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Abstract

This paper presents a multi-dialect text classi-
fier for Quechua that augments neural models
with rule-based, linguistic information to ad-
dress challenges in low-resource, morpholog-
ically complex settings. The approach is built
on a carefully curated dataset spanning multiple
genres, including annotated parallel bible cor-
pora, and encodes manually annotated lexical
variation and polypersonal verbal agreement
as explicit features within a transformer-based
classifier. Results show that neural models sub-
stantially outperform statistical baselines, en-
abling highly accurate multi-class classifica-
tion across 27 Quechua dialects. The impact of
linguistic augmentation is context-dependent:
gains are minimal in high-resource settings but
more pronounced in low-resource and cross-
domain conditions. Overall, this work aims
to contribute to the development of dialect-
sensitive NLP methods for Quechua and other
low-resource, morphologically rich languages.

1 Introduction

Quechua is a family of languages spoken across
the Andean region, comprised of approximately
40 dialects and 9 million speakers (Adelaar, 2020;
Adelaar and Muysken, 2004; Grimes, 1985; Horn-
berger and King, 1998). These dialects vary sub-
stantially in orthography, morphology, and syntax
(Hornberger and Limerick, 2019; Limerick, 2018),
creating challenges for natural language processing
(NLP), particularly given the limited availability of
dialect-specific resources.

Most existing NLP approaches treat Quechua
as a monolithic language, collapsing dialectal dis-
tinctions into a single standardized form. As il-
lustrated in Table 1, machine translation (MT)
systems like Google Translate produce hybridized
morphosyntactic outputs that fail to reflect any in-
dividual variety. This dialectal homogenization not

!Gloss explanations are in Table 8 in Appendix A.
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ISO Family ‘“He sent me.”
. Pai-mi -mu-wa-rka.
b €U =5 DIR send-MOV-35g— [sg-PST
uw CU Pi-mi fiuca-ra -mu-ca.
d 3sg-DIR 1sg-DO send-MOV-3sg— 1sg.PST
u QI Pay-mi noga-ta-ga -masha.
d 3sg-DIR 1sg-DO-EMP send-3sg— 1sg.PST
wn QI Pay-mi -ra-yi-man noga-ta-ga.
d 3sg-DIR send-3sg— 1sg-PST-from 1sg-DO-
EMP
Pay-taj -mu-wa-rqa.
Quh Q2 = CON send-MOV-3sg > Isg-PST
quz Q2 Pay-tag-mi -mu-wan-pas.
3sg-CON-DIR send-MOV-3sg—1sg-ADD
Google Pay-mi -mu-wa-rqa.
Translate 3sg-DIR send-MOV-3sg— 1sg-PST

Table 1: Automatic translation of “He sent me” vs. text
from manually glossed Bible corpora. Note that the MT
output does not align with any particular variety, nor
with any subfamily.

only reduces linguistic fidelity but also reinforces
systemic biases in language technologies, further
marginalizing underrepresented speaker communi-
ties (Blasi et al., 2022; Liu et al., 2022; Ziems et al.,
2022). Similar issues arise in other indigenous
language families of the Americas, such as Nahu-
atl and Maya, which exhibit rich dialectical varia-
tion but remain computationally underrepresented
and homogenized (Garcia et al., 2021; Riemland,
2023).

Even when NLP tools for Quechua exist, they
are typically limited in scope, often focusing on
Southern Quechua (Zevallos et al., 2022; Rios et al.,
2008; Rios Gonzales and Castro Mamani, 2014),
only a handful of dialects (Medina, 2013; Melgar-
ejo et al., 2022; Vergara, 2022), or lacking dialec-
tal specificity altogether (Chen et al., 2024; Mon-
son et al., 2006).% This concentration of resources
risks encoding Southern Quechua dialect norms as
defaults, obscuring variation across the language

Table 9 in Appendix A provides a summary of currently
available NLP tools.
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Figure 1: Dialect classification workflow.

family and limiting broader applicability. As well,
the issue posed by lack of dialect-specific tools is
amplified by Quechua’s morphological richness,
where grammatical meaning is encoded at the level
of affixes. While neural models have advanced
NLP significantly, purely data-driven approaches
are often insufficient for capturing dialectal varia-
tion especially in morphologically rich contexts.

To address these problems, this paper adopts
a rule-augmented approach that integrates neural
models with linguistically informed representa-
tions on the task of dialect classification. Such
approaches have shown promise in low-resource
contexts by improving both performance and inter-
pretability (Li et al., 2020; §krlj et al., 2021; Sheth
et al., 2023). Here, linguistic knowledge is incor-
porated not as an end in itself, but as a means of
improving dialect classification. Dialect classifica-
tion itself is important for being able to separate
data for other downstream NLP tasks.

Thus, this paper investigates the following ques-
tion: Can linguistically informed representa-
tions improve neural dialect classification in low-
resource settings? To answer, this paper delivers
the following key contributions:

1. A manually verified dataset of Quechua texts
sorted by ISO dialect across multiple genres,
including annotated parallel bible corpora.

2. A highly accurate multi-dialect classification
framework covering 27 Quechua varieties
across multiple language families.

3. A systematic evaluation of linguistically in-
formed, rule-augmented neural models, show-
ing that their benefits are context-dependent:
gains are minimal in high-resource settings

3All resources and code for this project may be found at
the GitHub Repository: https://github.com/clairepost/
Quechua_Classifier.
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but more pronounced in low-resource and
cross-domain conditions.*

An exploratory analysis of segmentation
strategies, showing no consistent improve-
ments across conditions and suggesting a sec-
ondary role relative to data and feature design.

2 Related work

Early work on Quechua dialect classification is
limited, with Medina (2013) providing a founda-
tional approach using traditional machine learning
methods (e.g., Naive Bayes, JRip) to distinguish be-
tween Cuzco and non-Cuzco varieties. While this
work highlights challenges such as data scarcity
and substantial dialectal variation, it is restricted to
binary classification.

More recent advances in Quechua NLP have
demonstrated the effectiveness of transformer-
based models. QuBERT (Zevallos et al., 2022),
a RoBERTa-based model trained on Southern
Quechua, achieves strong performance on down-
stream tasks such as part-of-speech (POS) tagging
and named entity recognition (NER). However,
such models are typically trained on a limited sub-
set of dialects and do not explicitly account for
dialectal variation, limiting their applicability in
multi-dialect settings.

Tokenization plays a central role in NLP for mor-
phologically rich, low-resource languages, where
effective segmentation can reduce sparsity and im-
prove generalization. Approaches range from data-
driven methods such as Byte Pair Encoding (BPE)
(Shibata et al., 1999) and unigram language mod-
els (Kudo and Richardson, 2018) to linguistically
informed methods like Prefix-Root-Postfix Encod-
ing (PRPE) (Zuters et al., 2018; Chen and Fazio,
2021), which explicitly model morphological struc-
ture. Prior work shows that morphology-aware seg-
mentation can improve downstream performance,
including within the QuBERT framework (Zevallos
et al., 2022).

