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Abstract

Neural machine translation (NMT) of low-
resource languages is often greatly improved
through parent-child transfer learning. When
high-resource parent and low-resource child
languages are closely related, the system ben-
efits from high vocabulary overlap and shared
representations. However, systematic surface-
level differences in orthography hide many of
the rich connections between related languages,
even when written in the same script, and pre-
vent knowledge transfer. We present Char-
LOTTE: a completely automatic and language-
agnostic pipeline that overcomes this hurdle
without the need of manually crafted rules or
external linguistic resources. CharLOTTE col-
lects a dataset of cognates by running word
alignment on parallel sentences and filtering
the resulting word pairs based on normalized
edit distance. The pipeline learns systematic
orthographic correspondences from the cog-
nates and applies them to more closely unify
the representation of a high-resource language
to that of a related low-resource language, thus
increasing vocabulary overlap and enhancing
knowledge transfer that improves downstream
NMT. We evaluate CharLOTTE on four low-
resource translation pairs, including one creole
language pair, and report significant improve-
ment in translation quality of up to 5.53 BLEU.

1 Introduction

In transfer-learning scenarios of neural machine
translation (NMT), Nguyen and Chiang (2017)
proposed that a single vocabulary represent par-
ent and child languages so that the child model
can leverage shared token embeddings that were
learned in the parent model. Vocabulary overlap
has also shown to help in certain other NLP tasks
(Limisiewicz et al., 2023; Patil et al., 2022), with
Patil et al. (2022) emphasizing that the overlap
matters in scenarios where languages are related,
especially when one is at low resource. This work

Spanish (es) Aragonese (an)

legidn lechidn

geoldgico cheolochico

soldaco soldato

prensaco prensato

graveda graveda
g>ch,

Era un corregidor o
magistraco de la ciuda<.

\4

Era un correchidor o
machistra‘o de la ciuda'.

He was a mayor or
magistrate of the city.

He was a mayor or
magistrate of the city.

Actual an sentence: (Yera un correchidor u machistrato
d'a ciudat.)

Figure 1: g~ch and d-t correspondence patterns are
highlighted in the cognate pairs. Below, the first row
shows an es — en sentence pair, and the second row
shows the reshaped es — en pair. For reference, the an
version of the source sentence is provided with exact
word matches with the reshaped es underlined.

increases vocabulary overlap by leveraging ortho-
graphic correspondences to reshape a high-resource
language to exhibit orthographic patterns of a re-
lated low-resource language, enhancing knowledge
transfer. We obviate the need for manually crafted
transliteration rules and external language-specific
resources, presenting instead a completely auto-
mated pipeline that requires only parallel data.

Key to our method is the automatic detection
and analysis of cognates: words from different lan-
guages that share an ancestral origin. Cognates
are similar in meaning, and usually bear resem-
blance in form with systematic differences. When
analyzing cognate pairs between two related lan-
guages, sound correspondences are found; that is,
sounds in certain environments in one language cor-
respond systematically to different sounds in the
other language. Many of these correspondences are
reflected in orthography. Figure 1 shows Spanish
(es) to Aragonese (an) cognates exhibiting corre-
spondences g-ch and d-t. These differences are
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not random, but occur in predictable environments.

We  present CharLOTTE  (Character-
Level Orthographic Transfer for Translation
Enhancement)', a language-agnostic pipeline that
applies learned orthographic correspondences
to data unification, reshaping a high resource
language to exhibit orthographic patterns of a
related low-resource language, thus enhancing
knowledge transfer in low-resource NMT. We
evaluate this method in four low-resource scenarios
that yield improved translation quality. While we
adopt a parent-child transfer learning strategy, our
data unification method is not limited to any one
knowledge transfer paradigm.

2 Related Work

2.1 Transfer Learning in Low-Resource NMT

Many works develop transfer learning methods
for low-resource NMT. Zoph et al. (2016) initial-
ize models with parent models trained on a high-
resource language pair and Maimaiti et al. (2019)
do similarly, but in a multi-round fashion with mul-
tiple high-resource parent languages. Roy et al.
(2024) initialize seq2seq encoders with pretrained
multilingual models while employing complemen-
tary knowledge distillation to correct training im-
balance, and Gu et al. (2018) enable multiple lan-
guages to share word and sentence-level represen-
tations. Shurtz et al. (2025) embed transliterations
to align related languages of different scripts in the
embedding space, and other works leverage pivot
languages (Cheng et al., 2017; Kim et al., 2019).

2.2 Data Unification

Unifying textual representations is key to enabling
cross-lingual transfer. Nguyen and Chiang (2017)
and Shurtz et al. (2025) transliterate languages of
different scripts to a common script. Maimaiti et al.
(2019) introduce a manually crafted unified translit-
eration that converts Arabic-script languages into
a common character representation. They map in-
dividual characters across script variants to reduce
superficial character-set differences, but do not cap-
ture the deeper, context-dependent orthographic
correspondences (e.g., g+ch in particular environ-
ments) that arise between related same-script lan-
guages. Shurtz et al. (2025) create a cognate-aware
transliteration and Currey et al. (2016) apply com-

'Code to train our models and replicate our work is
made available at https://github.com/byu-matrix-1lab/
CharLOTTET. 0.

mon correspondence patterns; but again, both use
manually crafted character transformation rules.
These prior efforts represent a progression from
cross-script unification (Nguyen and Chiang, 2017)
to manual phonetic character mapping within a
script family (Maimaiti et al., 2019), to manually
crafted cognate-aware transliteration (Shurtz et al.,
2025). Other works automate data unification, such
as Pourdamghani and Knight (2017, 2019) who use
weighted finite state transducers trained on mono-
lingual sentences to apply character mappings to
a high-resource language, converting it into a re-
lated low-resource language, and thus augmenting
low-resource parallel data for statistical machine
translation (SMT). CharLOTTE advances this line
of work by applying neural models to data unifica-
tion and evaluating its benefit in downstream neural
machine translation (NMT).

2.3 Cognate Detection

The field of computational historical linguistics has
developed many methods for automatic cognate
detection. Early methods include Kondrak (2001)
and Kondrak (2009), which approach the problem
with measures for semantic and phonetic similarity.
LexStat (List, 2012) and InfoMap (List et al., 2017)
operate on multilingual word lists. Other methods
include a shingling scheme (A, 2018); edit-distance
approaches enhanced with phonological features,
character embeddings, and cognate labels (McCoy
and Frank, 2018); bipartite networks (Rama and
List, 2019); and pointwise mutual information-
based strategies (Rama et al., 2017; Dellert, 2018).
Several studies also employ SVMs and other classi-
cal machine learning algorithms (Jager et al., 2017;
Ciobanu and Dinu, 2014; Labat and Lefever, 2019;
Dinu et al., 2023). More recently, neural-based
methods for cognate detection are used (Rama,
2016; Soisalon-Soininen and Granroth-Wilding,
2019; Lefever et al., 2020; Kanojia et al., 2019,
2020; Goswami et al., 2023; Akavarapu and Bhat-
tacharya, 2024; Kanojia et al., 2021).

We use an inexpensive method to extract lists
of cognate pairs from parallel sentences. It is also
designed to work on orthography rather than pho-
netic transcriptions. Methods like these appear in
Gronroos et al. (2018); Malmasi and Dras (2015);
Labat and Lefever (2019); Lefever et al. (2020);
Kanojia et al. (2019), which often identify word
alignments from parallel data and filter them down
to word pairs within some edit distance threshold
of each other, yielding a list of candidate cognate
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pairs that are similar in form and meaning.

2.4 Sound Correspondence Detection and
Cognate Prediction

There are many methods for automatic sound cor-
respondence detection (Kondrak, 2002, 2009; List,
2019; Fourrier and Sagot, 2020a; Blum and List,
2023), and the related task of cognate prediction
(Fourrier and Sagot, 2020a; Beinborn et al., 2013;
Fourrier et al., 2021; Fourrier and Sagot, 2022; Zun-
dui et al., 2025). These cognate prediction methods
frame the task as a machine translation problem,
which requires the application of sound correspon-
dence patterns learned from the cognate pairs.

2.5 Cognate-Informed Machine Translation

Leveraging cognates in machine translation is not
new. Mann and Yarowsky (2001) apply transduc-
tion models of cognate pairs to induce translation
lexicons. Al-Onaizan et al. (1999) use cognates
as a training constraint and as additional parallel
training data in SMT, and Kanojia et al. (2020) use
them as additional parallel training data in NMT.
We enable cognate-informed machine translation
by learning more granular orthographic correspon-
dences to unify high and low-resource languages.

