
UNER (Named Entity Recognition)
Cebuano ceb_gja 47.6 78.3
zh_gsd 539 464
Chinese zh_gsdsimp 529 47.4
zh_pud 62.2 54.5
Croatian hr_set 77.4 85.6
Danish da_ddt 75.5 79.3
German de_pud 76.9 80.2
pt_bosque 62.2 83.0
Portuguese pt_pud 65.1  86.1
Russian ru_pud 56.7 70.4
Serbian sr_set 74.8 87.4
Slovak sk_snk 64.3 78.6
. sv_pud 70.8 87.7
Swedish sv_talbanken 673 885
Taealo tl_trg 54.1 91.5
galog tl_ugnayan 38.5 81.5
Average - 62.5  76.7
CorefUD (Coreference Resolution)
Ancient Greek PROIEL 0.0 0.0
Ancient Hebrew PTNK 0.0 0.0
Catalan AnCora 1.5 12.1
Crech PCEDT 1.8 20.5
zec PDT 05 204
French ANCOR 0.2 34
Democrat 0.1 1.2
German ParCorFull 18.7 12.7
erma PotsdamCC 195 162
Hindi HDTB 0.0 27.2
Hunearian KorKor 0.0 3.8
& SzegedKoref 0.0 2.3
Korean ECMT 0.0 6.3
Lithuanian LCC 0.0 25.5
Norwegian BokmaalNARC 0.1 31.6
& NynorskNARC 02 328
Old Slavonic PROIEL 0.4 1.7
Polish PCC 4.1 12.0
Russian RuCor 10.2 32.7
Spanish AnCora 0.4 10.6
Turkish ITCC 0.1 12.4
Average - 27  13.6
MLQA (Question Answering)
Arabic - 62.6 62.7
Chinese - 53.5 53.4
German - 65.6 67.5
Hindi - 70.8 69.7
Spanish - 714 722
Vietnamese - 72.9 71.5
Average - 66.1 66.1

Table 3: Downstream F1 scores for UNER, CorefUD,
and MLQA, comparing EasyProject (EProj.) and La-
belPigeon (Ours). Differences are highlighted via color,
and instances of exceptionally low scores (F1 < 1) are
noted in gray.
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recognition (NER), question answering (QA), and
coreference resolution (CR) (Bitew et al., 2021;
Chen et al., 2023).

7.1 Experimental Setup

Named Entity Recognition. To evaluate NER,
we opt for Universal Named Entity Recognition
(UNER), a recently released gold-standard bench-
mark containing 19 datasets across 13 diverse lan-
guages (Mayhew et al., 2024). We use the train-
ing split of the English portion of the dataset (i.e.,
the EWT dataset) as the source for cross-lingual
transfer. In line with their baseline, we train XLM-
Riarge (560M parameters) on the translated data,
and use the test splits of all other languages and cor-
responding datasets for evaluation (Conneau et al.,
2020).

Question Answering. Asin §5.1, we use MLQA
(Lewis et al., 2020) for question-answering eval-
uation. Due to the comparatively smaller num-
ber of evaluation samples, we omit XQuAD for a
downstream comparison. We use SQuAD v1.1 (Ra-
jpurkar et al., 2016) as the source dataset, and again
opt for XLM-Rypyge as it is the best-performing
baseline on MLQA, with F1 scores as the metric.

Coreference Resolution. For coreference reso-
lution, we use the publicly available version of
the widely known CorefUD 1.3 dataset, covering
24 datasets in 17 languages (Nedoluzhko et al.,
2022; Novik et al., 2025). While Nedoluzhko et al.
(2022) provide no baseline, the CRAC shared task
for multilingual coreference resolution utilizes mul-
tilingual BERTp,ee (Devlin et al., 2019) as their
baseline, which we adopt (Prazak et al., 2021;
Novék et al., 2024). We use the English portion of
OntoNotes 5.0 (Weischedel, Ralph et al., 2013, also
part of CorefUD) as the source dataset to translate,
and evaluate on all other languages and correspond-
ing datasets, of which there are 21.

Baselines. Given the subpar performance of
Gemma 3 and Awesome-align in our direct label
projection results (§5.2), and the compute costs as-
sociated with translating large datasets, we opt to
only evaluate EasyProject and LabelPigeon for the
downstream experiments. Training hyperparame-
ters and other specifics are provided in Appendix
D.

7.2 Results

The results on each of the component tasks and
datasets are compiled in Table 3. Through all three
tasks, LabelPigeon outperforms EasyProject in the
majority of datasets. For NER, we see large and
consistent gains across most languages, with an av-
erage improvement of +14.2 and particularly sig-
nificant improvements in low-resource languages
such as Cebuano (+30.7) and Tagalog (+40.2).
LabelPigeon also generally provides strong down-
stream performance with F1 scores above 80 in the
majority of datasets.

In contrast, performance remains low across the
board for coreference resolution. We hypothesize
that this is due to a combination of two factors:
the inherent frequency and nesting of coreference
spans, which we have shown to reduce translation
quality and label projection accuracy (§6), and the
overall difficulty of the task, as reflected in the low
average baseline score of 54.75 even with high-
quality in-domain training data (Novék et al., 2024).
For certain languages such as Ancient Greek and
Ancient Hebrew, the downstream model fails to
annotate at all, resulting in scores of 0.0. However,
this phenomenon of complete failure occurs much
more frequently for EasyProject than for LabelPi-
geon. Across the 16 languages tested, EasyPro-
ject yields scores < 1.0 in 11 of them, while La-
belPigeon only fails by this criterion for the two
aforementioned historical languages. The only
languages where EasyProject obtains somewhat
functional results are German with 19.1 and Rus-
sian with 10.2. In contrast, LabelPigeon achieves
> 10.0 for 10 languages, and > 20.0 for 5.

Finally, for question answering, we observe only
a narrow gap between LabelPigeon at 66.15 and
EasyProject at 66.13, with both methods perform-
ing comparably well. Nevertheless, LabelPigeon
still outperforms EasyProject across all three tasks
on average, consistent with the results from the
direct evaluation in §5.