PRPE builds on earlier work by Zuters et al.
(2018) and Chen and Fazio (2021), which also
explore hybrid approaches combining PRPE with
BPE and unigram models for morphological neu-
ral machine translation (NMT). Additional work
such as Ortega et al. (2020) proposes BPE-guided
segmentation that aligns linguistic boundaries with
sub-word merges, though this approach relies on

*Workflow and architecture shown in Figure 1.
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ISO Variety No Bible  Only Bible  All Data
inb Colombian Inga 707 151,198 151,905
qub Huallaga Hudnuco 3,350 119,909 123,259
quf Lambayeque 160,059 160,059
quh Southern Bolivian 214,240 135,012 349,252
quk Chachapoyas 7,194 7,194
qul San Martin 139,975 139,975
qup North Bolivian 177,265 177,265
quw Southern Pastaza 116,704 116,704
qux Tena Lowland 203,888 203,888
quy Yauyos 564,034 564,820 1,128,854
quz Ayacucho 2,301,431 574,539 2,875,970
qve Cusco 160,816 160,816
qve Cajamarca 167,740 167,740
qvi Eastern Apurimac 145,704 145,704
qvh Imbabura Highland 115,875 115,875
qvm M-Y-L 131,047 131,047
qvn North Junin 138,226 138,226
qvo Napo Lowland 115,908 115,908
qvs Huaylla Wanca 153,378 153,378
qvw Northern Pastaza 112,921 112,921
qvz Huaylas Ancash 157,628 157,628
qwh Panao Huanuco 31,054 244,059 275,113
qxl Salasaca Highland 127,034 127,034
qxh Panao Huanuco 119,326 119,326
qxn Northern Ancash 507,098 507,098
qxo Southern Ancash 9,982 136,530 146,512
qxr Caiiar Highland 506,958 506,958
Total words 3,335,880 5,179,729 8,515,609
Percent 39.2% 60.8% 100%

Table 2: Word counts across datasets by ISO code and
Quechua variety.

a limited set of suffixes.’ Other preprocessing
approaches include normalization pipelines for
Quechua II (Rios Gonzales and Castro Mamani,
2014), though these are not always easily repro-
ducible or generalizable across dialects.

3 Data

We collect a corpus of more than 8.5M words,
across 27 varieties of Quechua as seen in Table 2.

3.1 Quechua Corpus Collection

The corpus was constructed through a combina-
tion of archival data collection, web scraping, and
automated filtering. Initial data were gathered
from publicly available linguistic resources, includ-
ing AILLA, Runasimi, Ethnologue, Glottolog, and
OLAC as well as tools such as Corpus Crawler.®
The data collected was cataloged with informa-
tion on its source, type, and ISO code. This initial
set included domains such as spoken word tran-
scriptions (over 200k words), legal texts, and edu-
cational materials.” Collecting data from linguistic
repositories has the advantage of providing dialec-
tal metadata, including standard ISO code infor-
mation, source location, and resource-specific di-
alect names.® These metadata were used to assign

5See Table 10 in Appendix A for links to all resources.

8See Table 10 in Appendix A for links to all resources.

’See Figure 2 in Appendix A.

8For further information on ISO codes and family informa-
tion see Table 11 in Appendix B.
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gold labels for the classifier: texts were labeled
according to existing classifications in the source
materials, explicit dialect names in resource titles
or descriptions, or through regional information
associated with the data. All dialect assignments
were manually checked before inclusion in the fi-
nal corpus. The final classifier evaluated in this
paper was therefore trained and evaluated against
manually verified dialect labels, rather than labels
generated automatically by the model.

All collected data were processed to retain only
Quechua content, remove non-Quechua material
(e.g., Spanish and English), and ensure reliable
dialect labeling. To improve data quality and ob-
tain coherent document-level texts, a second round
of collection was also conducted using a custom
scraper targeting full-text Quechua bible sources
across 25 dialects.

An initial version of the classifier was then used
to label previously unclassified materials, enabling
iterative expansion of the dataset. This process
yielded a larger and more balanced corpus suitable
for multi-dialect classification. The refined dataset
includes texts from 27 Quechua varieties, spanning
both religious and non-religious genres, with statis-
tics shown in Table 2.

3.2 Parallel Data as Annotation Support

Additional Spanish and English bible data were
collected to support cross-lingual analysis and an-
notation tasks. Specifically, we structured bible
data into a three-way parallel format. All texts
were converted into CSV files with metadata fields
including iso, resource, book, verse, and text.
Corresponding Spanish and English texts were pro-
cessed in parallel, with additional linguistic anno-
tation applied using off-the-shelf spaCy models
(es_core_news_md and en_core_web_md). Align-
ment was performed at the verse level, allowing
each Quechua segment to be paired with its Spanish
and English equivalents.

To support targeted linguistic analysis, we re-
duce the dataset to a subset of bible texts (Matthew,
Mark, and John). Selection was guided by the
presence of morphosyntactic features relevant to
polypersonal agreement. Specifically, a Span-
ish morphological parser (es_core_news_md) was
used to identify dative and accusative clitic con-
structions, which often correspond to object mark-
ing in Quechua. This filtering strategy enables
efficient identification of relevant constructions
(Sec. 4) while maintaining cross-lingual alignment.



While Spanish clitics provide a useful proxy for
object marking, some ambiguities remain. For ex-
ample, the clitic nos may correspond to either inclu-
sive or exclusive first-person plural in Quechua, re-
quiring disambiguation based on context and refer-
ence to dialect-specific grammars. Third-person cl-
itics (e.g., le, lo, la) were not explicitly targeted due
to their limited role in object agreement, though
some instances were retained when co-occurring
with other relevant features.

For each classification experiment, data were
split into training and evaluation sets using an 85/15
partition at the level of text chunks. Documents
were segmented into overlapping chunks of 250
words (with 50-word overlap), and these chunks
served as the unit of classification. Splits were per-
formed randomly without stratification, resulting in
class distributions that reflect the natural imbalance
of the dataset. The full-data setting includes 27
dialects, while the no-bible condition contains only
10 dialects.

4 Annotation

This section outlines the linguistic annotation and
feature development used to support dialect classi-
fication. We consider: (i) lexical variation across
dialects, (ii) polypersonal verbal agreement, and
(iii) construction of a morphological inventory used
to derive segmentation heuristics.” Together, these
annotations inform both feature design and prepro-
cessing for the classifier.

Some forms are used across multiple dialects.
When counting, we consider both the number of
unique surface forms, regardless of dialect, and
the total number of terms identified for all dialects,
which includes duplicated surface forms. The total
number of collected items for each of these annota-
tion sets is:

* Lexical terms: 86 unique, 330 total

* Polypersonal morphemes: 110 unique, 157

total

* Additional morphemes: 448 total

4.1 Lexical Variation

Our approach to analyzing lexical variation across
Quechua dialects follows Medina (2013), who iden-
tify differences in core vocabulary items across
varieties. We extend her analysis to additional di-
alects using both corpus data and dialect-specific

9More information on ISO codes and dialects in Table 11
in Appendix B.
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grammatical resources. Lexical items under com-
parison include translations for terms (referred to
here by their English words) such as father, land,
sun, and moon. We exclude items exhibiting high
uniformity across dialects (e.g., mother = mama,
water = yacu, woman = warmi), due to their limited
diagnostic value.

For each dialect, we identify the relevant lexi-
cal forms through corpus search, cross-referenced
with dictionaries and grammars. When multiple
lexical variants are attested for a single concept-
variety pair, we record all variants (e.g., tayta/taita
for father). These variants are compiled into a com-
parative lexical chart (Figure 3 in Appendix B),
enabling systematic comparison across varieties.

We supplement the collected lexical data through
extensive consultation of dialect-specific resources:
a grammar of Huallaga Huanuco Quechua (We-
ber, 1989), a dictionary of Margos-Yarowilca-
Lauricocha Quechua (Bean, 1986), a grammar of
North Junin Quechua (Adelaar, 1977), a gram-
mar of Huaylla Wanca Quechua (Cerrén-Palomino,
1976), a dictionary of Huaylas Ancash Quechua
(Carranza Romero, 2003), a dictionary of Panao
Hudnuco Quechua (Smith, 1994), a grammatical
sketch of Northern Conchucos Ancash Quechua
(Wroughton, 1988), a grammar sketch of South-
ern Ancash Quechua (Hintz, 2017), and a dictio-
nary of Ayacucho Quechua (Parker, 1969). In addi-
tion to core vocabulary, pronominal roots encoding
person and number distinctions (1SG, 2SG, 3SG,
TPL.INCL, 1PL.EXCL, 2PL, 3PL) were also incor-
porated to ensure broader lexical coverage across
dialects.