3 The CharLOTTE Pipeline

We refer to two kinds of language pairs: (1) cog-
nate language pairs, which are a pair of related
languages from which cognates are extracted to
learn data unification patterns, and (2) translation
language pairs. Cognate language pairs will be no-
tated as L1/L2, as in es/an. Translation language
pairs will be notated as L1 — L2, as in an — en.
We use the term parent language to mean a high-
resource language for training a parent model, and
child language to mean a related low-resource lan-
guage for training a child model (i.e., the parent
is not necessarily an etymological ancestor). We
consider scenarios where we have a parent lan-
guage PL, a related child language C'L, and a
target language I'L, where the final objective is to
translate the low-resource pair CL — T'L lever-
aging knowledge transfer from the high-resource
pair PL — TL enhanced by applying PL/CL
orthographic correspondences. The data resources
required to use CharLOTTE include PL — TL,
CL — TL,and PL — CL parallel sentences.
This section describes the CharLOTTE pipeline,
(see Figure 2), which is summarized as follows:

1. Extract PL/CL cognates from PL — CL
parallel sentences.

2. Use cognates to train a PL/C L orthographic
correspondence (OC) model.

3. Apply the PL/CL OC model to the PL side
of the PL — TL parallel data, yielding
PL" — TL data.

4. Train a CL — TL NMT model, leveraging
knowledge transfer from PL' — TL.

3.1 Extracting Cognates from Parallel Data

First, CharLOTTE creates a dataset of unique cog-
nate word pairs between PL and C'L to train a
PL/CL OC model. While detecting true cognates
is complicated, the pipeline employs the following
heuristic that simply considers similarity in mean-
ing and form: given PL — C'L sentences,

1. Make word alignments from the parallel sen-
tences with Fast Align (Dyer et al., 2013)? us-
ing grow-diag-final-and symmetrization.
This controls for similarity in meaning.

2. Filter word pairs down to those with a normal-
ized Levenshtein distance (NLD) less than or
equal to some 6. This controls for similarity
in form. Pairs of identical words are kept.

3.2 OC Models

The resulting cognate dataset is used to train an
OC model that applies PL/C L orthographic corre-
spondences. This is framed as a character-level ma-
chine translation task with the PL words as source
sequences and the C'L words as targets, teaching
the model to apply context-dependent character
mappings. Because identical word pairs (NLD =
0.0) are kept in the training data, models also learn
when transformations are not needed.

To train OC models, we adopt CopperMT? (Four-
rier et al., 2021), a framework for training cognate
prediction models using NMT or SMT architec-
tures. While the authors trained models on se-
quences of phones, we train models on orthogra-
phy, which therefore learn orthographic correspon-
dences rather than true sound correspondences.

Once trained, the PL/C'L OC model is run on
each word of the PL side of the PL — T'L NMT
training, validation, and test sets. While the task is

2https://github.com/clab/fast_align.git
Shttps://github.com/clefourrier/CopperMT
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PL>TL
. sentences
1. Extract PL/CL cognates from PL->CL parallel sentences 2. Train PL/CL OC model

on learned cognate pairs

3. Apply OC model to PL,

PL-> CL Fast Align ; |z
sentences ' :

seq2seq
BiGRU

yielding PL'

P OC model

PL/CL machine-
learned cognate
pairs

PL/CL
parallelword
lists

S
PL'>TL + I enc-dec CL>TL
sentences sentences transformer NMT model

4.Train NMT modelonPL' > TL and CL> TL

Figure 2: The CharLOTTE pipeline: (1) Cognate pairs are mined by running PL — C'L sentences through Fast
Align and filtering the resulting word pairs to those with a normalized Levenshtein distance (NLD) < 6. (2) These
cognates are used to train an OC model. (3) The OC model then transforms each PL word in the PL — T'L
sentences. This results in PL’ — T'L sentences for (4) enhanced knowledge transfer to the CL — T'L NMT task.

called cognate prediction, a better way to frame this
is the rewriting of P L with orthographic patterns
of C'L. Not all PL words actually have cognates in
C' L, but the model is still applied. This yields a new
language PL’, and sets of PL' — T'L sentences.

3.3 NMT With OC-Based Data Unification

CharLOTTE then trains a transformer NMT model
with parent-child transfer learning, pretraining a
parent model on PL’ — TL and fine-tuning its
checkpoint on C'L — T'L to create the child model.
The encoder and decoder are initialized with the
same vocabulary built from C'L, PL’, and T'L.

We also consider the reverse translation scenar-
ios from a source language SL into C'L. These use
the same sets of parallel sentences described, but
flip the translation direction, making T'L the SL.
We pretrain NMT models on SL — PL’ and fine-
tune on SL — C'L. While the translation direction
is flipped, the cognate direction is the same, so the
same PL’ sentences are reused.

4 Experiments

We notate experimental scenarios as PL/CL —
TL, as in es/an — en, where the objective is
to translate CL — TL (an — en) with transfer
learning from PL' — T'L (es’ — en) where PL’
(es’) is PL (es) reshaped by PL/CL (es/an) OC
mappings. We notate reverse scenarios as SL —
PL/CL, as in en — es/an where the objective
is to translate SL — C'L (en — an) with transfer
learning from SL — PL’ (en — es’).

We perform experiments with four scenarios and
their respective reverse scenarios: es/an — en,
fr/mfe — en, fr/oc — en, and uz/kaa —
en, where es = Spanish, an = Aragonese, en =
English, fr = French, mfe = Mauritian Creole,
oc = Occitan, uz = Uzbek, and kaa = Karakalpak.

Table 1 summarizes the parallel data and Appendix
A describes data sources and preparation.

Each PL/CL is chosen for shared ancestry and
linguistic features. es, an, fr and oc are Romance
languages (Hammarstrom et al., 2026), a family
with SVO word order (Dryer, 2013) and a charac-
teristic fusional morphology. As a creole, mfe’s
primary lexifier is fr (Baker and Kriegel, 2013),
and while having simpler morphology than fr, it
has the same SVO word order (Baker and Kriegel,
2013). uz and kaa are Turkic languages (Ham-
marstrom et al., 2026) with SOV word order (Dryer,
2013) and similar agglutinative morphology.

4.1 Training OC Models

Lists of cognate pairs are created with the method
in Section 3.1. Following Labat and Lefever (2019)
and Lefever et al. (2020), we set # = 0.5. The lists
are divided into OC training and validation sets
on a 90/10% split, with a max validation size of
1,100. Cognate pairs with duplicate source words
are removed from the validation set. Then, training
pairs containing either source or target words that
exist in the validation split are removed. Table 12
shows the final OC dataset sizes.

The authors of CopperMT (Fourrier et al., 2021)
report that RNNs (seq2seq BiGRU) perform better
on bilingual cognate prediction than transformers,
with SMT sometimes best in low-resource scenar-
ios. Using the CopperMT framework, we train OC
models with a seq2seq Bi-GRU architecture imple-
mented with fairseq (Ott et al., 2019). Table 15
reports fixed hyperparameters, and Table 14 reports
hyperparameters tuned in a grid search, with the
best model configurations reported in Table 13. We
compared performance to the CopperMT SMT sys-
tem, implemented with Moses (Koehn et al., 2007)
and GIZA++ (Och and Ney, 2003). We found that
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nPL—-TL nCL—-TL
PL/CL—TL nPL/CL Train Val. Test Train Val. Test
es/an — en 28,594 | 9,999,993 997 1,012 20,089 997 1,012
fr/mfe — en 13,319 | 9,999,989 997 1,012 19,140 472 811
fr/oc — en 8,767,173 | 9,999,989 997 1,012 | 1,536,211 997 1,012
uz/kaa — en 85,845 1 9,999,997 997 1,012 50,895 2,000 1,012

Table 1: nPL/CL is the # of PL/C L parallel sentences for cognate mining. RPL—TL and nCL—TL are the # of
parent and child parallel sentences for NMT training, validation and testing.

PL/CL nGT PL words PL’ words PL/CL—TL S-NLD %WA W-NLD
es/an 406 77.47 83.44 es/an — en 0.05 20.22 0.21
fr/mfe 315 31.93 77.01 fr/mfe — en 029  76.51 0.41
fr/oc 365 55.57 60.88 fr/oc— en 0.08  31.89 0.28

uz/kaa — en 0.25 73.33 0.35

Table 2: charBLEU of the original PL words versus the
PL’ words (OC output) scored against the C'L cognates
from the ground truth test set, which has a size of nGT.