8 Conclusion

In this work, we present the case for joint label
projection and translation with XML tags as the
marker of choice. Through comprehensive evalu-
ations covering direct label projection, translation
quality, and downstream effectiveness, we show
that our method outperforms existing marker-based
and alignment-based methods without incurring en-
gineering overhead or additional computation at
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inference. In the broader context of a field that has
largely abandoned this approach in favor of com-
plex multi-stage pipelines, our work shows that a
straightforward training regimen and high-quality
data can provide effective label projection without
harming translation quality.

Limitations

The direct label projection evaluation as detailed
in §5 utilizes XQuAD, where all samples are trans-
lated from English, and a filtered version of MLQA,
where the filtering may bias it towards direct trans-
lations. We also use FLORES-200, another directly
translated dataset, in §6 to evaluate translation qual-
ity. As such, these evaluations may be affected by
the phenomenon of translationese, where human-
translated text can contain unusual features not
present in natural text (Graham et al., 2020; Baker,
1993).

While we use three different tasks for down-
stream evaluation, we only use question answering
datasets for the direct label evaluation, largely com-
posed of high-resource languages. However, due to
the requirements of such an evaluation (namely
needing to be multilingual, parallel, and span-
annotated), very few datasets are fit for this pur-
pose. Our synthetic tag insertion in §6 may also
not accurately reflect real-world usage, as tags are
typically motivated by semantics or linguistics. Re-
gardless, our results on it are consistent with the
translation quality improvements observed in our
direct label evaluation.

Finally, we do not conduct a full evaluation of the
newest label projection methods such as CODEC
(Le et al., 2024) and CLaP (Parekh et al., 2024).
In preliminary experiments, we found that CODEC
was outperformed by LabelPigeon, and a full evalu-
ation was prohibitively expensive, as we describe in
Appendix B.3. We make the case for and focus on
label-aware translation, and given the extensive en-
gineering and additional inference requirements of
these methods, we leave their exploration to future
work.

Ethical Considerations

Label projection has the potential to bring higher-
quality labels to low resource languages. While
this is generally a worthwhile pursuit, one might ar-
gue that culturally sensitive annotations that cover
specific linguistic phenomena are disincentivized
by better label projection. We argue that these risks

are outweighed by the benefit of more accessible
NLP for lower resource languages. Overall, we do
not anticipate major ethical concerns arising from
this work.
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A Training

Setting Value

Learning rate le?

Batch size 8

Grad. Accumulation 2

Scheduler Inverse square root
Weight Decay 0.01

Warmup 5% steps
Precision bfloat16

Table 4: Relevant hyperparameters for LabelPigeon fine-
tuning.

As described in §4, we use the Salesforce Local-
ization XML MT dataset provided by Hashimoto
et al. (2019), modified for label projection. Rele-
vant statistics after filtering are compiled in Table
5. The model is trained with the hyperparameters
given in Table 4. We note that since the original
dataset includes examples with multiple instances
of the same tag, the total number of tags is higher
than the unique number of tags. As we filter out
instances without tags, the minimum number of
tags is 1 for all training data subsets.

A.1 Ablations

The full Salesforce Localization XML MT dataset
contains 7 languages with sentences parallel to En-
glish: German, Finnish, French, Japanese, Dutch,
Russian, and Chinese. We conduct some basic
ablations, training on translations both from and
to English in the following combinations: 1) one
high resource language (German), 2) three high-
resource languages (German, Russian, Chinese),
and 3) all seven languages. We evaluate label pro-
jection and translation quality in accordance with
our methodology in §5.

The results are compiled in Table 6. We note that
the model trained on three languages outperforms
both the model trained on only one language and
the model trained on all seven languages, in transla-
tion quality as well as label matches. We hypothe-
size that while the additional data helps improve the
performance in the three-language model, includ-
ing all seven languages induces catastrophic for-
getting, thus reducing general performance. Given
these results, we opt for the three-language model
in all other experiments.

B Label Projection

Dataset statistics for the direct label projection eval-
uation datasets are given in Table 7. For Awesome-

align, we use the label projection algorithm de-
tailed by Ebing and Glavas (2025) and BERTpqs¢
(Devlin et al., 2019) for word alignment itself. For
Gemma 3 27B IT, we use XML tags as the mark-
ers for annotations and follow the setup of Dabre
et al. (2023), using the prompt format given below,
where src_lang is the source language, tgt_lang
is the target language, and src_text is the sen-
tence to be translated:

Translate the following {src_lang} source text to
{tgt_lang}:\n

{src_lang}: {src_text}\n

{tgt_lang}:

B.1 MLQA Filtering

Due to its nature as a dataset chiefly mined from
Wikipedia, MLQA requires some filtering to act as
a parallel label-projection evaluation benchmark.
While questions and the sentences containing an-
swers are aligned between languages, the para-
graphs themselves are not necessarily direct trans-
lations. In order to make sure we only include para-
graphs that are rough translations, we keep only
paragraph pairs with the same number of questions
and answer spans in both languages, and we filter
out paragraphs with a COMET-22 score (Rei et al.,
2022) < 80. The resulting dataset statistics are
compiled in Table 8. We note that for the down-
stream evaluation in §7, we use the full MLQA
dataset as the filtering is not necessary for question-
answering evaluation.

B.2 Label Projection into English

As label projection is largely applied for translating
labeled data for low-resource languages, we focus
on experiments with English as the source language.
However, we also conduct a direct label projection
experiment with English as the target language,
compiled in Table 9. Here, LabelPigeon almost
universally outperforms all other baselines in label
matches, with EasyProject falling behind Gemma 3.
Unlike our results in §5.2, Gemma 3 also provides
strong translations with an average COMET score
of 81.7, outperforming EasyProject with 81.1 and
approaching LabelPigeon at 83.6.

B.3 Preliminary Baseline with CODEC

We did a comparison with CODEC (Le et al., 2024)
in a preliminary experiment on the English-Hindi
subset of XQuAD. CODEC performed with a la-
bel match F1 of 75.6, outperformed by LabelPi-
geon’s 76.9. In addition, evaluation with CODEC
took significantly and prohibitively longer than any
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de-en ru-en zh-en
Train Valid Train Valid Train Valid
Samples (N) 24311 1262 24243 1301 24173 1248
Total Tags 41569 2179 41542 2250 41881 2122
Max Tags / Example 50 9 50 14 50 13
Max Unique Tags / Example 6 5 6 5 6 5
Avg. # Tags / Example 1.71 1.73 1.71 1.73 1.73 1.70

Table 5: Statistics for our training data.

other tested method, roughly 38 minutes per sam-
ple. Given these results, we opted not to conduct
a full-scale evaluation. In general, replicating the
other label projection systems mentioned in §2 is
challenging from an implementation standpoint,
and their application is computationally expensive.