4.2 Polypersonal Verbal Suffixes

One of the most salient morphosyntactic features
across Quechua dialects is polypersonal verb agree-
ment, in which a single verb encodes both subject
and object through suffixation. This system, widely
documented in typological and descriptive work
(Adelaar and Muysken, 2004; Lakdmper and Wun-
derlich, 1998; Camacho Rios, 2020; Rataj, 2015),
reflects the agglutinative structure of Quechua and
provides a rich source of dialectal variation.

To capture this variation, we manually annotate
polypersonal constructions across 25 Quechua va-
rieties using the collected parallel bible corpora.'”
For each sentence-level instance, annotations in-
clude subject and object person/number (e.g., 1SG

10See Figure 4 in Appendix B.



Family Added Morphs
Quechua I +144
Colombia-Ecuador +92
Cajamarca-Lambayeque +70
San Martin-Amazonas +62
Quechua II +80

Table 3: Morphemes added to PRPE per Quechua family

Subj = 2PL Obj), verb stem, and relevant suf-
fixes, along with aligned Spanish and English trans-
lations. Given the complexity of Quechua ver-
bal morphology, annotation focuses primarily on
present indicative forms, which most consistently
encode subject—object agreement. Ambiguous
cases (particularly those involving tense, mood, or
aspect distinctions) are excluded from final analy-
ses when reliable interpretation is not possible. Ref-
erence grammars and linguistic descriptions were
consulted extensively to support annotation deci-
sions,!'! particularly for identifying object-marking
suffixes and “transitions” between subject and ob-
ject forms. When necessary, additional resources
such as SAILS'? were used to confirm morphologi-
cal patterns. As an example, we use this resource to
determine that in qvn, the affix for 1sgQB is —wa.

Cross-dialect comparison reveals some typologi-
cal trends. Conservative dialects, particularly those
spoken in highland regions of Peru and Bolivia,
tend to preserve rich agreement paradigms, includ-
ing distinct markers for first- and second-person
objects. In contrast, dialects in Ecuador and Colom-
bia often display morphosyntactic simplification,
with reduced or absent object agreement marking.
These patterns provide informative features for di-
alect classification.

4.3 Morphological Inventory and Heuristics

To support linguistically informed segmentation,
we construct an expanded inventory of Quechua
morphemes through manual analysis of grammati-
cal resources. While some grammars provide ex-
plicit morpheme lists, many require close exami-
nation of descriptive text to identify suffixes and
inflectional patterns, as inconsistent formatting and
multi-language scripts often render OCR ineffec-
tive. This process involved extracting both com-
mon and dialect-specific morphemes, including
case markers, tense and aspect suffixes, evidentials,
and derivational affixes. The resulting inventory ex-
tends prior PRPE resources (Chen and Fazio, 2021)

''See Table 12 in Appendix B.
Zhttps://sails.clld.org/languages/qvc
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and forms the basis for dialect-aware segmentation
heuristics used in subsection 5.1.

We derive heuristics from this inventory by treat-
ing morphs marked with a hyphen (e.g., -nchi)
as suffixes and those without as roots. Given that
Quechua lacks productive prefixation, suffix-based
segmentation is particularly central. Morphemes
are first grouped by dialect and then consolidated
into family-level inventories corresponding to ma-
jor Quechua families: Colombia-Ecuador Quechua
(cu: gx1, inb, qup, quw, qvi, qvo, qvz,
gxr), Cajamarca-Lambayeque Quechua (ca: qvc,
quf), Quechual(ql: qub, qux, qvh, gqvm, qvn,
gvw, gwh, gxh, gxn, gxo), Quechuall (q2: quy,
quh, qul, quz, gve), and San Martin-Amazonas
Quechua (sm: qvs, quk).

Morphemes with multiple meanings (e.g., —-pi)
are counted only once per family. Compared to the
64 morphemes used in Chen and Fazio (2021), this
work substantially expands coverage across all fam-
ilies, adding a total of 448 morphemes (Table 3).

S Methodology

We investigate a range of modeling strategies, vary-
ing both data settings and, crucially, degree to
which linguistic information is incorporated into
the model. This section describes modeling op-
tions, and we present results in Section 6.

5.1 Segmentation Strategies

To evaluate the impact of input representation
on dialect classification, we explore multiple seg-
mentation strategies, including BPE, unigram lan-
guage models (Kudo and Richardson, 2018), PRPE
(Zuters et al., 2018; Chen and Fazio, 2021), and
a hybrid PRPE+BPE approach (Chen and Fazio,
2021; Ortega et al., 2020).

We extend PRPE with the dialect-informed mor-
phological inventory described in subsection 4.3,
enabling segmentation to better capture variation
across Quechua families. These heuristics guide
suffix identification and improve alignment be-
tween sub-word units and linguistically meaningful
morphemes.

In addition, we train our segmentation at the
level of major Quechua language families, allow-
ing representations to capture shared morphologi-
cal patterns within families while preserving cross-
dialect distinctions. This setup enables controlled
comparison of how segmentation and linguistic
granularity affect classification performance.


https://sails.clld.org/languages/qvc

5.2 Model Architectures

QuBERTa Classifier. Our primary neural clas-
sifier is built on QuBERTa, a RoBERTa-based
model adapted for Quechua (Zevallos et al., 2022).
Input texts are preprocessed by removing nu-
meric tokens and segmenting documents into over-
lapping chunks (250 tokens with 50-token over-
lap) to satisfy the model’s 512-token input con-
straint. Chunks are tokenized and padded using the
Llamacha/QuBERTa tokenizer.

The model is fine-tuned for dialect classification
using standard optimization procedures, with hy-
perparameters (batch size, learning rate, number
of epochs) tuned on validation data. We evaluate
performance with standard classification metrics.

Rule-Augmented = QuBERTa. Our  rule-
augmented variant extends the base QuBERTa
model by incorporating linguistically motivated
features derived from lexical and polypersonal
annotation. We encode these features as tags and
append them to each text chunk during prepro-
cessing, allowing the model to access explicit
morphosyntactic and lexical cues alongside learned
representations.

Lexical tags are generated by matching dialect-
specific vocabulary items and appending corre-
sponding markers (e.g., <TAG_tayta>). Polyper-
sonal tags are derived through suffix matching over
a curated list of verbal affixes, using a longest-
match strategy to prioritize more specific morpho-
logical forms. Identified polypersonal verbal suf-
fixes are encoded as tags (e.g., <VERB_wanku>) and
added as additional tokens to the input.

We use the same training procedure for both the
base model (standard QuBERTa classifier) and the
rule-enhanced version, allowing direct comparison
of performance with and without linguistic feature
injection. Separate configurations evaluate the con-
tribution of lexical tags, polypersonal tags, and
their combination.

Naive Bayes Baseline. We implement a Multi-
nomial Naive Bayes classifier as a statistical base-
line, following Medina (2013). The model operates
over TF-IDF representations, which encode term
frequency and corpus-level importance to capture
distributional patterns in word usage.

To ensure comparability with the neural models,
the same cleaned and chunked inputs are used. TF-
IDF features are extracted from each text segment
and used to train a multi-class classifier over di-
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Model Rules All  NoO BIBLE ONLY BIBLE
(# Dialects) | (27) (10) (25)
Bayes No rules 9385 7551 9713
Bayes Lexical+Verb | .9064 7506 .9406
Neural No rules .9907 9662 9957
Neural Lexical 9916 9664 .9949
Neural Verb 9936 9670 9969
Neural Lexical+Verb | .9928 9643 9961

Table 4: Weighted F1 scores across models, rules, and

data settings with standard QuBERTa tokenization.

alect labels. To mitigate class imbalance across di-
alects, a limit is placed on the number of chunks per
document, preventing over-representation of high-
resource sources. This constraint after experimen-
tation proved to improve stability and provides a
more balanced comparison with neural approaches.