BiGRU was superior to SMT for all scenarios based
on validation BLEU (Papineni et al., 2002; Post,
2018) calculated over characters (charBLEU)*.
While OC model performance is ultimately
tested in downstream NMT, where possible, we
conducted an intermediary stage performance test
by collecting ground truth sets of cognate pairs (see
Appendix A.4 for details), running the OC mod-
els on the PL words, and calculating charBLEU
against the C'L cognates. As a baseline, we calcu-
late charBLEU of the original PL words. Table
2 reports results for es/an, fr/mfe, and fr/oc
models, where it is observed that the OC model
greatly succeeds in making PL words more like
CL words, especially when going from fr to m fe.

4.2 Applying OC Models

The OC model is then applied to the PL — T'L
sentences. Table 16 shows examples of PL words
and the generated PL’ versions. We measure the
change from PL to PL' with a series of metrics
applied to the NMT PL — T'L training set.

Table 3 reports the raw difference with three met-
rics: S-NLD is the average character-level NLD
between each PL’ sentence and the correspond-
ing PL sentence. %W A is the percentage of PL’
words that are different from their corresponding
PL words. For PL' words that are different, W-
NLD is the average NLD between them and their
corresponding P L words.

4Used the SacreBLEU "char" tokenizer.

Table 3: Differences between the created PL’ and the
original PL sentences from the PL — T'L NMT train-
ing set as a result of applying the PL/C'L OC model.

$_generalizadamentet$
$cheneralizadament_$
n-gram mappings: g+h,_g-ch,_ge-che, ...

Figure 3: Levenshtein alignment between a PL word
(top) and the PL’ word. $ = word boundary; _ = gap.

In addition, we capture the meaningful character
mappings between PL and PL/, reflecting the OC
model’s learned orthographic correspondences. We
start with the Levenshtein alignment between each
unique PL word and its corresponding PL’ word,
as in Figure 3. For each character-level n-gram
for 1 < n < 5, we count the number of instances
it is mapped into each target n-gram. Applying
this to each PL, PL’ word pair creates a frequency
distribution of the mappings for each PL n-gram.

We use Shannon entropy to measure the uncer-
tainty of how each PL n-gram transforms, mean-
ing a PL n-gram with low entropy has a consistent
mapping in PL’. The Shannon entropy H for a
character n-gram is defined as:

N
H(X) ==Y P(x;)logy P(;)

=1

ey

where P(z;) is the probability of the n-gram being
mapped into the i-th possible mapping.
Measuring entropy at different values of n shows
what contexts give consistent mappings. Table 4
shows mapping distributions and entropy of three
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PL n-gram Frequency Distribution H
g g:556, h:176, 1:4 0.84
_g ch:151, 11:2 0.1
_ge che:74 0.0

Table 4: Illustrative example of frequency distributions
of PL n-gram mappings to PL’, and the entropy (H).

PL n-grams, each a sub-string of the subsequent n-
gram. As more context is considered, we discover
lower-entropy mappings. Notably, _ge-che has a
more consistent context than _g-+ch. Additionally,
the highest entropy n-gram g most often maps to
itself, which is not a transformation.

Ergo, we developed a process to tease apart the
n-gram mappings that meaningfully reflect regu-
lar transformations from those that do not, which
works as follows: We remove the gap charac-
ters _ resulting from the Levenshtein alignment
and merge the mapping frequency distributions ac-
cordingly (e.g., merge _g and g mappings). Then,
we filter out mappings where the PL n-gram most
often maps to itself, occurs infrequently, has an en-
tropy over a mathematically determined threshold,
or whose mapping is a complete composition of
other low-entropy mappings (see Appendix B for
details). Random samples of meaningful n-gram
mappings are given in Tables 21, 22, 23, 24.

Total counts of the meaningful n-gram mapping
types that result, as well how frequently they occur
in the unique list of PL, PL’ word pairs, and how
frequently they are applied to the entire PL — T'L
NMT training set, are given in Table 5. We also
present their density, measured by normalizing the
respective raw frequencies over the total number of
characters in the PL sides of the word list (word
density) and PL — T'L sentences (applied den-
sity). We expect that high densities of meaningful
mappings applied to the PL — T'L data will cor-
respond with improved C' L — T'L translation, and
low densities with little to no improvement.

4.3 NMT Models

Following Nguyen and Chiang (2017), for
each scenario, a single tokenizer is trained on
the union of the parent language, child lan-
guage, and target language, i.e., PL', CL, and
TL. We use SentencePiece (Kudo and Richard-
son, 2018)° BPE as our tokenization algorithm.

Shttps://github.com/google/sentencepiece

With these vocabularies, we train NMT mod-
els with the BartForConditionalGeneration
(Lewis et al., 2020)° transformer architecture
with modified configurations based on settings of
transformer-base (Vaswani et al., 2017).

For each scenario, a parent NMT model is
trained with the PL’ — T'L training and valida-
tion sets. Once converged, its best checkpoint is
saved and training is resumed on the CL — T'L
training and validation sets. The final child model
is evaluated on the CL — T'L test set.

For evaluation, we create a transfer-learning
baseline and a simple baseline. The transfer-
learning baseline uses parent-child transfer learning
like the proposed method, but with PL instead of
PL'. Likewise, its tokenizer is trained on PL, CL,
and T'L (not PL’). The simple baseline is trained
without transfer learning on only the CL — T'L
training and validation data, though it uses the same
tokenizer as the transfer-learning baseline.

Tokenizers, architectural configurations, and
training hyperparameters for proposed and base-
line NMT models are detailed in Appendix C.

4.4 Evaluation

4.4.1 Vocabulary Overlap

We hypothesize that CharLOTTE’s improvements
stem in part from greater vocabulary overlap be-
tween PL’' and C'L than between PL and CL,
which occurs because PL’ exhibits more of the
orthographic patterns of CL. We examine this hy-
pothesis with two complementary metrics, though
acknowledging there are likely other contributing
factors as well. We measure vocabulary overlap
with Jensen-Shannon divergence (JSD) (Lin, 1991),
following Limisiewicz et al. (2023), and with Jac-
card similarity (formal definitions in Appendix D).

Low JSD scores indicate similar token frequency
distributions whereas high Jaccard similarity scores
indicate high overlap of unique token types. We
take the token sets and token distributions of the
PL, PL', and C'L sentences from the PL — T'L,
PL' — TL, and CL — TL NMT training sets,
and report the Jaccard similarity and JSD between
PL and CL, and between PL’ and C'L in Table 6.
CharLOTTE decreases JSD for three out of four
scenarios, only slightly increasing JSD between
fr and oc. However, Jaccard similarity always

6ht’cps: //huggingface.co/docs/
transformers/en/model_doc/bart#transformers.
BartForConditionalGeneration — We clarify that we are
using only the architecture and not the pretrained weights.
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PL/CL — TL | Type Word Applied

esfan —en | 05K 1.8K | 9.5K/0.001 0.2M/0.023 | 1.1M/0.001 27M/0.027
fr/mfe —en | 7.5K 20.7K | 173.6K/0.019 1.7M/0.177 | 13.8M/0.012 221M/0.198
fr/oc—en | 09K 28K | 18.1K/0.002 0.2M/0.021 | 1.IM/0.001 20M/0.018
uz/kaa — en | 47K 145K | 128.7K/0.008 1.3M/0.082 | 2.5M/0.004 52M/0.082

Table 5: Counts of meaningful n-gram mappings with 0 entropy (left) and of a/l meaningful n-gram mappings
(right) as a result of applying the PL/C'L OC model. Type is the # of unique mappings. Word is the # of times
these mappings occur in the unique list of PL, PL’ word pairs, presented as count / density. Applied is the # of

times these mappings are applied to the entire PL — T'L NMT training set, presented as count / density.