- 38
33.05 32.59
- 36

Popen(%)
chrF++

35 | 30.52 3924 39.09  30.04 -
C Translation Quality 30
10 43.01 42.96 42.92 42.94 - 28
In §6, we synthetically insert markers into the 26
FLORES-200 dataset to test the impact of our 10 . o 65 %0
closel 70

method on translation quality. Expanded results
and additional details are provided below.

C.1 Synthetic Marker Insertion

We model this process by iterating through the
word boundaries in the sentence. At each word
boundary, an open marker may be placed with a
probability of Py, starting a new label span. If a
label span has already been started, at each subse-
quent word boundary a close marker may be placed
with a probability of P, ending the span. If any
spans are open by the end of the sentence, the ap-
propriate close markers are inserted at the end. We
refer to this as the Complex marker insertion con-
figuration, as nesting and overlapping spans are
possible. By preventing new spans from being
started if a span is already open, we disable nest-
ing and overlapping, and we refer to this as the
Simple configuration. To simulate datasets with
exactly one labeled span per sample, we first sam-
ple a length L. ~ Geom( P, ), and then select
a span uniformly at random among all candidate
spans of length L in the sentence. We refer to this
as the Single configuration. In general, the Py,
and P, allow us to model the frequency of la-
bels and their average length, respectively. These
values are set to 0.2 and 0.5 for all our experiments
unless specified otherwise.

Figure 4: Translation performance of our model on
FLORES-200 as measured by chrF++ across different
values of Pjyse and F,)e,, under the Complex marker
insertion scheme.

C.2 Full FLORES-200 Results

We provide the full results of our FLORES-200
experiments in Tables 10 and 11. We note that the
performance improvement of the fine-tuned models
are largely consistent across all languages, the vast
majority of which are unseen during fine-tuning.

C.3 Variation with Marker Frequency and
Length

We also estimate the effect of the frequency and
length of the marked spans on translation qual-
ity by varying Pppep, and Py, specifically in the
Complex marker insertion configuration. Figure
4 compiles the results as a heatmap. We see a
clear degradation of quality with increasing tag fre-
quency, but a slight and consistent improvement
with increasing length (i.e., with decreasing P,jse).
Nevertheless, we note that at the lowest tag fre-
quency (corresponding to roughly one tag once ev-
ery ten words), translation quality is still improved
from the baseline.
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COMET Score

Label Matches (F1, %)

Language

Base One Some All Base One Some All
XQUAD
Arabic 79.9 80.5 814 80.2 23 719 757 74.7
Chinese 79.8 79.2 80.3 80.3 4.5 1 70.3 76.5 75.0
German 81.6 824 832 822 6.7 839 86.2 8438
Greek 82.6 83.1 84.5 83.1 34 738 76.6 75.4
Hindi 80.7 80.8 81.2 80.7 77 784 804 79.8
Romanian 82.7 83.6 84.5 83.1 8.9 | 82.9 85.2 84.3
Russian 81.2 825 83.3 823 76 77.6 79.8 794
Spanish 83.4 84.1 84.5 83.8 3.6 860 88.6 88.3
Thai 783 780 784 77.5 79 64.5 67.0 659
Turkish 824 842 849 838 75 792 831 822
Vietnamese 819 832 834 82.6 6.3 786 798 79.7
Average 81.3 820 82.7 81.8 60 770 799 79.1
MLQA
Arabic 83.1 84.1 84.4 84.1 43 1 76.3 79.7 78.8
Chinese 80.0 809 81.2 81.2 75 624 70.8 699
German 809 836 839 836 11.8 823 84.5 833
Hindi 81.0 81.7 81.7 814 12.7 815 83.1 824
Spanish 82.8 843 84.5 843 10.7  86.7 88.6 88.3
Vietnamese 82.1 84.3 844 842 139 81.7 83.7 83.2
Average 81.6 832 833 831 10.1 785 81.7 81.0

Table 6: Ablations on the set of languages used for training, using our direct label projection evaluation schema in
§5. XML is used as the marker, with both the EN—XX and XX—EN directions evaluated and the results averaged.
Base refers to the original unmodified model. We compare with models trained on three language sets: 1) one high
resource language (One), 2) three high resource languages (Some), and 3) all seven languages (All). Differences

with Base are highlighted in color.

XQuAD MLQA

Samples (N) 2539 5414
Total Tags 23764 12265
Min Tags / Example 2 2
Max Tags / Example 24 8
Avg. # Tags / Example 9.36 2.27

Table 7: Tag statistics for evaluation datasets.

D Downstream Experiments

For downstream experiments, we utilize already
available baselines and corresponding code, mak-
ing minimal changes. For NER, we use the scripts
provided by Chen et al. (2023), training 5 epochs
with a batch size of 32 and a learning rate of 2e™.
We average the result of five random seeds to mini-
mize variance.

For QA, we use the scripts provided by Hu et al.

ar de es hi vi zh

843 395 1152 908 1325 791

Length

Table 8: Data statistics after filtering in MLQA.

(2020), training 5 epochs with a batch size of 32
and learning rate of 3¢, over three random seeds.
We also discard samples from SQuAD that have
more than one missing question-answer span after
translation to ensure high data quality.