5.3 Experimental Settings

To evaluate model performance under varying re-
source conditions, we compare several data settings.
In the high-resource ALL setting, all available cor-
pora (see Table 2) from 27 dialects are included,
comprising religious texts, other written materials,
and previously unclassified data labeled through
the pipeline described in Section 5.2. This setting
is relatively balanced across varieties and domains.
In the limited-data setting (NO BIBLE, or NB), bible
data are removed to simulate a low-resource and
domain-mismatched environment. This results in
a reduced set of 10 dialects with highly imbal-
anced distributions, where resource availability
ranges from large corpora (over 2 million words)
to very limited data (fewer than 10,000 words). A
third configuration utilizing only bible data (ONLY
BIBLE, or B) is confined to a single domain, with
data for 25 dialects. This corpus is close to fully-
balanced; for some dialects, we have the complete
bible and for others only the New Testament.
Model performance is measured using standard
classification metrics, including accuracy, preci-
sion, recall, and Fl-score, along with confusion
matrices to analyze dialect-specific errors.!?

6 Results

6.1 Opverall Performance

Overall results across all experimental conditions
are summarized in Table 4. The QuBERTa-based
models consistently outperform the statistical base-
line (modeled after Medina (2013)) across all set-

B3See Appendix C.



tings, maintaining F1 scores above .96 even in the
most constrained condition, compared to approxi-
mately .75 for Naive Bayes.

In the ALL setting, the base QuBERTa classifier
achieves near-ceiling performance without linguis-
tic augmentation (.9907 F1). Rule-based features
yield only marginal gains, with the best configura-
tion (verb rules) reaching .9936 F1.'* Statistical
comparison confirms that this improvement is small
and not significant (AF1 = +0.0015, p = 0.133).13
Similar patterns hold in the ONLY BIBLE setting,
where performance remains uniformly high due to
domain homogeneity.

In the limited-data setting (NO BIBLE), the neu-
ral baseline drops to .9662 F1. Rule augmen-
tation produces more variable effects, with the
best-performing model (verb rules) reaching .9670
F1. While average per-dialect improvements are
larger (AF1 = +0.0649), high variance results in
non-significant tests (p = 0.398). Notably, the
weighted change is slightly negative, suggesting
gains are concentrated in lower-resource dialects
(e.g., qvo, qwh) rather than uniformly distributed.

quz quh English
<hallp’a> <pacha> earth
<inti> <indi> sun
<quilla> <killa> moon
<runa> <ullku> person

Table 5: Dialectal variation encoded through lexical
document-level tagging.

Examination of misclassification patterns shows
a concentration of errors among closely related
Southern Quechua varieties.!® The baseline no-
rules model frequently confuses Cuzco Quechua
(quz) with Southern Bolivian Quechua (quh), while
the rules-augmented model reduces these errors,
possibly by leveraging fine-grained lexical distinc-
tions between texts, such as those seen in Table 5.7

Averaging across languages, classification per-
formance is consistently high. This setting, though,
assumes availability of significant amounts of data
across varieties. To get a more nuanced picture of
performance, we next investigate performance in
more realistic settings.

“Further details on morpheme exclusion in the verb rules
are provided in Appendix C.

5See Table 14 in Appendix C.

16See Table 11 in Appendix A.

For a confusion matrix comparison see Table 15 and Ta-
ble 16 in Appendix C.
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Data settings ‘ Rule settings

Train # Eval #| No Lex Verb Lex+V
NB 10 ALL 27|.4032 .3805 .4039 .3936
NB 10 ALL-F 271.4999 4429 .5344 4754
NB 10 ALLNNB  10|.7646 .7663 .7745 .7701
NB 10 ALL N NB-F 10].8328 .8360 .8424 .8303
B 25 NB 10|.7105 .8094 .8054 .8038
B 25 NBNB 8 [.8288 .8283 .8195 .8227
BNNB 8 NB 10|.7594 .7587 .7556 .7526
BNNB 8 NBNB 8 |.8182 .8015 .8171 .8127

Table 6: Cross-domain weighted F1 results across
training and evaluation conditions. # is number of di-
alects per setting. (-F) indicates family level evaluation.
NB/B= NO BIBLE/BIBLE ONLY data. X NY represents
the intersection of X and Y datasets.

6.2 Cross domain experiments

To assess generalization, we conduct cross-domain
experiments with training and evaluation data from
different distributions (e.g., NB vs. B). These set-
tings better reflect real-world conditions where do-
main mismatch is common, especially in low re-
source settings for Indigenous languages. Cross-
domain performance (Tab. 6) is substantially lower
than in-domain results (Tab. 4), reflecting differ-
ences in lexical choice, genre, and dialect coverage.
We first examine a low-resource model trained
on NB (10 dialects) and evaluated on ALL (27 di-
alects). Because of the mismatch between labels,
we introduce a relaxed evaluation condition (-F),
counting family-level matches as correct (group-
ings in App. B.1). This partially compensates for
missing dialect coverage, though some families
remain absent in training data (e.g., San Marin).
Under this setting, performance largely de-
grades, but differences emerge across rule con-
figurations. In the relaxed condition, the no-
rules model achieves .4999 F1, while the verb-
augmented model improves to .5344, represent-
ing the largest gain observed in this configuration.
This suggests that verb-based features provide use-
ful structure when generalizing beyond the training
distribution. Across dialects, the mean improve-
ment is positive (AF1 =.0511, d = 0.21), though
not statistically significant (Wilcoxon p = 0.50).'3
Restricting evaluation to dialects present in the
training set (10 dialects) improves performance
across all configurations (F1 > .76), indicating that
much of the degradation is driven by label space
mismatch. In this controlled setting, verb rules still
provide a small but consistent improvement, and
provide more evidence that linguistic features are

8See Table 14 in Appendix C.



particularly valuable when models must generalize
beyond their training label space, rather than simply
interpolate within it when moving from a smaller
model setting.

The final set of experiments trains on the larger
but domain-restricted BIBLE ONLY corpus and eval-
uates on heterogeneous NO BIBLE data. Perfor-
mance again drops substantially, indicating that
bible text does not provide a fully representative
training distribution. This observation aligns with
prior work: although bible corpora are widely
used due to accessibility and multilingual cover-
age (Christodouloupoulos and Steedman, 2015),
they reflect formal or archaic registers, translation-
driven inconsistencies, and a narrow range of gen-
res (Levshina, 2022; Hutchinson, 2024).

Despite this domain mismatch, rule augmenta-
tion improves performance for the no-rules model,
which achieves .7105 F1, while lexical tagging
performs best (.8094), outperforming verb (.8054)
and combined rules (.8038). This finding stands in
contrast to prior experiments, in which verb-based
rules yielded the highest effectiveness, thereby sug-
gesting that the utility of specific linguistic features
depends on the direction of the domain shift.

One explanation is that BIBLE ONLY training
already exposes the model to relatively consistent
verbal morphology, reducing the added value of
verb-based rules at test time. Lexical tagging in-
stead helps compensate for lexical and genre dif-
ferences between bible and non-bible data. This is
supported by per-dialect results, where gains are
concentrated in higher-support dialects such as quz
(F1 .7525 no rules to .8894 verb rules), while many
low-resource dialects show minimal change.'”

Looking at the bottom of Table 4, when evalu-
ation is restricted to overlapping dialect subsets,
though, differences between rule configurations
are negligible (e.g., .7594 vs. .7587). Thus the
effectiveness of linguistic augmentation seems to
depend not only on domain shift, but also on label
space alignment and data coverage.