Data JSD | Jaccard 1 ent and child languages and increasing vocabulary
overlap. This is especially true with knowledge
;. 0.209 (- 0.033) 0.678 (+ 0.07) ransfer from fr to mfe and uz to kaa. Table

es —an . : . : shows that these two OC models make the great-
fr—mfe 0.465 0.218 est changes to the parent languages, changing well
fr' —mfe 0.341(-0.124) 0.418 (+0.2) over 70% of words for each (%W A). The degree to
Fr—oc 0.243 0.706 which the fr/mfe and uz/kaa. OC models change
' — oc 0261 (+0.018)  0.725 (+ 0.019) those words is also greatest, with W-NLD of 0.41
i i i and 0.35 (versus 0.21 and 0.28). Furthermore, Ta-

uz —kaa  0.397 0.467 ble 5 shows that the applied density of meaning-
uz' —kaa  0.199 (-0.198)  0.719 (+ 0.252)  ful n-gram mappings applied by the fr/m fe and

Table 6: Jensen-Shannon divergence and Jaccard simi-
larity to measure vocabulary overlap between PL and
CL compared to PL’ and C'L (deltas in parentheses).

increases, suggesting that CharLOTTE primarily
increases overlap of the token sets rather than fully
aligning token frequency distributions.

4.4.2 Translation Quality

We measure translation quality with BLEU and
chrF (Popovi¢, 2015), calculated with SacreBLEU
(Post, 2018)” with paired approximate randomiza-
tion (Riezler and Maxwell, 2005) for statistical sig-
nificance. Table 7 has scores for translating to and
from en. Table 8 reports BLEURT-20 (Sellam et al.,
2020; Pu et al., 2021) for — en directions. Char-
LOTTE is the strongest system for all pairs, with
the greatest benefit for m fe <> en and uz < en
translation, consistently shown with large increases
in BLEU, chrF, and BLEURT-20. The simple base-
line is always weakest by great margins.
Parent-child transfer learning is of great benefit,
but is enhanced with CharLOTTE. We believe this
is because many of the rich relationships between
related languages occur at finer-grained levels than
sub-word tokens, which obscure these connections.
CharLOTTE bypasses this problem, unifying par-

"https://github.com/mjpost/sacrebleu

uz/kaa models (0.198 and 0.082) is much greater
than that applied by the es/an and fr/oc models
(0.027 and 0.018). Consequently, the greatest in-
creases in vocabulary overlap occur between fr
and m fe, and uz and kaa. The parent languages
have to be radically reshaped to optimize the num-
ber of shared tokens with the child languages. This
makes sense when considering, for instance, that
m fe, despite being a French-based creole, follows
very different spelling conventions. The benefit of
the large fr/mfe and uz/kaa transformations is
noted in the greatest payoffs in translation.

Additionally, while CharLOTTE yields the great-
est gains for the three lowest resource pairs m fe <
en, uz <> en, and an < en, it also improves trans-
lation for oc — en, a pair with 1.5M sentences.
This improvement occurs despite an increase in
JSD between fr and oc after applying CharLOTTE,
suggesting that unique token overlap (reflected in
higher Jaccard similarity) and the resulting embed-
ding sharing may matter more than alignment of
token frequency distributions for transfer learning
in this setting, though the inconsistency across met-
rics indicates that vocabulary overlap alone may
not fully account for CharLOTTE’s gains. Other
potential factors, such as improved sub-word seg-
mentation and the corresponding shared embed-
dings, merit investigation in future work.

That said, there is still a correlation between the
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PL/CL—TL nP/C nC—>T Simple Transfer CharLOTTE A
es/an — en 48K 20K 1.43/20.05 18.15/47.84 *#*120.55/%*150.72  +2.4/2.88
fr/mfe —en 6.1K 19K  4.31/24.81 15.11/36.43 **18.38/%%42.01 +3.27/5.58
fr/oc — en 1.2M 1.5SM  11.76/36.08 26.68/53.37 *28.22/**%55.13 + 1.54/1.76
uz/kaa — en 108K SIK  1.99/24.49 15.79/44.36 *421.32/%%49.27 +5.53/4.91
en — es/an 48K 20K  0.88/19.53 11.14/43.04 *12.44/%%45.44 +1.3/24
en — fr/mfe 6.1K 19K  5.97/22.88 15.44/37.51 *%19.94/%%43.94  +4.5/6.43
en — fr/oc 1.2M 1.5SM  5.57/28.64 16.98/44.63 17.52/145.43  + 0.54/0.8
en — uz/kaa 108K 51K 1.01/20.90  8.39/40.85 *%12.01/%%46.90 + 3.62/6.05
esz/an —en 111K 20K 1.43/20.05 18.15/47.84 11 19.17/%%49.42  + 1.02/1.58

Table 7: BLEU/chrF scores for simple and transfer baselines, and for CharLOTTE. nP/C is the # of OC training
cognate pairs. nC—T is the # of CL — TL parallel training sentences (all scenarios had 10M PL — TL).
esx/an — en is the ablation from Section 4.4.3. A is the difference between CharLOTTE and plain transfer.
Scores significant over the transfer baseline are indicated with ** (p < 0.0001), * (p < 0.0005), and 7 (p < 0.005), and
T (p <0.05). 1 indicates that es/an — en CharLOTTE is significant over (p < 0.0001) esxz/an — en CharLOTTE.

PL/CL—TL S T Ch
es/an — en 0.2956 0.5811 0.6223
fr/mfe —en 03866 0.5141 0.5883
fr/oc — en 0.4493 0.5764 0.5926
uz/kaa — en 03561 0.5667 0.6288
est/an —en 02956 0.5811 0.6042

Table 8: BLEURT-20 for simple (S), transfer (T), and
CharLOTTE (Ch) — en systems. All Ch scores are
significant over T scores (p =0.0001), as is es/an — en
Ch over esz:/an — en Ch.

change in vocabulary overlap due to CharLOTTE
and NMT performance, with large changes in JSD
and Jaccard similarity (between fr and mfe, uz
and kaa) correlating with large NMT gains, moder-
ate changes (between es and an) correlating with
moderate NMT gains, and small changes (between
fr and oc, even negatively by JSD) with modest
NMT gains. This also correlates with the fact that
applying the fr/oc OC model results in the lowest
density of applied meaningful n-gram mappings
(0.018). This occurs despite the fr/oc — en sce-
nario having greater S-NLD, %WA, and W-NLD
metrics than es/an — en, meaning that the fr
data is changed more than the es data is, even
though fewer meaningful n-gram mappings are
applied. This suggests that the fr/oc model may
be applying more noise than the other OC models,
perhaps due to dirtier training data.

To confirm that CharLOTTE improves NMT,
we conducted a human rank evaluation between

the CharLOTTE and transfer-learning baseline sys-
tems. For each of the an — en and kaa — en
language pairs, four native English speakers were
presented with the reference translations from 200
random samples of the respective test set along
with the CharLOTTE and transfer-learning baseline
translations. The evaluators compared the system
translations to the reference translation and indi-
cated the better translation with a score of 1, and
the other with 2, with ties allowed. Figure 5 shows
the instructions and interface. The sentence scores
were then averaged, yielding the rank metric, a
number bound between 1 and 2 where lower val-
ues indicate overall better translations. We report
the average of the four evaluators’ rank metrics in
Table 10, along with the average number of times
each system scored better than the other system
(wins), and the number of times they received the
same score (ties). Individual evaluator scores are
reported in Table 20, where it is observed that all
evaluators consistently had strong preference for
the CharLOTTE system.

To measure inter-annotator agreement, we con-
verted the sentence-level annotations to categories
"CharLOTTE" or "transfer" according to which
system received a win, or "tied" if both systems re-
ceived the same score, and calculated Fleiss” Kappa
(Fleiss, 1971)% over these three categories. We also
report Krippendorff’s Alpha (Krippendorff, 2013)°
with an ordinal distance metric with value do-

8Seabold and Perktold (2010), link to docs here.
Castro (2017), use level _of_measurement=‘ordinal’
and value_domain=[0@, 1, 2].
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PL/CL—TL ‘ K « ‘ Unanimous Soft Hard w/Tie Hard
es/an — en 033 048 | 59(29.5%) 112(56.0%) 21 (10.5%) 8 (4.0%)
uz/kaa — en | 0.36 047 | 83(41.5%) 58(29.0%) 31(15.5%) 28 (14.0%)

Table 9: Inter-annotator agreement for the rank evaluation of the CharLOTTE and transfer systems. « = Fleiss’
Kappa; a = Krippendorff’s Alpha; Unanimous = the # of sentences (and % of total sentences) where every annotator
gave the same score, Soft = where ties and preferences for the same system are given, Hard w/Tie = where ties and
preferences for both systems are given, Hard = where preferences for both systems are given without ties.