For coreference resolution, we use the scripts
provided for the CRAC shared task (Novék et al.,
2024), training 5 epochs with a batch size of 1 doc-
ument and a learning rate of 2e for task-specific
parameters and le™ for others. Additionally, to
speed up the evaluation, we conduct a simple filter-
ing step on OntoNotes, retaining documents with
six sentences or fewer, in line with the default max-
imum sentence limit that the downstream model
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COMET Score Label Matches (F1, %)

Language

Awes. Gemma EProj. Ours Awes. Gemma EProj. Ours
XQUAD
Arabic 79.1 81.6 77.8 80.6 36.0 69.4 59.9 76.0
Chinese 80.3 81.9 78.7 82.7 45.0 64.7 67.2 80.0
German 82.3 85.2 81.3 83.8 59.8 80.3 81.0 85.6
Greek 80.9 84.9 80.3 81.7 51.9 73.4 73.2 71.3
Hindi 84.4 84.8 83.3 85.3 52.0 74.2 77.9 83.9
Romanian 81.1 85.7 81.1 83.0 56.5 85.6 78.6 82.6
Russian 80.2 83.1 79.1 81.6 50.4 72.0 75.1 80.7
Spanish 83.3 85.3 82.7 85.1 58.0 79.3 83.1 87.1
Thai 81.5 82.6 79.2 80.3 34.5 64.6 59.7 70.9
Turkish 82.3 85.9 82.1 84.8 50.7 82.0 75.0 82.9
Vietnamese 80.2 84.5 80.2 83.5 46.2 82.2 74.8 79.9
Average 81.4 84.1 80.5 82.9 49.2 75.3 73.2 80.6
MLQA
Arabic 81.9 78.7 81.0 84.0 39.6 57.3 63.6 81.4
Chinese 80.3 78.3 79.7 82.8 37.6 48.7 62.1 73.8
German 81.4 77.6 80.9 83.7 55.2 66.2 74.3 85.7
Hindi 85.1 80.3 84.3 86.4 54.5 58.2 76.9 86.8
Spanish 83.3 79.7 82.8 84.9 51.9 59.4 79.9 88.3
Vietnamese 80.9 81.0 81.3 84.2 46.2 63.7 74.9 85.0
Average 82.2 79.3 81.7 84.3 47.5 58.9 71.9 83.5

Table 9: Additional direct label projection results on XQuAD and MLQA, with sentences translated from the
corresponding language to English. We compare four label projection methods: a) Awesome-align (Awes.), b)
Gemma 3 27B (Gemma), ¢) EasyProject (EProj.), and d) LabelPigeon (LP). Awesome-align is used as the baseline,
and differences are highlighted via color.

handles. We also note that the metric is specifically
exact-match F1 excluding singletons.

E License

‘We use several datasets under various licenses in
this work, which we enumerate below.

* XQuAD: CCBY-SA 4.0

* MLQA: CCBY-SA 3.0

* FLORES-200: CC BY-SA 4.0

*« UNER: CC BY-SA 4.0

e CorefUD: License CorefUD v1.3
* SQuAD: CCBY-SA 4.0

* OntoNotes: LDC User Agreement for Non-
Members

All datasets used were employed in accordance
with their intended research purposes and license
terms. All created artifacts are intended for re-
search and academic dissemination consistent with
these terms.
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BLEU chrF++