6.3 Effect of Segmentation

Segmentation strategy does not produce consis-
tent improvements across conditions. While
morphology-aware approaches (e.g., PRPE+BPE)
show gains in some low-resource settings, these ef-
fects are not stable (see Table 7). In high-resource

For a confusion matrix comparison see Table 18 and Ta-
ble 17 in Appendix C.
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Model Segment Low Data  All Data
Filw Fim Flw Flm
ca bpe 945 533 972 935
ca prpe 933 468 .964 922
ca prpe+bpe 931 454 971 .930
ca unigram .941 .534 967 .929
ql bpe 937 485 978 .942
ql prpe 937 458 977 941
ql prpe+bpe 949 534 977 .943
ql unigram .948 .560 .978 941
q2 bpe 966 .644 986 .967
q2 prpe 968 .649 988 952
q2 prpe+bpe 968 .663 987 951
q2 unigram 967 .626 .988 .963
sm bpe 923 384 .960 .920
sm prpe 923 429 945 903
sm prpe+bpe .929 438 939 .895
sm unigram  .921 .395 955 913

Table 7: Segmentation results grouped by dialect fam-
ily under low-resource and full-data settings. Flw =
weighted F1 (accounts for class imbalance), Flm =
macro F1 (equal weighting across dialects).

settings, differences between segmentation meth-
ods are minimal and models seem to have sufficient
data to learn effective representations regardless
of segmentation strategy. In lower-resource con-
ditions, results are more variable, with no single
method consistently outperforming others.?"

7 Conclusion & Future Work

This paper presents a multi-dialect classification
framework for Quechua that augments neural mod-
els with linguistically informed features. Across
all settings, neural models substantially outperform
statistical baselines, enabling accurate multi-class
classification across 27 Quechua dialects.

The impact of linguistic augmentation, how-
ever, is nuanced. In high-resource and homo-
geneous (bible) settings, performance is already
near ceiling, and rule-based features provide only
marginal gains. In contrast, in low-resource and
cross-domain conditions, linguistic features be-
come more valuable, though their effects are un-
even and depend on both data availability and eval-
uation setup. In particular, verb-based features are
most beneficial when generalizing from limited
training data to broader label spaces, while lexi-
cal tagging was found to be more effective under
domain shift, especially when transferring from
bible-only to heterogeneous corpora. The utility of
linguistic features then may be context-dependent
rather than uniformly additive.

More broadly, this work aims to contribute to on-

A segmentation results breakdown is in Appendix C.



going efforts to integrate linguistic knowledge into
modern machine learning pipelines. By advanc-
ing dialect-sensitive NLP tools, it hopes to support
more accurate and inclusive language technologies,
helping to address the marginalization of Quechua
speakers in digital spaces.

Future work will extend this approach in several
directions. First, we plan to develop family-specific
RoBERTa models that better capture variation be-
yond Southern Quechua. Second, we aim to ex-
pand and refine morphological inventories used in
segmentation and tagging. Additional directions in-
clude evaluating segmentation in downstream mor-
phological tasks and revisiting alternative sub-word
strategies such as BPE-guided methods (Ortega
et al., 2020). Third, this approach would greatly
benefit from expansion beyond bible corpora, and
work is underway to annotate more varied domains
across additional dialects. Finally, for applications
to other language families, our results suggest that
lexical tagging offers the most favorable trade-off
between annotation effort and performance gains,
particularly in cross-domain and low-resource set-
tings.

Limitations

A limitation of this work is the reliance on domain-
specific data, particularly bible texts, which consti-
tute a large portion of the available corpora. While
we explicitly evaluate a NO BIBLE setting to simu-
late low-resource conditions, the properties of re-
ligious text may not fully reflect naturalistic lan-
guage use and might have some effect on classifi-
cation of non-bible texts. Current work is aimed at
expanding the corpus to more diverse domains for
a wider range of dialects.

As well, although this work expands classifica-
tion to 27 varieties of Quechua, there are still more
within the language family. Varieties were included
if any data could be found and preprocessed into
text files. Even still, this leaves room for improve-
ment by finding additional textual resources.

Ethics

This work involves the use of textual data from
various publicly available sources for different
Quechua dialects. We recognize the importance of
indigenous data sovereignty and the need to handle
language data in a way that respects the communi-
ties from which it originates. Wherever possible,
this work relies on publicly available sources and
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keeps record of metadata and authorship in order
to further support language documentation efforts.

At the same time, automated dialect classifi-
cation systems carry potential risks as misclas-
sifications may obscure dialectical distinctions,
reinforce inaccurate generalizations, or privilege
better-represented varieties over lower-resource
ones. These risks are particularly relevant in cross-
domain settings, where model performance is less
stable and uneven across dialects. As such, the
models presented here should not be used as au-
thoritative tools for linguistic identification, but
rather as assistive technologies whose outputs re-
quire careful interpretation and are up for welcome
debate by community members.
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A Appendix: Background

Gloss Meaning

Isg first person singular

3sg third person singular
DIR direct evidential

DO direct object marker
MOV directional motion away
EMP emphatic marker

CON contrastive marker

PST past tense

ADD additive marker (‘also’)
3sg—1sg third person subject acting

on first person object

Table 8: Gloss abbreviations explanations for the mor-
phological parses in Table 1.

Non-Bible Data Domain

I1SO Code
inb
qub
quh
quk
qux
quy
quz
qwh
axo

200,000

150,000 -

100,000 1

Word Count

50,000 4

Domain

Figure 2: Word counts broken up by domain type and
ISO code for non-bible data corpora.

B Appendix: Data

B.1 Dialect grouping

The dialect groupings used in this study follow the
family hierarchy and clade structure outlined by
Glottolog.?! This classification allows for hierar-
chical grouping of varieties at the family, subfamily,
and dialect levels. For instance, dialects from the
Quechua I group (e.g., Cajamarca Quechua) are
modeled separately from those in Quechua II-A or
II-B (e.g., Ayacucho or Ancash Quechua). Dialect
identity and family membership were assigned us-
ing this system because they are widely used by
other resources as classification for data. A table
of family composition, summarizing clade-level

21https ://glottolog.org/resource/languoid/id/
quec1387
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Dialects NLP Tools

Cuzco Text classifier (Medina, 2013), An-
Quechua tiMorfo: finite state transducer mor-
phological analyzer (Rios, 2010)
Southern QuBERT: monolingual BERT model
Quechua (Zevallos et al., 2022), SQUOIA: fi-

nite state transducer morphological
analyzer & spell checker (Rios Gon-
zales and Castro Mamani, 2014),
Quechua-Spanish Treebank (Rios
et al., 2008)

WordNET-QU: lexical database (Mel-
garejo et al., 2022), POS tagging

Southern, Cen-
tral, Northern,

and  Amazo- | models (Vergara, 2022)
nian Quechua
Unspecified QueEn: LLM machine translation

(Chen et al., 2024), Quechua-Spanish
machine translation & morphological
analyzer (Monson et al., 2006)

Table 9: Quechua Dialects and Corresponding NLP
Tools

distinctions and vocabulary comparisons, is shown
in Table 11.

B.2 Linguistic Annotation

Drawing from the Medina (2013) analysis of lexi-
cal differences across Quechua dialects, a thorough
examination of vocabulary discrepancies was con-
ducted, as shown in Figure 3. This included dialects
not originally covered by Medina, utilizing both
corpus data and dialect-specific grammar resources.
If there were multiple words that were used for a
lexical term, we indicated that with a / in the chart.