Model Rank | Wins{  Ties

es/an — en 77.25
CharLOTTE 1.38 88.25
Transfer 1.65 34.5

uz/kaa — en 35.0
CharLOTTE 1.36 116.5
Transfer 1.70 48.5

Table 10: Human rank scores averaged across four eval-
uators for the CharLOTTE and transfer systems, as well
as the number of wins and ties.

main of [0, 1, 2], where O="transfer", 1="tied",
and 2="CharLOTTE", thereby applying smaller
penalty to soft disagreements with the "tied" cate-
gory (e.g., "CharLOTTE" vs. "tied") than to hard
disagreements with an opposing system category
(e.g., "CharLOTTE" vs. "transfer"). Table 9 reports
these metrics along with the number of hard and
soft disagreements. For both pairs, Fleiss’ Kappa
indicates "fair" (0.21 < k < 0.40) agreement (Lan-
dis and Koch, 1977), which is typical for similar
NMT evaluations (Toral and Way, 2018).

4.4.3 0-Ablation

To determine how important the threshold 6 is
when mining cognates from the parallel word lists,
we conducted an ablation with the es/an — en
scenario by setting 6 = 1.0, effectively removing
the filter. We refer to this ablated scenario as
esz/an — en. The resulting OC training size
is 111K, compared to 48K when 6 = 0.5 (see Table
12). We conducted the OC model hyperparameter
search from Section 4.1 and report the best param-
eters in Table 13. While there is a great disparity in
the OC validation charBLEU scores between the
es/an and esz/an OC models (86.41 vs. 42.60),
we have to acknowledge that the esz/an validation
set was sampled from both a distinct and noisier
set of word pairs and the only way to compare
these two scenarios is in downstream NMT (see

Tables 7 and 8). The esxz/an — en CharLOTTE
model still outperforms its transfer-learning base-
line, but at a smaller margin of 1.02 BLEU rather
than 2.4 BLEU. This leaves a significant gap of
1.38 BLEU between the es/an — en CharLOTTE
NMT model and the esz/an — en CharLOTTE
NMT model. This suggests that while CharLOTTE
can still learn useful correspondence patterns from
unfiltered lists of words, filtering improves its abil-
ity to do so.

5 Conclusion

This work presents the language-agnostic method
CharLOTTE to enhance cross-lingual transfer in
low-resource NMT. CharLOTTE mines cognates
from parallel data and from them learns ortho-
graphic correspondences to unify the representa-
tions of related languages and increase vocabulary
overlap. This yields measurably significant bene-
fits for low-resource translation, especially of m fe
and kaa due to radical transformation of the parent
languages which enhanced knowledge transfer.

Future work may apply this method to more lan-
guages from diverse language families and scripts
to further test its generalizability. Options for min-
ing cognate pairs that do not rely on pre-existing
sets of PL — C'L parallel sentences should also be
explored to make the method more widely applica-
ble. Future work may also compare the meaningful
PL, PL' n-gram mappings to real-life documented
sound correspondences between the respective PL
and C'L. Additionally, noting that the fr/oc model
likely applies unwanted noise, characterization of
the induced noise in a manner complementary to
the meaningful n-gram mappings should be de-
veloped. Finally, future work could explore mea-
suring meaningful and irregular n-gram mappings
between a PL and C'L prior to running the pipeline
as a way to predict if CharLOTTE-enhanced trans-
fer is likely to occur.
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Limitations

This work evaluates CharLOTTE on four language
scenarios. We acknowledge the limits of these data
points and look forward to future work applying
this method to a wider range of languages of vari-
ous families and scripts to test generalizability. We
suspect that if few regular character mappings exist
between a parent and child language, or if a child
language has a vocabulary with significant num-
bers of loan words from various languages, then
OC models may struggle to learn transformations
that are consistently useful. We leave it to future
work to explore this further.

In addition, we only analyzed the increase in
vocabulary overlap-the amount of shared tokens—
as one explanation for CharLOTTE’s gains, but
there are likely other factors at play. We hypothe-
size that OC models unify the PL and C'L textual
representations such that the resulting tokenizer’s
sub-word boundaries are more optimally aligned
with corresponding morphological features of the
two languages. That is, we suspect that more mor-
phemes that are essentially the same but surface
slightly differently in each language are assigned
the same token representation. However, this has
not yet been investigated.

Finally, while applying OC models proves to be
of benefit in downstream NMT, we suspect they
also introduce some degree of noise, which is espe-
cially possible if the PL. — C'L parallel sentences
are dirty. If they contain misaligned sentences or
incorrect languages, this can lead to a dirty set of
extracted cognate pairs which will make it difficult
for the OC model to learn regular orthographic cor-
respondences. Analyzing the meaningful n-gram
metrics against the S-NLD, %WA, W-NLD met-
rics across the different scenarios suggested to us
this may be at play in the fr/oc — en scenario,
but we have not yet thoroughly examined the pos-
sibility. Future work should therefore characterize
noisy n-gram mappings in a manner complemen-
tary to the meaningful n-gram mappings.

Ethical Considerations

Al was used to assist in coding, and to suggest
wordings and apply minor edits to the manuscript.
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A Data

A.1 Sources of Parallel Sentences

Each of the four PL/CL — TL scenarios eval-
uated in this work rely on sets of PL — CL,
PL — TL, and CL — TL parallel sentences,
for a total of 12 sets of parallel data. In this sec-
tion, will discuss the data sources for each of these
scenarios. The respective reverse SL — PL/CL
scenarios discussed in Section 3.3 use the same
sets, just flipping the direction of the PL — TL
and C'L — T'L sentences.

Table 11 shows the sources of the parallel sen-
tences used in each PL/CL — TL scenario,
whose references and details are listed here:

* OpenSubtitles (Lison and  Tiede-
mann, 2016; Tiedemann, 2016) -
https://opus.nlpl.eu/OpenSubtitles/
corpus/version/OpenSubtitles,

created from data extracted from
http://www.opensubtitles.org/
e WikiMatrix (Schwenk et al.,, 2019) -

https://opus.nlpl.eu/WikiMatrix/
corpus/version/WikiMatrix

¢« FLORES+ (NLLB Team et al.,, 2024,
Goyal et al., 2022; Perez-Ortiz et al.,
2024; Mamasaidov and Shopula-
tov, 2024) - https://huggingface.
co/datasets/openlanguagedata/
flores_plus, Aragonese expan-
sion: https://huggingface.co/
datasets/openlanguagedata/flores_
plus/blob/main/dataset_cards/
arg_Latn.md, Karakalpak  extension:
https://huggingface.co/datasets/
openlanguagedata/flores_plus/blob/
main/dataset_cards/kaa_Latn.md

¢ CCMatrix (Schwenk et al., 2020; Fan
et al., 2020) — https://opus.nlpl.eu/
CCMatrix/corpus/version/CCMatrix

* Kreyol-MT (Robinson et al., 2024) — https:
//huggingface.co/jhu-clsp/kreyol-mt

e NLLB (Schwenk et al., 2020; Fan et al.,
2020) - https://opus.nlpl.eu/NLLB/
corpus/version/NLLB

* OLDI (Karakalpak) (Mamasaidov and Shop-
ulatov, 2024) — https://huggingface.co/
datasets/tahrirchi/dilmash

A.2 Parallel Data Preparation and Cleaning

For our parent language pairs, es — en, fr — en
(used for both fr/mfe — en and fr/oc — en
scenarios) and uz — en, we retrieved 10M par-
allel sentences from the original dataset. For all
other sets, we retrieved the full set. For each lan-
guage pair, we then removed any sentence pairs
in the training set whose source segment or tar-
get segment also occurred in the validation and
test data. Then, with exception of fr — mfe
and mfe — en, we cleaned each parallel training
set with a pipeline that follows the guidelines of
the GILT Leaders Forum’s Best Practices in Trans-
lation Memory Management', and performs the
following steps:

1. Remove pairs containing empty source or tar-
get segments.

2. Remove pairs when the source segment ex-
actly or nearly matches the target segment.

3. Remove duplicate source-target pairs.

4. Remove pairs with segments containing
mostly non-alphabetic characters.

5. Remove pairs with segments containing ab-
normally long sequences of characters with-
out spaces, including segments that are only
URLs.

6. Remove pairs containing segments with un-
balanced brackets.

7. Remove pairs containing fewer than 3 words
in the English source segment.

8. Remove pairs with segments containing a
higher number of characters than 5 standard
deviations above the mean for that language
(sentences that are too long).