Language No Markers Single Simple Complex No Markers Single Simple Complex
Baseline  EProj. LP NF  EProj. LP  EProj. LP  EProj. LP  Baseline  EProj. LP NF  EProj. LP  EProj. LP  EProj. LP
ace_Arab 0.8 0.7 0.8 0.7 0.6 0.6 0.4 0.5 18.1 182 17.0 5.2 18.1 16.2 17.3 16.9 17.2 17.1
ace_Latn 9.7 9.4 9.1 9.3 8.7 8.8 7.8 5 75 37.0 37.1 362 362 362 353 338 331 327 329
acn_Arab 106 7N 126 128 [6lD 122 [ 500 108 105 392 [IN28SN 425 430 IIN26MN 426 2430 413 | 233 407
acq_Arab 13.6 1512) 157 15.8 14.6 15.1 13.1 J 13.0 43.2 44.7 45.2 45.5 44.3 45.0 42.8 437 42.2 43.0
aeb_Arab 9.7 77 113 11.8 [ 68 112 [57 9.7 354 312 390 393 [ 285 392 [ 267 | 379 [ 255 376
afr_Latn 375 39.4 36.9 379 387 39.6 63.5 65.0 63.5 64.3 64.5 65.4 64.1 64.9 64.5 64.1
ajp_Arab 16.3 17.2 17.4 17.9 16.5 16.9 47.9 48.4 48.6 49.0 47.9 48.2 46.0 46.4 45.6 46.0
aka_Latn 9.4 9.6 9.4 9.4 9.6 9.7 33.6 338 34.2 33.9 33.8 33.9 324 332 314 329
als_Latn 313 31.0 320 32.0 29.8 309 56.9 56.8 57.6 579 56.1 57.1 543 55.0 532 537
amh_Ethi 12.0 13.5 126 134 122 [EE 9.8 d 4 349 387 361 37.9 368 | 399 350 374 345 364
apc_Arab 152 15.1 16.4 16.6 143 15.6 [ X 459 46.1 474 47.6 45.4 46.8 43.4 45.0 42.8 44.1
arb_Arab 26.0 26.1 274 28.0 24.7 272 538 54.7 54.8 552 535 54.6 50.5 52.6 50.2 51.3
arb_Latn 0.3 0.0 1.1 1.0 0.0 1.0 39 13 9.0 8.3 1.8 SHf 25 47 24 4.5
ars_Arab 21.1 222 233 - 21.6 224 49.5 50.4 516 51.8 50.1 51.0 47.7 48.8 46.6 47.9
ary_Arab 9.0 87 99 103 7.7 9.6 354 344 368 370 323 367 356 353
arz_Arab 14.7 144 147 128 43.9 435 438 435 419 430 - 419 - 408
asm_Beng 7.7 79 78 , 79 ¥ d g § 357 36.5 36.1 36.8 36.3 36.7 348 353 344 348
ast_Latn 220 IS8 244 A 48.6 450 517 533 450 538 462 535 455 529
awa_Deva 13.7 127 143 125 Y x a 40.4 384 42.0 41.7 389 41.4 38.6 403 373 394
ayr_Latn 35 3.4 37 3.1 35 29.1 295 290 289 292 293 2715 215 267 268
azb_Arab 1.3 12 1.3 11 12 1.4 232 233 238 23.0 23.1 243 21.1 234 203 233
azj_Latn 134 185 134 13.7 13.0 132 422 42.8 42.5 42.9 42.1 424 39.8 40.8 38.1 40.1
bak_Cyrl 17.1 183 162 170 17.1 17.2 457 476 448 459 465 462 443 4211 432 | 403 |
bam_Latn 6.4 6.2 6.2 6.7 6.0 6.7 299 30.2 29.8 30.2 30.1 30.3 289 293 279 29.1
ban_Latn 13.8 13.6 144 147 13.1 14.3 422 42.5 43.0 435 42.0 438 40.2 2.7 385 41.8
bel_Cyrl 129 13.1 12.7 12.8 124 12.1 40.1 404 39.9 39.9 39.9 393 382 B 317 36.6
bem_Latn 8.8 8.8 8.6 85 8.8 8.9 354 357 350 348 36.2 353 358 355 352 353
ben_Beng 16.9 17.8 17.1 17.6 16.9 17.1 472 484 476 479 476 415 457 448 448 436
bho_Deva 16.0 15.1 159 157 15.0 15.0 41.1 40.3 41.1 41.0 40.5 40.6 39.0 38.1 389 37.6
bjn_Arab 1.3 0.7 0.9 0.9 0.7 0.9 19.5 194 17.0 17.5 19.3 16.5 18.5 17.0 18.0 16.9
bjn_Latn 18.3 18.1 16.6 1773 17.1 474 474 46.1 47.0 46.4 417 43.7 45.6 43.1 44.7
bod_Tibt 0.9 0.8 0.6 0.8 0.7 0.5 271 274 26.8 26.5 274 26.0 25.7 255 25.7 25.1
bos_Latn 30.2 297 309 314 284 56.3 562 572 577 553 570 537 545 532 540
bug_Latn 6.2 6.1 6.3 6.6 6.1 6.2 327 329 33.1 33.1 328 33.0 315 324 30.6 31.8
bul_Cyrl 387 39.8 39.0 39.7 383 393 62.6 63.7 63.0 63.9 629 63.6 61.3 61.6 60.7 60.3
cat_Latn 415 41.6 422 421 403 412 63.4 637 643 644 63.1 64.0 619 622 613 615
ceb_Latn 30.0 30.5 29.7 30.0 29.8 294 56.7 574 56.7 57.0 56.8 56.9 56.0 554 552 53.6
ces_Latn 30.6 312 310 314 302 302 55.0 558 556 559 551 551 523 529 524 525
cjk_Latn 23 19 23 24 2.1 24 2.0 X 5 b 233 225 235 234 23.1 237 223 235 214 234
ckb_Arab 10.7 10.5 10.9 11.1 9.6 10.7 8.8 ) . 44.4 44.5 44.4 44.5 434 43.8 41.7 41.8 40.6 403
crh_Latn 135 142 142 140 133 134 112 d 2.8 437 435 437 430 433 405 414 398 404
cym_Latn 423 43.0 427 43.0 40.3 40.4 63.9 64.5 64.3 64.7 62.5 62.7
dan_Latn 419 439 429 | 442 421 | 444 64.6 662 656  66.5 653  66.7 636 648 632 643
deu_Latn 37.1 387 38.0 38.6 37.1 37.6 60.8 62.4 62.3 62.8 61.7 62.3 60.2 60.8 59.7 60.0
dik_Latn 32 3.1 3.8 3.6 3.0 34 & 22.0 224 232 23.0 222 22.7 21.6 22.1 20.5 21.9
dyu_Latn 1.0 1.7 il il i3 1.5 1.6 13 1.9 1.3 17 143 16.5 157 163 16.3 18.1 16.8 18.9 164 187
dzo_Tibt 0.5 03 0.5 0.5 0.3 0.6 . . 317 323 317 314 321 319 30.7 311 303 30.1
ell_Grek 26.3 264 27773 27773 753 26.9 b 50.4 50.7 513 Sil7 50.0 Sil3 48.9 49.4 48.1 485
epo_Latn 336 340 342 346 326 345 5 g 59.9 606 607 610 598 610 574 595 574 590
est_Latn 23.0 235 23.0 233 23.0 23.0 52.6 533 528 532 52.8 52.8 49.7 50.7 48.7 49.9