As well, Figure 4 gives a summary of all the
polypersonal verbal suffixes found during the ver-
bal annotation phase. Grammars used for help in
finding specific polypersonal verbal agreement in-
formation is seen in Table 12.


https://glottolog.org/resource/languoid/id/quec1387
https://glottolog.org/resource/languoid/id/quec1387

Resource Link

Ortega et al. (2020)
AILLA

Runasimi
Ethnologue
Glottolog

OLAC

Bible data
QuBERTa tokenizer

https://github.com/johneortega/mt_quechua_spanish/tree/master/bpe_guided
https://ailla.utexas.org

https://runasimi.de

https://www.ethnologue.com

https://glottolog.org

http://www.language-archives.org

https://live.bible.is

https://huggingface.co/Llamacha/QuBERTa

Table 10: Resources and links

Lexical Terms
ISO  Dialect Name Family Variety father land water sun moon man
qub  Huallaga Huanuco Quechua  Quechua 1 Central Quechua 1 tayta allpu yacu inti quilla runa
qux  Yauyos Quechua Quechua 1 Yauyosic tayta pacha yaku rupay/inti killa runa
Huamalies-Dos de Mayo
qvh  Huénaco Quechua Quechua 1 Central Quechua 1 tayta pacha yaku inti killa runa
Margos-Yarowilca-Lauricocha
qvm  Quechua Quechua 1 Central Quechua 1 tayta patsa yacu inti quilla runa
gvn  North Junin Quechua Quechua 1 Central Quechua 1 tayta pacha/alpa  yacu inti quilla runa
qw  Huaylla Wanca Quechua Quechua 1 Central Quechua 1 tayta pacha/allpa  yacu inti quilla nuna
qwh  Huaylas Ancash Quechua Quechua 1 Central Quechua 1 yaya/papd  pacha/allpa yacu inti quilla nuna
gxh  Panao Huanuco Quechua Quechua 1 Central Quechua 1 tayta pacha yacu inti quilla runa
Northern Conchucos Ancash
gxn  Quechua Quechua 1 Central Quechua 1 tayta patsa yacu rupay quilla runa/oligo
Southern Conchucos Ancash
gxo  Quechua Quechua 1 Central Quechua 1 tayta patsa yacu rupay quilla runa
quy  Ayacucho Quechua Quechua 2 Quechua [tayta pacha yaku inti killa runa
Bolivian-Argentinian
quh  Southern Bolivian Quechua Quechua 2 Quechua tata pacha yaku inti kuilla runa
Bolivian-Argentinian
qul North Bolivian Quechua Quechua 2 Quechua tata pacha unu inti killa runa
quz  Cusco Quechua Quechua 2 Cuscan Quechua tayta hallp'a unu inti killa qhari
qve  Eastern Apurimac Quechua |Quechua 2. Cuscan Quechua unu inti killa qari
qvc  Cajamarca Quechua Cajamarca Quechua tayta allpa/pacha  yaku rupay killa runa
quf Lambayeque Quechua Lambayeque Quechua |tayta pacha yaku rupay killa runa
axl Salasaca Highland Quichua  [efdllIylUER=CIEL eI TS Ecuadorian Quechua A |yaya/tayta  pacha yaku indi killa kari
inb Colombian Inga Colombia-Ecuador Quechua Ecuadorian Quechua B |taita patsa iaku indi killa runa/kari/jinti
qup  Southemn Pastaza Quechua  [ofdldylUER=CIELLIAR T IEY Ecuadorian Quechua B |yaya allpa yaku inti killa kari
quw  Tena Lowland Quichua Colombia-Ecuador Quechua Ecuadorian Quechua B |yaya allpa yacu inti quilla runa
qui Imbabura Highland Quichua  Ke{Jlely | ERSVER WTHe TN, TEY Ecuadorian Quechua B |jahua/papa pacha yacu inti quilla runa
qvo  Napo Lowland Quechua Colombia-Ecuador Quechua Ecuadorian Quechua B |yaya pacha/allpa yacu inti quilla runa
qvz  Northern Pastaza Quichua Colombia-Ecuador Quechua Ecuadorian Quechua B |yaya allpa/pacha  yacu indi quilla runa
qxr Caiiar Highland Quichua Colombia-Ecuador Quechua Quechua B |taita pacha yacu inti quilla runa
qvs  San Martin Quechua BELNEL LD EPLLEEL e T, IERIE Chachapoyas Quechua tata pacha yaku inti killa runa
quk  Chachapoyas Quechua EEQNEL P EP AL EEY e TET TER Chachapoyas Quechua |tata allpa yaku inti killa runa/ullku

Figure 3: Common words for each dialect organized by Quechua families and varietal sub-families.

Verbs
pLincl
iso 1sg object obj 1plexcl object 2sg object 2pl object
Code _Dialect Name Family Clade 1 Clade 2 Clade 3 259159 3sgisy  2plisg 3plisg |3sgipl. 3sgiplexcl 2pltplexcl 3pitplexcl[1sg2sg 3sg2sg  Tplexcisg 3plzsg  [fsg2pl  3sg2pl 3sg2p!
Huallaga Hudnuco Huallaga Huanuco ~shunqui/
qub Quechu Quechua 1 Central Quechua 1 AP-AM-AH Quechua -manqui  -masha  -manqui -manchi  -chimasha ~shcanqui -shunqui  |-mushca ~shunqui
Margos-Yarowilca-Lauric
qum  ocha Quechu Quechua 1 Central Quechua 1 AP-AM-AH Panao-Union  |-manqui -manqui ~shunqui ~shunqui
axh Panao Huénuco Quechua Quechua 1 Central Quechua 1 AP-AM-AH Panao-Union  |-manqui  -masha -mashcanqui -sheanqui
Northern Conchucos
axn Ancash Quechua Quechua 1 Central Quechua 1 Huaylay Conchucos -manqui  -mushga -manga -mantsic ~yashunqui ~yashunqui
Souther Conchucos.
axo Ancash Quechua Quechua 1 Central Quechua 1 Huaylay Conchucos -manqui  -mushga -manga -mantsic -yéshunqui -yashunki
Huamalies-Dos de Mayo -munki /
avh Huéinaco Quechua Quechua 1 Central Quechua 1 Huaylay -manki  -man -ykanki -yashayki ~yashunki
Huaylas Ancash
quh  Quechu: Quechua 1 Central Quechua 1 Huaylay -huanqui  -huarca
qun North Junin Quechua  Quechua 1 Central Quechua 1 Yaru Quechua -manqui  -masha -mashcanqui ~shoanqui
aw Huaylla Wanca Quechua _ Quechua 1 Central Quechua 1 _Jauja-Huanca -manqui _-man ~shunqui -cushunqui |-chwanpis__-cushunqui_-cushunqui
[Ayacuchan
quy Ayacucho Quechua Quechua 2 Quechua -wanki  wan  -wankichik  -wanku -wankiku  -wanku wanku  |ki -sunki sunki |ykichik  -sunkichik
Souther Bolivian Bolivian-Argentinian  Bolivian-Argentinian
quh Quechua Quechua -wanki  -wan -wanku  |-wanchej -yki -ykichej
Bolivian-Argentinian
qul North Bolivian Quechua Quechua -wanki  wan  -wankichis -wankichis  -wanku wanku  |yki -sunki -ykichis
quz Cusco Quechua Cuscan Quechua -wanki  wan  -wankichis  -wanku Kichi kiku ~ wanku  -wankku wanku |yki skl -ykiku -sunkiku |-ykichis  -sunkichis  -sunkichis
Eastern Apurimac
ave Quechua Cuscan Quechua wanki__-wan -wanku -wankiki ki -ykichis
Cajamarca Cajamarca
ave Cajamarca Quechua Quechua Quechua -wangi -washpapis  -wananqa -wangila yki  -shushaa -ykilapas  -shushpa
Lambayeque Lambayeque
qut Lambayeque Quechua Quechua Quechua -manki __-masha yki -shaykilapa
Salasaca Highland [Nl E cuadorian Tungurahua
ax Quichu Quechua A Highland Quichua NONE -gangui [NONE kiga
Cafiar-Azuay-South
Ecuadorian Chimborazo -huanguichic
axr Cafiar Highland Quichua Quechua B Highland Quichua NONE  -manga /-huarcani NONE -huangui NONE -huarca  NONE -huanguichic
Imbabura Highland Ecuadorian Imbabura-Columbia  Imbabura Highiand
avi Quichua Quechua B ~Oriente Quechua  Quichua -huangi un -chingui jpipash
Ecuadorian Imbabura-Columbia Colombia-Oriente |-wankungi
inb Colombian Inga Quechua B -Oriente Quechua  Quechua /-wangi -wanka -rkangi -murka ki -ikichita
Southem Pastaza Ecuadorian Imbabura-Columbia  Colombia-Oriente
qup Quechua Quechua B -Oriente Quechua  Quechua -wanki -wankichi -shkanki -ptiypas
Ecuadorian Imbabura-Columbia Colombia-Oriente -huaca /
quw  Tena Lowland Quichua Quechua B ~Oriente Quechua  Quechua -huangi  -shcami ipis -shcami  -canchi
Ecuadorian Imbabura-Columbia Colombia-Oriente
qvo Napo Lowland Quechua Quechua B ~Oriente Quechua  Quechua -huanqui  -huarca
Norther Pastaza Ecuadorian Imbabura-Columbia  Colombia-Oriente
avz Quichua Quechua B ~Oriente Quechua _ Quechua -huangi _-hua -huanaun cpiga
San Martin
avs San Martin Quechua Quechua -wanki___-washka ~shkanki ptinika