9. Remove pairs in which the ratio of the lengths
of the source and target segments exceeds a
certain cutoff.

10. Normalize escaped Unicode characters.

11. Validate and normalize character encodings
for each language.

12. Normalize whitespace

13. Shorten sequences of excessively repeated
punctuation.

14. Normalize quotation marks.

15. Normalize HTML entities.

16. Remove all markup tags.

Ohttps://github.com/GILT-Forum/

TM-Mgmt-Best-Practices/blob/master/
best-practices.md
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Pair Cognate Extraction / NMT Train NMT Val./Test
es/an — en

es —an OpenSubtitles, WikiMatrix -

es — en CCMatrix FLORES+ (dev/devtest)

an — en OpenSubtitles, WikiMatrix FLORES+ (dev/devtest)
Jrimfe — en

fr— mfe Kreyol-MT (train) -

fr—en CCMatrix FLORES+ (dev/devtest)

mfe — en Kreyol-MT (train) Kreyol-MT (validation/test)
Jfrioc — en

fr— oc NLLB -

fr—en CCMatrix FLORES+ (dev/devtest)

oc — en NLLB FLORES+ (dev/devtest)
uz/kaa — en

uz = kaa  OLDI -

uz —> en NLLB FLORES+ (dev/devtest, Northern Uzbek)

kaa — en  OLDI OLDI / FLORES+ (devtest)

Table 11: Sources for parallel sentences for each PL/CL — TL scenario. Note that for kaa — en, there is no
FLORES+ dev set for validation, and we therefore removed a 2,000-sentence split from the OLDI data to serve as

the validation set.

PL/CL Train Val.
es/an 47,655 1,093
fr/mfe 6,148 702
f?“/oc 1,178,753 1,090
uz/kaa 107,711 1,096
esz/an 110,637 1,021

Table 12: For each PL/CL OC model, the number of
cognate pairs in the training and validation sets created
by the CharLOTTE pipeline. esxz/an refers to the 6-
ablation in Section 4.4.3

We opted not to clean the fr — mfe and
mfe — en parallel sentences because they con-
tained a great many single-word parallel sentences
that would have been removed by the cleaning
pipeline. We acknowledge that best practice re-
moves short sentence pairs, but given that these
were small datasets already, we were concerned
about the data loss that would have resulted.

Final dataset sizes are reported in Table 1.

A.3 OC Data Preprocessing

Prior to aligning words for OC training, we pre-
tokenize the PL and C'L sentences by applying
NLTK (Bird et al., 2009) and spaCy (Honnibal

et al., 2020) word tokenizers. Prior to OC infer-
ence, the same tokenizers and additional cleaning
steps, like removing trailing and leading punctua-
tion, are applied to the P L sentences to create the
list of words fed to the OC model to be transformed
into PL’. When constructing a PL’ sentence from
the transformed words, we do so in a way that
preserves the original PL sentence’s spacing, for-
matting, and punctuation. We used the following
word tokenizers for each language:

e en: NLTK word_tokenize, "english”
* fr: NLTK word_tokenize, "french”

» mfe: NLTK word_tokenize, "french”
* es: spaCy es_core_news_sm

* an: spaCy es_core_news_sm

* oc: spaCy es_core_news_sm

* uz: spaCy xx_sent_ud_sm

* kaa: spaCy xx_sent_ud_sm

A.4 Ground Truth Cognate Test Data

To create ground truth cognate test sets to evaluate
the OC models, we extracted cognate pairs from
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PL/CLL. Layers Emb. Dim. Hid. Dim. Batch Size charBLEU
es/an 2 128 512 256 86.41
fr/mfe 2 32 256 64 86.90
fr/oc 6 32 512 512 65.97
uz/kaa 2 64 256 512 83.19
esx/an 6 128 256 512 42.60

Table 13: The best seq2seq BiGRU configurations for each PL/C L OC model from hyperparameter grid search.
Layers refers to the number of both encoder and decoder layers. charBLEU refers to the character-level BLEU on
the validation set. esxz/an refers to the #-ablation in Section 4.4.3.

Parameter Values

layers 2,4,6

embed. dim. 16, 32, 64, 128

hidden dim. 16, 32, 64, 128, 256, 512
batch size 16, 64, 256, 512

Table 14: The grid search space for the seq2seq Bi-GRU
OC models. Each OC model trained on one NVIDIA
A100. Training time varied from a few minutes to up to
one day depending on the dataset and hyperparameters.

Parameter Value
Attention Luong-dot
Learning rate  0.001
Dropout 0.2

Table 15: Fixed hyperparameters for the seq2seq Bi-
GRU OC models. "Luong-dot" refers to the dot attention
from Luong et al. (2015).

the CogNet (Batsuren et al., 2019, 2022)!" and
EtymDB (Fourrier and Sagot, 2020b)!? datasets.
To extract cognates from EtymDB, we
used a modified version of the CopperMT
extractor_script_cognates.py'? script,
along with modified language_info.py'*. For
Aragonese ancestors, we used ine-pro, itc-pro,
itc-ola, la, lat-vul. For Mauritian Creole
ancestors, we used ine-pro, itc-pro, itc-ola,
la, 1lat-vul, ofr, frm, fr. We will include our
versions of these scripts in our published code.
We then sanitized the cognate sets by removing

11https://github.com/kbatsuren/CogNet

12https://github.com/clefourrier/EtymDB

13https://github.com/clefourrier/CopperMT/blob/
master/pipeline/data/extractor_script_cognates.
py

“https://github.com/clefourrier/CopperMT/blob/
master/pipeline/data/management/from_etymdb/
utils/language_info.py

any cognate pairs where either the source or target
word occurs in the OC training or validation data,
and removed duplicate cognate pairs. This resulted
in sets of 406 es/an, 315 fr/mfe, and 365 fr/oc
cognate pairs.

B Meaningful n-Gram Mappings

We explain our process for extracting meaningful
n-gram mappings from the list of raw n-gram map-
ping frequency distributions.

B.1 Insertions and Deletions

First, we must properly account for gap characters
before finalizing the n-gram mapping frequency
distribution. The gap character _ is an artifact of
the alignment process representing insertions and
deletions and should be removed. This means that
the counts for the n-gram _g should be combined
with the counts for the n-gram g in a way that
does not double count mappings. For example, if
_g~ch:40, g-h:45, then the combined tally should
be g~ch:40,h:5 instead of g~+ch:40,h:45.

We can ensure that there is no double counting of
such mappings with the following process: When
considering an n-gram mapping, if the source n-
gram (from PL) is preceded or followed by a gap
character, then we consider the mapping incom-
plete because an insertion is occurring in the imme-
diately greater context. Therefore its count is not
included at the current context size of n. For exam-
ple, consider the bigram mapping ge-he in the PL,
PL’ alignment $_gen$, $chen$ (where $ = word
boundary). The PL bigram ge comes after a gap
character, so the correct mapping should be counted
as ge~che, which is processed at the trigram level
_ge~che. After removing the gap character, we
correctly tally counts for ge~+che without double
counts of the ge~+he mapping. Similarly, if there is
a gap character preceding or following an output
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PL/CL  PL Word PL’ Word
responsabilidades responsabilidatz
posteriores posteriors

es/an acostarse acostar-se
parecio pareixid
derecha dreita
I’épaisseur lepeser
francaise fransez

fr/mfe stérilité sterilite
copiant kopian
étions esion
organisationnels  organizacionals
administrée administrada
fr/oc dissimulé dissimulat
moderne moderna
élever elever
kesishdi kesisti
yengilsa jenilse

uz/kaa  yelpig’ich jelpigish
tabiatlarini tabiyatlarin
trayektoriasida traektoriyasinda

Table 16: Examples of PL words and the corresponding PL’ words (PL/CL OC model predictions.)

n-gram (from PL'), a deletion is occurring in the
immediately greater context and the n-gram should
not be counted at the current context size. For
example, consider the trigram mapping ent-ent
in the alignment $mente$, $ment_$. The correct
mapping is actually ente-ent, which is processed
at the 4-gram level ente~ent_.

B.2 Filtering

We filter the data down to the most meaningful
mappings. We apply four filters:

First, meaningful mappings must pass a non-
identity criterion, meaning we filter out mappings
where the P L n-gram maps to itself in half or more
of its output n-grams. This allows us to see the
actual transformations that the OC model makes.

Second, we remove mappings where the input
n-grams falls below a frequency threshold, which
is set to 10 in our analysis. This filters out rare
occurrences, ensuring that what we consider as a
meaningful mapping follows an established pattern.