eus_Latn 142 15.8 160 169 153 46.3 490 484 503 489 | 515 472 492 47.1 486
ewe_Latn 113 113 11.1 11.1 109 11.1 I 371 376 374 375 371 373 355 35.8 337 354
fao_Latn 225 229 21.8 223 22.6 223 46.3 47.0 46.0 46.6 46.7 46.7 447 439 44.5 29
fij_Latn 18.6 19.3 182 18.7 18.9 18.7 o d X 452 46.2 454 457 458 457 44.0 44.0 428 43.0
fin_Latn 223 225 225 224 21.8 209 51.8 52,6 526 528 522 52.0 49.9 50.0 49.8 49.4
fon_Latn 2.6 2.4 24 2.5 23 2.5 d g 3 A 18.7 170 170  16.6 172 16.6 166  17.0 152 165
fra_Latn 48.8 49.5 49.5 50.6 48.0 49.8 67.9 68.7 68.9 69.7 67.8 69.2 66.4 68.0 66.2 66.8
fur_Latn 319 319 319 31.8 30.2 31.0 55.1 55%5] 55%] 554 53.9 55.1 51.0 538 | 504 532
fuv_Latn 3.4 3.0 35 33 28 33 5 . 226 219 227 225 215 227 209 222 199 222
gaz_Latn 4.5 4.5 4.6 49 4.4 5.0 ; 349 356 356 36.1 34.8 36.4 34.6 _ 339
gla_Latn 189 18.5 19.0 18.9 17.9 18.0 47.6 47.8 48.0 48.1 47.3 47.2 454 45.5 445 44.1
gle_Latn 282 28.1 28.6 28.7 262 272 52.8 53.1 53.2 53.4 S,y 523 48.5 49.2 _ 48.4
glg_Latn 34.6 34.6 35.8 359 33.6 35.0 584 58.8 59.8 60.0 58.3 59.7 57.0 58.4 56.6 58.0
grn_Latn 9.5 94 100 101 9.5 10.1 £ g . . 35.6 36.1 362 365 360 366 347 347 344 342
guj_Gujr 233 237 232 23.6 224 232 50.9 519 50.8 515 50.8 51.7 479 489 47.0 47.8
hat_Latn 233 228 234 23.6 219 235 a 50.8 50.7 Skl 512 49.8 50.8 482 49.4 477 48.6
hau_Latn 26.5 27.1 264 266 260 258 515 522 515 518 512 5Ll 488 495 483 480
heb_Hebr 29.2 28.9 285 283 555 558 55.1 55.0 545 539 511 519 _ 512
hin_Deva 33.1 339 331 333 324 321 56.0 566  56.1 56.3 556 554 528 533 520 520
hne_Deva 238 234 237 24.0 220 224 515 515 518 518 50.4 50.4 48.2 4717 475
hrv_Latn 28.5 28.7 29.2 29.8 27.6 28.3 543 549 554 56.0 542 553 524 53.6 52.1 52.8
hun_Latn 24.1 249 245 244 238 237 526 shS CEREN SEE 529 531 511 510 505 503
hye_Armn 174 18.5 17.0 17.3 17.7 174 15.4 15.4 48.6 50.5 48.2 49.0 49.6 49.7 47.6 475 47.0 46.9
ibo_Latn 16.0 166 159 168 158 17.6 15.6 16.6 40.6 415 408 414 409 422 404 411 405 404
ilo_Latn 24.0 245 243 244 24.0 242 227 23.0 516 523 524 525 520 524 51.2 513 50.6 50.8
ind_Latn 45.8 45.8 47.0 472 442 46.1 68.0 68.4 69.0 69.3 67.3 68.5 64.7 66.2 64.0 65.4
isl_Latn 222 23.1 227 233 218 227 47.1 48.1 477 482 472 418 452 458 444 449
ita_Latn 30.1 30.0 314 317 29.0 305 . 56.2 56.4 573 57.6 55.9 57.0 54.4 559 54.0 552
jav_Latn 272 282 217 28.0 274 272 535 545 54.1 544 53.8 53.8 51.4 51.8 50.8 12,
jpn_Jpan 03 03 0.2 0.2 0.2 0.4 . b . k 23.6 248 23.7 239 24.0 24.1 23.0 235 233 227
kab_Latn 7.6 73 7.1 7.0 72 7.0 6.5 6.4 5.7 6.3 31.0 Bk 30.7 30.6 309 30.6 29.6 29.4 285 29.1
kac_Latn 11.0 1.6 113 11.6 110 118 94 103 8.8 9.6 36.0 37.1 368 373 367 377 354 354 348 344
kam_Latn 2.4 2.8 25 25 28 22 29 2.1 2.7 2.1 21.8 225 223 226 226 233 22.6 24.1 222 24.1
kan_Knda 19.3 201 196 201 181 191 [UI48TIS8 A s 513 524 518 523 513 519 477 492 474 482
kas_Arab 58 54 6.1 6.0 5.6 57 51 51 49 4.6 325 317 325 323 316 322 303 30.1 299 297
kas_Deva 1.8 1.8 1.7 1.8 1.8 2.0 1%/ 1%7) 1.6 1.8 17.6 17.3 17.9 17.9 16.9 18.5 16.6 17.8 16.2 17.2
kat_Geor 127 140 132 138 129 14.0 11.6 122 11.5 11.9 439 475 455 469 460 483 446 463 444 459
kaz_Cyrl 18.1 197 179 187 188 180 [UMS5 160 182 154 | 47.9 498 478 491 496 488 453 469 37 457
kbp_Latn 6.9 6.6 6.9 6.9 6.5 55 6.0 5.1 53 4.6 273 28.1 275 279 28.8 26.5 28.0 26.5 26.6 26.0
kea_Latn 19.7 209 190 197 206  20.6 20.5 19.8 20.0 19.5 454 477 457 470 478 484 48.1 480 483 473
khk_Cyrl 116 20 113 113 112 109 [0 75 86 65 80" 39.7 409 393 399 40.1 40.0 350 369 | 324 358
Kkhm_Khmr 2.8 22 2.6 32 1.9 33 1.9 29 1.6 2.5 319 341 328 338 328 [1351 323 342 321 340
kik_Latn 10.9 111 10.7 11.0 11.0 112 10.2 10.6 9.9 10.2 355 36.1 358 36.0 36.2 36.2 354 355 353 354
kin_Latn 17.8 181 182 186 169 197 490 178 [ 151 165 46.7 413 411 414 464 485 451 471 449 462
kir_Cyrl 1.8 1367 121 13.0 126 130 10.7 11.2 100 103 415 446 416 433 439 443 416 424 408 411
kmb_Latn 23 2.6 23 23 2.6 22 2.4 2.0 2.3 1.8 23.0 249 237 238 252 244 252 249 249 25.0
kmr_Latn 104 10.3 10.9 10.6 9.6 10.1 83 96 [ 74 89 37.0 37.0 37.6 37.6 36.1 371 34.0 359 324 34.7
knc_Arab 0.2 0.2 0.3 0.4 0.2 0.4 0.2 0.3 03 0.4 10.5 10.8 9.8 9.8 10.6 9.9 10.5 9.9 10.6 9.9
knc_Latn 32 32 37 3.6 35 3.4 31 3.0 29 2.6 245 24.8 255 253 253 25.1 23.8 243 229 238