Figure 4: Dialects are organized by their typological classification and with each clade in the family tree. Under the
"verbs" row are columns of subject-object polypersonal verbal suffixation patterns.
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https://runasimi.de
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http://www.language-archives.org
https://live.bible.is
https://huggingface.co/Llamacha/QuBERTa

ISO Dialect Family Sub-family Clade 1 Clade 2 Clade Clade
3 4
qvc Cajamarca Quechua Cajamarca- Cajamarca
Lambayeque Quechua Quechua
quf Lambayeque Quechua Cajamarca- Lambayeque
Lambayeque Quechua Quechua
gxl Salasaca Highland Colombia-Ecuador Ecuadorian Tungurahua
Quichua Quechua Quechua A Highland Quichua
gxr Cafar Highland Colombia-Ecuador Ecuadorian Caflar-Azuay-
Quichua Quechua Quechua B South Chimborazo
Highland Quichua
qvo Napo Lowland Colombia-Ecuador Ecuadorian Imbabura- Colombia- Oriente Napo
Quechua Quechua Quechua B Colombia-Oriente  Oriente Quechua Low-
Quechua Quechua land
Quechua
qup Southern Pastaza Colombia-Ecuador Ecuadorian Imbabura- Colombia- Oriente Pastaza
Quechua Quechua Quechua B Colombia-Oriente  Oriente Quechua Quechua
Quechua Quechua
quw Tena Lowland Quichua Colombia-Ecuador Ecuadorian Imbabura- Colombia- Oriente Pastaza
Quechua Quechua B Colombia-Oriente Oriente Quechua Quechua
Quechua Quechua
qvz Northern Pastaza Colombia-Ecuador Ecuadorian Imbabura- Colombia- Oriente Pastaza
Quichua Quechua Quechua B Colombia-Oriente Oriente Quechua Quechua
Quechua Quechua
qvi  Imbabura Highland Colombia-Ecuador Ecuadorian Imbabura- Imbabura
Quichua Quechua Quechua B Colombia-Oriente Highland
Quechua Quichua
inb Colombian Inga Colombia-Ecuador Ecuadorian Imbabura- Colombia-
Quechua Quechua B Columbia-Oriente  Oriente
Quechua Quechua
qub Huallaga Hudnuco Quechua 1 Central AP-AM-AH Huallaga
Quechua Quechua 1 Huanuco
Quechua
qvm Margos-Yarowilca- Quechua 1 Central AP-AM-AH Panao-
Lauricocha Quechua Quechua 1 Union
gxh Panao Hudnuco Quechua 1 Central AP-AM-AH Panao-
Quechua Quechua 1 Union
gxn Northern Conchucos Quechua 1 Central Huaylay Conchucos
Ancash Quechua Quechua 1
gxo Southern Conchucos Quechua 1 Central Huaylay Conchucos
Ancash Quechua Quechua 1
qvh Huamalies-Dos de Quechua 1 Central Huaylay
Mayo Hudnuco Quechua 1
Quechua
qwh Huaylas Ancash Quechua 1 Central Huaylay
Quechua Quechua 1
qvw Huaylla Wanca Quechua 1 Central
Quechua Quechua 1
qvn North Junin Quechua  Quechua 1 Central Yaru Quechua
Quechua 1
quy Ayacucho Quechua Quechua 2 Ayacuchan
Quechua
qul  North Bolivian Quechua 2 Bolivian-
Quechua Argentinian
Quechua
qve Eastern Apurimac Quechua 2 Cuscan Cusco Quechua Eastern
Quechua Quechua Apurimac
Quechua
quz Cusco Quechua Quechua 2 Cuscan Cusco Quechua
Quechua
quk Chachapoyas Quechua San Martin-Amazonas Chachapoyas
Quechua Quechua
qvs San Martin Quechua San Martin-Amazonas San Martin

Quechua

Quechua

Table 11: ISO codes and their corresponding family information, including dialect classification, family, sub-family,
and clade structure.
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Language ISO Source
Huallaga Huanuco qub (Weber, 1989)
Quechua
Cajamarca Quechua qvc (Quesada, 1976)
Colombia—Ecuador qvi, (Carpenter, 1982)
Quechua gxr,
qvo
Southern Conchucos gxo (Hintz, 2017)
Ancash Quechua
Tena Lowland Quichua quw (Haboud de Ortega
etal., 1982), (Orr,
1992), (Orr, 1973)
Northern Conchucos gxn (Wroughton, 1988)
Ancash Quechua
Huaylla Wanca qvw (Raez, 1917),
Quechua (Cordero Crespo, 1955)
Caflar—Azuay—South qxr (Cerrén-Palomino,
Chimborazo Highland 1976), (Guzman, 1920)
Quichua

Table 12: Grammars with dialect-specific information
on polypersonal verbal agreement.

C Appendix: Results
C.1 Neural Model Variants

In addition to the configurations reported in the
main results, we conducted a series of exploratory
experiments to better understand the contribution
of linguistic features and input formatting in the
neural model under the full data setting (see Ta-
ble 13).

One consistent finding across these experiments
is that the ordering of linguistic tags relative to
the raw text has a sizeable effect on performance.
When both polypersonal and lexical rules were in-
cluded, an initial configuration appended tags after
the text (text + tags), yielding slightly lower perfor-
mance. Reversing this order (tags + text) resulted
in consistent improvements across runs, with the
strongest configuration achieving the highest over-
all performance of over 99% accuracy. Presenting
linguistically enriched features at the beginning
of the input sequence seems to guide the model
more effectively by foregrounding relevant struc-
tural cues prior to processing the surface form.

A further refinement involved examining the con-
tribution of individual affixes within the polyper-
sonal rule set. In particular, the suffixes man and
ki were hypothesized to introduce noise. The suffix
man can encode non-polypersonal meanings such
as directional or locative functions across dialects,
while ki is both orthographically and phonologi-
cally short and appears in a wide range of nominal
forms, potentially reducing its discriminative value.
Empirical results, such as those in Table 13, sup-
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ported this hypothesis: excluding these affixes led
to a consistent improvement in performance. Con-
sequently, the final neural configuration omits man
and ki from the polypersonal feature set.