Third, we calculate entropy and remove map-
pings whose entropy is too high to be considered
meaningful. The zero-entropy mappings reflect
correspondences that the model has applied with-

out exception, thus these are all kept. We can
classify the rest of the mappings as one of two
types: consistent correspondences with a small
amount of noise (noisy correspondences), such as
ad$-at$:72,ad$: 1 (entropy = 0.1), or highly vari-
able mappings without the context for a clear deter-
mination, such as did+dit:10,did: 9 (entropy =
1.0). When qualitatively reviewing the mappings, it
appeared to us that the entropy threshold between
the noisy correspondences and the variable map-
pings was somewhere midway between 0 and 1.
We plotted the entropy distributions (Figure 4) of
the n-gram mappings for each language scenario
and consistently noted clear valleys around the 0.5
mark. We associate these valleys with the distinc-
tion between the noisy correspondences and vari-
able mappings. We formalize this visual thresh-
old by fitting the entropy distribution with Kernel
Density Estimation (KDE) using SciPy’s (Virtanen
et al., 2020) scipy.stats.gaussian_kde!> mod-
ule, scaling the Silverman bandwidth (Silverman,
1986) by a factor of 0.5 to preserve the major peaks
and valleys of the distribution. The KDE was eval-

15ht’cps: //docs.scipy.org/doc/scipy/reference/
generated/scipy.stats.gaussian_kde.html
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uated on a 1000-point grid spanning the observed
entropy range, and local minima were identified
via scipy.signal.find_peaks'® on the negated
KDE, requiring a prominence of at least 5% of
the maximum density. We exclude zero-entropy
mappings from the KDE, as their mass would arti-
ficially bias the distribution toward zero. We take
the entropy value at the leftmost prominent local
minimum as our threshold, which separates what
appear to be the first two modes. Assuming that the
first mode represents noisy correspondences, we
filter out mappings whose entropy is greater than
this threshold. The resulting KDE-based entropy
thresholds are visualized in Figure 4. Interestingly,
the threshold for all scenarios is roughly 0.55.

To assess sensitivity to bandwidth scaling val-
ues and prominence percentage requirements, we
recomputed the threshold for each language pair
across Silverman bandwidth scales from 0.2 to 0.8
and prominence percentages from 1% to 10% of
the max distribution density. With prominence per-
centages and bandwidth scales at the highest end
of these ranges for es/an, fr/oc, and uz/kaa,
KDE is unable to find any prominent local min-
ima, which highlights the need to use a small
enough scaling factor to recognize the multimodal
distribution and prevent oversmoothing. For all
combinations in this range that do find promi-
nent minima, the resulting thresholds varied by at
most 0.068 within any pair (es/an: 0.533-0.551;
fr/mfe: 0.525-0.593; fr/oc: 0.539-0.565;
uz/kaa: 0.515-0.563). Thus, beyond using a
small enough bandwidth to recognize the multi-
modal distribution, there is little sensitivity to the
specific values of the KDE and prominence param-
eters.

Fourth, we filter out mappings that are com-
pletely composed of other low-entropy mappings.
Consider the data in Table 17. The mapping
of atic~atic is not meaningful because it is al-
ready accounted for by the combination of the two
smaller mappings. So, if an n-gram mapping with
entropy below our threshold can be fully explained
by a composition of smaller n-gram mappings with
entropy below our threshold, then we filter the
larger n-gram mapping out. Note that for these ex-
planatory mappings, we only filter by the entropy
threshold and frequency and not by the non-identity
criterion. Otherwise, atic-atic would be consid-

16https ://docs.scipy.org/doc/scipy/reference/
generated/scipy.signal.find_peaks.html

PL Frequency Distribution H
at at:1481, at:82, 041
ic ic:50426, __:162, 0.09
atic atic:1228, _tic:9, 0.25

Table 17: Example of a redundant P L n-gram mapping
to PL'. 4tic=atic is completely accounted for by the
other two mappings. H is entropy.

ered meaningful because ic~ic has been filtered
out from the first filtering step. In summary, we
filter out n-gram mappings that do not meet all of
the following 4 criteria:

1. Non-Identity: The PL n-gram must not map
to itself in half or more of its output n-grams.

2. Frequency: The PL n-gram must occur at
least 10 times.

3. Entropy: The mapping must be below the
entropy threshold.

4. Redundancy: The mapping must not be fully
explained by a combination of other meaning-
ful mappings.

Random samplings of the final meaningful PL,
PL’ n-gram mappings for each language scenario
are given in Tables 21, 22, 23, and 24.

C NMT Model Details

C.1 Tokenizers

Each CharLOTTE NMT model tokenizer is trained
on the union of the parent language, child language,
and target language, i.e. PL’, CL, and TL. We
sample sentences from PL' — CL, PL' — TL,
and C'L — TL datasets. Sentences for each lan-
guage are up-/down-sampled so that the total tok-
enizer training data size is 500K sentences with the
PL': CL : TL ratio being 1:1:2. These sentences
are then used to train a SentencePiece (Kudo and
Richardson, 2018)!” BPE tokenizer with character
coverage of 1.0 and vocabulary size of 32K.

The tokenizer for each transfer-learning baseline
is made with the same process, but using PL sen-
tences instead of PL’ in the tokenizer training data.
The simple baselines use the same tokenizers as
the respective transfer-learning baselines.

"https://github.com/google/sentencepiece
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Figure 4: Distribution of n-gram correspondence entropies between PL and PL’ after applying the respective
PL/CL OC model to the PL — T'L NMT training data with KDE-based entropy thresholds at the valley between
the first two modes.

Model nSamples MaxSteps BatchSize LR Wt.Decay Val./epoch Patience
es/an — en
Parent 10M 350K 512 Se-4 0.01 4 10
Child 20K 20K 32 5e-5 0.0 2 5
Simple 20K 20K 32 5e-5 0.0 2 5
fr/mfe — en
Parent 10M 350K 512 5e-4 0.01 4 10
Child 19K 20K 32 5e-5 0.0 2 5
Simple 19K 20K 32 5e-5 0.0 2 5
fr/oc— en
Parent 10M 350K 512 Se-4 0.01 4 10
Child 1.5M 150K 512 5e-5 0.01 4 10
Simple 1.5M 200K 512 3e-4 0.01 4 10
uz/kaa — en
Parent 10M 350K 512 5Se-4 0.01 4 10
Child 51K 20K 32 5e-5 0.0 2 5
Simple 51K 20K 32 5e-5 0.0 2 5

Table 18: Training configurations for all NMT models. Parent refers to the pretrained models trained on either
PL — CL (transfer-learning baseline) or PL’ — C'L (CharLOTTE). Child refers to the fine-tuned models trained
on either CL — T'L (transfer-learning baseline) or C L’ — T'L (CharLOTTE). Simple refers to the simple baselines
trained on C L — T'L without parent-child transfer learning. nSamples is the number of parallel sentences in the
training set. BatchSize is the effective batch size.
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Parameter Value

Layers 6
Attention Heads 8
dypy 2048
dmodel 512

Max position embeddings 512

Table 19: Architectural configurations for all NMT mod-
els. Layers is the number of layers in both the encoder
and decoder. Parameters not mentioned are kept at their
default BART values.

C.2 Model Configuration and Training

All proposed and baseline NMT models are trained
with the BartForConditionalGeneration
(Lewis et al., 2020) transformer architecture. We
modified the model configurations as reported in
Table 19 based on settings of transformer-base
(Vaswani et al., 2017). Architectural parameters
not mentioned were kept at their default BART
values. When training, we applied gradient
clipping and linear warm-up for % of the max
training steps followed by linear decay. We trained
to convergence, minimizing validation loss and
applying early stopping. Selection criteria of the
top 10 checkpoints was validation BLEU. All other
training hyperparameters are reported in Table 18,
which outlines those for parent and child models
for the CharLOTTE and transfer-learning baseline,
and those for the simple baseline. We trained using
NVIDIA A100 GPUS, with parent models on 4
GPUs over 2-3 days, oc <+ en child and simple
models on 4 GPUs up to 1 day, and an < en
and mfe <> en child and simple models on 1
GPU under an hour. At inference, sequences were
generated with a max length of 512 tokens.