Table 10: Full results across different marker insertion configurations on the FLORES-200 dataset (Languages
0-99).
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BLEU chrF++

Language No Markers Single Simple Complex No Markers Single Simple Complex
Baseline  EProj. LP NF  EProj. LP  EProj. LP  EProj. LP  Baseline  EProj. LP NF  EProj. LP  EProj. LP  EProj. LP
kor_Hang 11.6 127 104 10.8 10.6 12.1 9.5 ) 93 9.4 331 34.0 327 33.1 323 326 29.7 299 29.5 29.0
lao_Laoo 7.8 8.0 7.1 77 6.2 83 bYz 429 44.7 433 44.6 438 45.1 43.1 44.3 42.7 43.7
lij_Latn 204 20.7 21.2 213 20.0 20.2 46.4 47.1 47.4 48.0 46.3 47.7 44.6 46.2 443 45.7
lim_Latn 13.8 134 125 123 133 120 433 431 426 426 432 425 419 414 416 408
lin_Latn 16.7 17.0 16.6 172 16.6 18.7 145 17.6 46.7 474 46.9 47.5 473 48.4 46.6 473 452 46.8
lit_Latn 23.0 232 228 232 22.1 224 51.0 519 513 52.0 Sl IS 483 48.7 47.4 47.1
lmo_Latn 7.0 638 7.0 7.0 64 6.8 b b . 5.9 322 32.1 325 326 317 322 310 312 30.1 30.3
ltg_Latn 19.0 183 17.7 18.1 17.6 17.8 46.3 46.2 45.9 46.3 45.6 46.4 429 43.7 42.6 42.8
1tz_Latn 250 242 249 254 23.0 24.5 534 535 538 543 527 53.7 50.2 51.5 49.4 50.4
lua_Latn 5.8 59 5.8 57 6.0 56 I 5.0 5.0 339 344 34.1 343 345 343 33.6 341 324 34.0
lug_Latn 8.6 8.1 85 8.7 8.0 8.9 7.7 8.3 7.7 79 374 374 374 378 373 384 36.7 37.8 36.7 374
luo_Latn 10.6 10.8 106 113 10.6 123 102 114 102 113 374 38.1 378 385 382 394 377 385 375 379
lus_Latn 10.5 11.4 10.5 K “ g 9.7 9.1 358 36.8 359 36.2 36.5 36.1 349 349 342 347
lvs_Latn 219 21.9 217 49.0 49.3 49.0 49.6 48.6 49.3 45.5 45.9 44.6 449
mag_Deva 282 264 282 54.9 534 552 549 528 538 503 505
mai_Deva 13.0 129 13.6 b 4 & 11.6 13.7 11.8 13.1 432 43.5 43.7 44.1 42.7 45.0 413 43.8 40.3 42.7
mal_Mlym 124 149 131 b . i 11.8 12.0 1.7 113 46.9 507 480 499 499 495 470 417 467 464
mar_Deva 156 165 157 . 3 158 [NI2EN 137 134 127 | 45.0 472 455 465 462 462 433 434 433 419
min_Arab 0.0 0.0 0.1 . 0.1 0.0 0.1 0.0 . 0.3 0.1 0.8 0.7 0.1 0.7 0.2 0.9 0.2 0.9
min_Latn 20.6 209 199 . X 19.6 183 49.2 497 490 494 493 49.1 473 476 470 472
mkd_Cyrl 325 327 332 E d 328 585 59.1 593 59.9 58.3 59.5 56.5 573 56.1 56.6
mlt_Latn 289 [Ns42n 292 K . 27.8 A X 62.0 643 624  63.6 625 642 605 624 597 611
mni_Beng 6.9 6.4 7.1 . .. 6.5 52 58 b Y 37.0 36.9 37.0 37.0 36.5 36.5 34.1 349 342 343
mos_Latn 35 3.4 3.6 X b i b 35 i . 228 23.1 234 23.6 233 237 229 235 22.1 232
mri_Latn 204 185 206 44.7 435 450 441 43.1 44.6 417 436 408 429
mya_Mymr 24 29 28 297 336 318 [ 352 316 | 396 320 | 383 322
nld_Latn 26.4 26.7 275 538 545 Bat) S5 543 55.1 532 542 53.0 53.6
nno_Latn 254 26.7 255 512 53.0 52.0 52.6 52.6 5725 50.8 514 SL1 50.6
nob_Latn 321 324 326 57.8 582 58.8 59.1 57.8 58.7 56.8 575 56.1 56.7
npi_Deva 149 179 161 445 493 456 484 465 [508 461 483 48 419
nso_Latn 224 233 224 49.5 503 49.9 50.2 50.1 50.5 49.6 49.8 492 49.3
nus_Latn 53 4.9 &89 277 27.6 28.0 278 28.1 27.7 274 26.6 26.7 258
nya_Latn 13.4 14.7 13.1 44.1 45.6 442 44.6 45.0 45.0 44.1 44.8 43.7 443
oci_Latn 34.6 355 350 59.0 60.2 59.5 60.1 59.8 59.8 58.8 59.0 582 58.1
ory_Orya 13.1 143 14.4 439 459 453 463 463 467 445 443 437 433
pag_Latn 15.6 17.5 157 45.0 46.6 45.5 46.3 45.7 46.4 442 45.0 42.6 43.8
pan_Guru 238 234 242 48.5 48.6 48.7 49.3 47.7 48.8 454 46.6 447 453
pap_Latn 310 | 285 307 552 539 552 550 55.1 55.7 539 542 530 534
pbt_Arab 13.1 12.9 133 373 377 376 377 37742) 374 35.8 36.0 35.0 357
pes_Arab 22.0 228 224 48.4 49.8 494 498 489 494 46.1 472 460 459
plt_Latn 16.9 17.8 16.7 48.8 50.1 49.1 49.7 49.7 50.5 48.6 49.2 48.1 48.4
pol_Latn 20.6 20.5 20.6 47.2 474 47.5 47.9 47.0 47.6 452 459 44.8 455
por_Latn 483 497 502 68.3 694 698 703 688  69.2 670  67.8 668  67.5
prs_Arab 263 255 26.7 51.6 51.8 51.8 517 50.7 51.2 47.8 48.5 47.1 47.8
quy_Latn 2.0 1.9 23 243 252 25.0 25.0 257 253 24.8 243 242 24.6
ron_Latn 353 2775 Bl 59.2 60.8 60.6 615 59.8 62.1 517 60.1 57.6 59.4
run_Latn 11.8 11.8 11.7 40.5 40.6 40.7 40.9 40.8 40.9 399 40.0 39.4 39.3
rus_Cyrl 30.5 312 297 54.6 554 542 544 544 539 B2 RN Sl
sag_Latn 8.2 8.1 8.0 353 355 355 359 357 356 356 354 353 354
san_Deva 1.4 1S 14 242 24.8 250 254 252 252 223 243 202 237
sat_Olck 0.0 0.0 0.1 0.2 0.1 0.6 0.6 0.1 0.6 0.1 0.7 0.1 0.7
scn_Latn 1.0 [ess 107 389 [33300 385 392 [NINB250 407 [NNBISN 397 [SIEN 3.1
shn_Mymr 52 4.6 47 332 330 330 330 330 332 324 330 320 329
sin_Sinh 12.8 152 13.7 40.7 45.1 41.8 443 43.1 449 41.1 425 40.4 41.4
slk_Latn 321 325 327 56.3 57.0 571 57:2) 55.8 56.2 533 54.1 53.0 53.0
slv_Latn 279 284 282 53.0 538 536 540 528 537 500 515 49.8 507
smo_Latn 254 212 253 . .. X 25.6 259 245 24.8 49.1 50.6 49.4 50.1 50.0 50.2 49.5 49.2 48.5 48.5
sna_Latn 1.3 120 115 12.1 11.7 124 10.7 11.8 10.5 11.4 422 430 427 430 426 430 418 421 414 419
snd_Arab 225 213 226 226 _ 215 47.6 47.7 477 478 46.7 46.7 43.6 442 43.1