C.2 Naive Bayes Chunking Strategy

For the Naive Bayes classifier, we conducted ad-
ditional experiments to evaluate the effect of doc-
ument chunking on model performance (see Ta-
ble 13). Specifically, we compared two configu-
rations: one in which all available chunks from
each document were used, and another in which
the number of chunks per document was capped at
50.

The results show that limiting the number of
chunks per document leads to a substantial im-
provement in performance. Without any restriction,
documents with larger amounts of text contribute
disproportionately more training instances, poten-
tially biasing the classifier toward dialects with
greater data volume. By capping the number of
chunks per document, the dataset becomes more
balanced across dialects, reducing this source of
skew.

C.3 Detailed Segmentation Results

A detailed breakdown of segmentation perfor-
mance by dialect family and data condition is
shown in Table 7.

In high-resource settings (all data), differences
between segmentation methods are relatively small.
As shown in Table 7, performance remains con-
sistently high across all segmentation strategies,
with only marginal variation in both weighted and
macro F1. In these conditions, standard frequency-
based methods such as BPE and Unigram achieve
the highest or near-highest scores across most fam-
ilies, which may indicate that sufficient data allows
models to learn effective sub-word representations
without explicit morphological guidance.

In contrast, segmentation choice has a slightly
more pronounced effect in the low-resource setting.
Across families, morphology-aware and hybrid ap-
proaches consistently outperform BPE when look-
ing at macro F1. In particular, PRPE+BPE and
Unigram yield the strongest and most stable perfor-
mance. For example, in the Quechua I and Quechua
II families, PRPE+BPE achieves the highest or tied-
highest macro F1, while Unigram performs best for
Quechua I under low-resource conditions. These
results indicate that morphology-aware or proba-



Model Data Rules Notes Accuracy Precision Recall F1
bayes all none unlimited chunk size 9145 9062 9145 8971
bayes all none limited chunks = 50 9461 .9539 9461 9385
neural  all verb+lexical  tags + text; no “man” or “ki” 9953 9953 9953 9951
neural  all verb+lexical  text + tags .9906 .9909 9906  .9906
neural  all verb tags + text; all affixes 9933 9933 9933  .9932
neural  all verb tags + text; no “man” or “ki” .9940 .9940 9940  .9940

Table 13: Additional experimental results on impact of chunk size constraints, rule-based linguistic features, and

input ordering of tags versus text.

Setting n AFl p(Wilcoxon) d F1 (rules)
All Data 27 +0.0015 0.133 0.324  0.957
Bible Only 25 +0.0008 0.285 0.148 0.996
No Bibles 10 +0.0649 0.398 0.342  0.570
NB x All (f) 27 +0.0241 0.502 0.234 0.534
B-only x NB 25 +0.0061 0.465 0.215 0.809

Table 14: Effect of linguistic rule augmentation across
different data conditions. Settings using verb rules in-
cludes: all data, bible only, no bibles, and no bibles
train by all data evaluation relaxed to family accuracy.
Setting under lexical rules include: bible-only train by
no bible evaluation. n denotes the number of dialects
evaluated. AF1 indicates the average change in F1 score
relative to the no-rules baseline. p (Wilcoxon) reports
the significance of paired differences across dialects. d
(Cohen’s d) measures effect size. F1 (rules) shows the
macro F1 score of the rule-augmented model.

Dialect Classifier Choice Total
qub quf quh quk qul qup quw qux quy quz other

qub 91 0 0 0 0 0 0 0 0 1 1 93
quf 0 121 0 0 0 0 0 0 0 0 0 121
quh 0 0 254 0 0 0 0 1 0 9 0 264
quk 0 2 0 0 0 0 0 1 0 0 2 5
qul 0 0 0 0 106 0 0 0 0 0 0 106
qup 0 0 0 0 0 133 0 0 0 0 0 133
quw 0 0 0 0 0 0 89 0 0 0 0 89
qux 0 0 6 0 0 0 0 14 0 3 0 153
quy 0 0 0 0 0 0 0 0 823 1 0 824
quz 0 0 21 0 0 0 0 2 0 2081 1 2105

other 0 0 1 0 0 0 0 0 0 0 0

Total | 91 123 282 0 106 133 89 148 823 2095

Table 15: Truncated confusion matrix for dialect classi-
fication on all data without rules.

bilistic segmentation may better support general-
ization when training data is limited.

Performance differences also vary by dialect
family (see Figure 5 and Figure 6). The Quechua II
model achieves the highest scores across nearly all
conditions, reflecting its larger and more balanced
training data. In contrast, the San Martin model
shows consistently lower performance across seg-
mentation strategies, suggesting greater sensitivity
to data sparsity. However, even in these lower-
resource families, PRPE+BPE improves macro F1
relative to BPE, which suggests that linguistically
informed segmentation provides some gains.

Dialect Classifier Choice Total
qub quf quh quk qul qup quw qux quy quz other

qub 91 0 0 0 0 0 0 0 0 1 1 93
quf 0 121 0 0 0 0 0 0 0 0 0 121
quh 0 0 247 O 0 0 0 0 0 17 0 264
quk 0 1 0 0 0 0 0 1 0 0 3 5
qul 0 0 0 0 106 O 0 0 0 0 0 106
qup 0 0 0 0 0 133 0 0 0 0 0 133
quw 0 0 0 0 0 0 89 0 0 0 0 89
qux 0 0 4 0 0 0 0 147 0 2 0 153
quy 0 0 0 0 0 0 0 0 823 1 0 824
quz 0 0 1 0 0 0 0 0 0 2104 0 2105
other 0 0 1 0 0 0 0 1 0 0 -

Total | 91 122 253 0 106 133 89 149 823 2125

Table 16: Truncated confusion matrix for dialect classi-
fication using verb rules on all data.

Dialect Classifier Choice Total
quf quh qul quy quz qve qvo qvw qwh other

quf 0 0 0 0 0 0 0 0 0 0 0
quh 9 8 16 47 19 3 1 12 11 35 161
qul 0 0 0 0 0 0 0 0 0 0 0
quy 0 0 0 394 0 0 0 1 1 0 396
quz 165 3 24 93 1020 198 14 92 24 38 1671
qve 0 0 0 0 0 0 0 0 0 0 0
qvo 0 0 0 0 0 0 0 0 0 14 14
qvw 0 0 0 0 0 0 0 0 0 0 0
qwh 0 0 0 2 0 0 0 1 4 7 14

other 0 0 0 0 1 0 0 0 0 -

Total | 174 11 40 536 1040 201 15 106 40

Table 17: Truncated confusion matrix for dialect clas-
sification on no rules model trained on only-Bible data
tested on no-Bible data.

Dialect Classifier Choice Total
quf quh qul quy quz qve qvo qvw qwh other

quf 0 0 0 0 0 0 0 0 0 0 0
quh 8 7 17 50 25 1 3 3 21 26 161
qul 0 0 0 0 0 0 0 0 0 0 0
quy 0 0 0 394 0 0 0 0 1 1 396
quz 35 8 29 97 1359 49 17 18 33 26 1671
qve 0 0 0 0 0 0 0 0 0 0 0
qvo 0 0 0 0 0 0 0 0 0 14 14
qvw 0 0 0 0 0 0 0 0 0 0 0
qwh 0 0 0 3 0 0 0 0 7 5 15

other 0 0 0 0 1 0 0 0 0 -

Total | 43 15 46 544 1385 50 20 21 62

Table 18: Truncated confusion matrix for dialect clas-
sification on lexical model trained on only-Bible data
tested on no-Bible data.



Weighted F1 by ISO Family, Segmentation, and Condition
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Figure 5: Weighted F1 scores by language family, segmentation method, and experimental condition. Each subplot
is a combination of data and rules; bars show performance trained on different Quechua families.
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Figure 6: Macro F1 scores by ISO language family, segmentation method, and experimental condition. Each subplot
is a combination of data and rules; bars show performance trained on different Quechua families.
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