D Vocabulary Overlap Metrics

Jensen-Shannon divergence (JSD) between proba-

bility distributions P and () is defined as:

D(P|M) + D(Q||M)
2

JSD(P|Q) = 2

where D is the KL divergence and M is the point-
wise mean of P and (). The Jaccard similarity (J)
of unique token sets A and B is defined as:

_ |ANB|
- |AUB|

J(A, B) 3)
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Evaluator 1 Evaluator 2 Evaluator 3 Evaluator 4
Model Rk. Win Tie | Rk. Win Tie | Rk. Win Tie | Rk. Win Tie
es/an — en 47 78 97 87
CharLOTTE | 142 112 1.41 88 1.53 75 1.18 78
Transfer 1.78 41 1.68 34 1.77 28 1.39 35
uz/kaa — en 46 32 18 44
CharLOTTE | 1.34 111 1.34 115 1.39 122 1.39 118
Transfer 1.68 43 1.65 53 1.70 60 1.79 38

Table 20: Individual evaluator results for the human rank evaluation. RKk. (]) = rank metric, Win (1) = number of

wins, Tie = number of ties.

Index PL n-gram Frequency Distribution of Mappings Entropy (H)
1 gand gand: 218 0.00
84 anam anyam: 24 0.00
196 $580 $5.80:15 0.00
287 rojo- royo-:13 0.00
288 sema sema:13 0.00
449 gir chir:10 0.00
515 imét imet:63, impat:1 0.12
532 jempl xempl:95, jempl:2 0.14
579 Gi Gi:67, Gi:2 0.19
623 tema tema:83, tema:3 0.22
735 jerar herar:20, ferar:1 0.28
790 prej prech:35, preix:2 0.30
831 dican dican:33, dican:2 0.32
863 ducié duci:46, ducie:3 0.33
978 treo$ treu$:14, treo$:1 0.35
997 ali ali:199, ali:15 0.37
1035  pnod pno:13, pnd:1 0.37
1049  nados natos:479, nados:34, ns:1 0.37
1092 $485 $4.85:12, $4,5:1 0.39
1196 alies alis:11, alis:1 0.41
1268  pold poloc:21, pold:2 0.43
1446 2/08/ 2/08:9, 2/0/:1 0.47
1549 dige diche:23, e:1, dige:1 0.48
1554  unk>. .:39, 1:1, 1:1, ulgar:1 0.48
1607 giz chiz:129, giz:16 0.50
1639  nima nima:16, nima:2 0.50
1661 dicié dici:31, dicié:2, dicie:1 0.51
1701 case case:15, case:?2 0.52
1731  jert chert:20, jert:1, hert:1 0.53
1809  autd auto:47, autoc:3, auto:2 0.55

Table 21: Sample of meaningful es, es’ n-gram mappings from scenario es/an — en. $ = word boundary.
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Index PL r-gram Frequency Distribution of Mappings Entropy (H)

1 $ent $ant: 950 0.00
71 $Cir $Sir:144 0.00
303 Sacr Sakr:67 0.00
733 Tik tik:41 0.00
835 abyl abil:38 0.00
930 ferro fero:36 0.00
1004  ttaw tal:35 0.00
2069 dra-t dret:22 0.00
3077  ascad askad:17 0.00
3351 Necr Nekr:16 0.00
3865 mochi mosi: 15 0.00
4404 si-o zi-0:14 0.00
6881  dBl del:10 0.00
7498  $vé $ve:326, $v:1 0.03
8360 attra atra:135, atr:3 0.15
8729  iqua$ ik$:38, ike$:1 0.17
10403 $DG $De: 90, $Dek:1, $Den:1, $Dez:1 0.26
12441 thiop tiop:40, @:1, tisp:1 0.32
12775 g1$ g$:15, ge$:1 0.34
14182 éo-P eo-P:13, eode:1 0.37
14596 Akhi Aki:12, A:1 0.39
14730 eDr er:12, err:1 0.39
15476 Della Dela:11, Del:1 0.41
15988 oser$ oze$:116, 0z$:3, ozer$:2, ose$:1, use$:1 0.42
16236 mapp map:27, ap:1, @:1 0.43
17743  $Frut $Frit:9, $Fri:1 0.47
18653 Samb Sanb:44, sanb:5 0.48
19372 tigu tig:50, tigi:4, tigw:1 0.51
19906 Toto toto:20, oto:1, to:1 0.53
20702 anni ani:395, a:15, ni:5, anni:5, @:5, anii:1, ... 0.56

Table 22: Sample of meaningful fr, fr’ n-gram mappings from scenario fr/mfe — en. $ = word boundary. @ =
empty string.
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Index PL n-gram Frequency Distribution of Mappings Entropy (H)

1 $amé $ame: 313 0.00
114 $illé $ille:30 0.00
148 oDi odi: 27 0.00
149 xoné xone: 27 0.00
233 toté tote: 21 0.00
349 émemb ememb: 17 0.00
377 nk>q @:16 0.00
650 J’ou j’ou:11 0.00
694 ntisy ntisi: 1 0.00
871 éromeé eromé:10 0.00
1032 iSe ise:32, Ise:1 0.20
1100  nTr ntr:27, nTr:1 0.22
1264  fléte flete:20, fléte:1 0.28
1480  sHe she:16, sHe:1 0.32
1493  éréa erea:16, eraa:1l 0.32
1525 erF erf:60, erF:4 0.34
1613 $assé $asse: 14, $assé:1 0.35
1766  tizat tizac:13, tizat:1 0.37
1824  $BitC $Bitc:12, $BitC:1 0.39
1906  i-fé i-fe:23, i-fé:2 0.40
2058  évide evide:32, évide:3 0.42
2087 raéls$ rael$:86, rael$:6, $:1 0.43
2230  éphar ephar:10, éphar:1 0.44
2382  hWwi hwi:9, hWi:1 0.47
2483 gP gp:46, gP:2, GP:2 0.48
2487  raré rare:23, raré:1, rarat:1 0.48
2617  alD ald:31, alD:4 0.51
2745  énot enot:46, enota:4, not:1 0.53
2792  amC amc:14, amC:2 0.54
2839 eV ev:180, eV:14, EV:4, @:1 0.55

Table 23: Sample of meaningful fr, fr’ n-gram mappings from scenario fr/oc — en. $ = word boundary. @ =
empty string.

37084



Index PL n-gram Frequency Distribution of Mappings Entropy (H)

1 ktsi kci: 1361 0.00
217 ’gon gan:79 0.00
1075 ’mbo mba: 28 0.00
2138 ’diyo diya:17 0.00
2469  $durl $dirl:15 0.00
3143  limg’ limg:13 0.00
3841  dkag dkag: 11 0.00
3900  jodul jadil:11 0.00
4251  Oysa Aysa:10 0.00
6063  $gadd $gadd: 33, $gadd:1 0.19
6508  tugil tayil:67, tugil:1, tuwil:1 0.22
7689  Qayoq Qayaq:19, Qaya:1 0.29
7706  boyin bayin:19, boyin:1 0.29
7768 zonil zani1l:19, zonil:1 0.29
7806 irkat irket:68, irkat:2, 1irgat:1 0.29
8865 hbank bank:15, hbank:1 0.34
8918 oz’l azl:15, ozl:1 0.34
9007 Yara Jara:397, Yara:17, YAra:1, ara:1, a:1, 1lara:1 0.34
9026  bitir pitir:330, bitir:20, pitke:1 0.34
9518  $kurg $kirg:65, $kurg:3, $kurg:1 0.37
9711 hnayo naya:13, hnayo:1 0.37
9896 onats onac:38, anac:3 0.38
9924  $botl $batl:25, $botl:2 0.38
10253 koysa keyse:12, koysa:1 0.39
10472 zayti zayti1:142, zayti:6, zeyti:2, zaytt:1 0.40
11751 iksga ikske:10, iksga:1 0.44
13706 $Qilg $Q11¢:62, $Qilg:8 0.51
13723 ’hton htan:21, hton:1, tan:1 0.51
14108 varig varin:20, warin:1, irin:1 0.53
14530 Toz Taz:69, Toz:5, coz:1, Tazi:1 0.55

Table 24: Sample of meaningful uz, uz’ n-gram mappings from scenario uz/kaa — en. $ = word boundary.
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Quality Assessment

The following sentence has been translated 2 times. Please read the sentence and its translations and then rank them by
entering a number from 1 to 2, where 1 is the best. If the translations are equivalent, feel free to put the same number for
them.

| Content theories are centered on finding what makes people tick or appeals to them.
|:l The theories of speech focus on seeking what attracts or has pleased people.
‘:’ The theories of articles focus on seeking what attracts or delights the Devil.

Sentence 1 of 100

Sentence = Complete

1 X
2 X

Figure 5: The human rank evaluation user interface. For each sample, the order in which the machine translations
are presented is shuffled without any indication of the system that generated them.
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