som_Latn 12.1 125 12.1 12.3 12.0 12.2 10.9 11.4 109 11.0 41.6 43.1 422 427 424 425 41.0 40.9 40.8 409

sot_Latn 18.4 19.1 18.1 18.7 18.8 18.7 455 46.6 45.5 46.0 46.1 459 45.6 454 450 451
spa_Latn 28.1 28.0 288 29.0 273 28.6 53.8 54.0 54.6 54.7 53.5 54.5 521 53.5 520 53.2
srd_Latn 28.4 28.1 28.1 27.6 27.4 26.4 54.1 54.1 54.3 54.0 53.7 534 529 522 52.6 i}
srp_Cyrl 317 323 31.7 320 30.7 310 56.6 57.2 57.0 B 56.2 56.9 54.1 54.3 5L 534
ssw_Latn 9.4 9.5 9.4 10.0 9.5 9.6 415 422 41.5 419 422 421 419 41.3 41.0 409
sun_Latn 16.4 17.7 17.2 174 16.6 17.3 452 46.7 46.3 46.6 458 46.7 439 45.7 430 448
swe_Latn 421 43.6 425 432 42.5 437 397 403 64.5 65.8 65.3 65.7 65.1 66.1 63.6 64.2 63.1 63.5
swh_Latn 32.0 344 33.0 33.0 334 33.6 58.5 60.2 59.2 59.4 59.6 59.5 57.6 582 56.9 b2
szl_Latn 21.6 21.3 20.0 20.5 20.5 193 48.1 48.1 473 48.0 47.6 473 45.7 44.6 456 447
tam_Taml 16.1 179 16.6 17.1 16.4 17.0 50.2 53.0 51.1 52.1 511 524 489 50.0 48.1 489
tagq_Latn 32 3.1 3.1 3.1 33 29 21.6 21.5 21.7 21.6 21.7 21.1 21.0 21.5 20.6 21.2
taq_Tfng 0.9 0.9 0.8 0.8 0.9 0.8 182 18.7 17.7 17.6 18.6 17.3 18.6 17.1 18.3 16.9
tat_Cyrl 17.2 19.1 174 182 17.8 18.9 464 489 46.4 47.6 419 48.7 45.7 46.1 448 454
tel_Telu 20.6 221 214 224 21.3 21.6 519 54.2 53.0 54.2 533 537 50.3 519 50.5 50.8
tgk_Cyrl 20.7 221 209 214 20.4 20.8 48.0 49.5 482 488 483 48.5 452 46.2 444 452
tgl_Latn 34.8 34.6 349 352 335 34.5 59.5 59.6 59.8 59.9 58.8 59.5 56.9 515 56.1 56.4
tha_Thai 52 6.7 4.0 38 45 6.2 4.2 3 379 39.8 385 39.0 39.1 40.0 37.8 39.1 373 38.6
tir_Ethi 4.9 4.9 4.8 5.0 4.6 4.9 39 4.2 239 24.5 24.1 24.6 239 24.7 225 23.1 21.5 22.8
tpi_Latn 17.9 19.1 17.5 18.6 19.0 20.0 18.1 19.6 17.7 19.0 41.3 428 41.3 4.5 429 439 42.1 43.7 41.7 43.0
tsn_Latn 21.7 221 21.8 223 212 229 20.9 21.9 477 479 478 48.0 478 478 473 46.9 46.2 458
tso_Latn 22.1 220 21.3 21.6 21.8 RIS} 20.6 20.2 49.1 49.6 489 49.0 49.6 49.0 48.7 41.7 484 470
tuk_Latn 1Ll 113 10.7 11.2 10.9 10.5 389 39.8 38.9 3oL 39.0 38.7 355 358 351 35.0
tum_Latn 9.4 10.0 9.5 9.8 10.5 9.9 10.0 9.9 9.6 9.1 34.0 355 34.1 34.6 36.1 35.2 353 355 34.8 34.7

tur_Latn 267 277 219 284 260 271 [N2ZONNZENN209NNZISN 559 568 572 517 559 568 520 537 5100 524
twi_Latn 17 17 115 116 14 119 103 114 103 113 37.1 373 372 315 372 372 363 364 356 359

tzn_Tfng 6.9 68 66 65 6.7 58 56 52 54 202 206 290 292 293 287 279 280 2.1 277
uig_Arab 9.4 15 100 106 9.5 8.5 8.6 382 27 398 414 398 414 359 381 360 368
ukr_Cyrl 288 289 270 270 217 53.9 545 525 527 536 522 508 494 50.4

unb_Latn 16 18 16 17 18 24 240 229 238 240 247 242 257 246 255
urd_Arab 23 218 223 229 211 472 479 474 481 469 474 435 452 435 445
uzn_Latn 17.3 185 173 175 17.6 50.0 518 500 505 510 501 468 480 457 466
vec_Latn 16.8 163 162 163 159 47.1 474 468 471 467 471 456 457 454 450
vie_Latn 41.0 410 413 413 39.8 58.6 588 5901 59.1 579 581 552 555 548 544
war_Latn 303 304 298 300 29.9 56.2 566 561 562 563 560 558 549 551 541
wol_Latn 5.9 57 57 57 55 . . : 27.0 270 269 267 266 272 260 263 244 260
xho_Latn 13.4 156 131 139 142 148 130 133 18 1238 46.6 488 467 476 479 487 468 474 465 47.0
ydd_Hebr 78 87 75 83 8.5 349 355 349 358 354 378 353 384 351 381
yor_Latn 53 48 54 58 50 24.8 240 251 255 245 274 246 276 240 272
yue_Hant 14 LI 1415 12 149 161 182 187 159 | 199 156 | 197 156 187
zho_Hans L1 08 LI 14 10 19.6 29 227 234 227 236 200 232 211 226
zho_Hant 0.7 3 18 17 13 10 165 160 180 163 195 161 197 163

zsm_Latn 409 408 410 414 395 65.9 659 662 665 650 659 622 635 615 627
zul_Latn 18.1 184 183 184 18.0 521 525 522 523 521 519 50 504 506 50.0

Table 11: Contd. results across different marker insertion configurations on the FLORES-200 dataset (languages
100-203).
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