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Abstract

This paper describes ongoing work to develop
a corpus of Cahuilla language from the John
Peabody Harrington collection, which con-
tains linguistic and ethnographic fieldnotes
documenting Indigenous languages of Cali-
fornia and other regions across the Americas.
Handwritten notes present numerous process-
ing challenges, including scratch-outs, multi-
lingual entries in Spanish and other Indigenous
languages, unique abbreviations, and varying
script orientations. We compare the efficacy
of deep learning text recognition models to
convert images of the notes into a machine-
readable format, with a focus on respecting
tribal data sovereignty in our methods. We
find that Pylaia is the most accurate model for
our data. Finally, we present the preliminary
findings and indicate future directions for de-
veloping a Cahuilla corpus.

1 Introduction

The John Peabody Harrington (J.P., for short) col-
lection represents a monumental record of over 100
Indigenous languages (Harrington, 1907). While
the collection has been digitized by the Smithso-
nian Institution', most of the handwritten notes
have not been converted into a machine-readable
format. Of interest to this paper is the estimated
6,000 pages of notes on the Cahuilla language, an
endangered language of Southern California (Si-
mons and Fennig, 2018).

The goal of this work is to create and share
a searchable corpus of the Harrington notes on
Cahuilla with the Cahuilla community. A search-
able corpus will support linguistic and downstream
Natural Language Processing (NLP) research, as
well as support community goals in the urgent work
of language revitalization. A secondary objective is
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to create a broadly applicable and replicable model
for transcribing the remainder of the J.P. Harring-
ton fieldnotes. This initiative has the potential to
substantially assist the more than 100 Indigenous
communities with whom Harrington collaborated
in gaining access to a wealth of knowledge about
their languages. This paper presents preliminary
work to identify the most accurate and efficient
Handwritten Text Recognition (HTR) approach for
converting the Cahuilla notes in the collection into
a machine-readable format. We also describe a
data sovereignty framework for working with the
Cahuilla community that can be applied more gen-
erally to similar projects with other Indigenous
language communities.

2 Overview of Cahuilla Language and
Tribal Communities

Cahuilla (chl - ISO 639-3, henceforth referred to
by the endonym: 'ividu?at) is a Native American
language of Southern California with few first-
language speakers remaining. Today, 'iviAu?at is
being spoken and reclaimed across many Cahuilla
reservations and communities”. 'ivifu?at, along
with Luisefio, Acjachemem (Juanefio), and Cupeilo,
comprise the Cupan sub-group of languages that
are part of the larger Takic branch of Uto-Aztecan
languages (Hill and Hill, 2019). There are three
dialects of 'iviAu?at: Mountain, Desert, and Pass or
Wanakik. 'ivifu?at is an agglutinative, head-final
language with SOV word order (Seiler, 1977).
The orthography in the J.P. Harrington collec-
tion is the Americanist Phonetic Notation (APN)3.

*There are currently nine federally recognized tribes
that identify themselves as Cahuilla: Agua Caliente Band
of Cahuilla Indians, Augustine Band of Cahuilla Indians,
Cabazon Band of Mission Indians, Cahuilla Band of Indians,
Los Coyotes Band of Cahuilla and Cupefio Indians, Morongo
Band of Mission Indians, Ramona Band of Cahuilla Indians,
Santa Rosa Band of Cahuilla Indians, and Torres Martinez
Desert Cahuilla Indians.

3Also known as the North American Phonetic Alphabet
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For this project, these characters will be converted
into a code suitable for integration into text files
within our database, and later transliterated into
the community-preferred orthography (see (Huaute,
2023) for orthographies).

3 Overview of J.P. Harrington Collection

Recognized as one of the most prolific documentar-
ians of California Indian languages, J.P. Harrington
compiled over one million pages of cultural and
linguistic fieldnotes covering more than 135 lan-
guages in California and the Far West from 1915 to
1954 (Mills and Ann, 19876). However, the com-
munities whose ancestors collaborated with him
have yet to achieve comprehensive access to, or
benefit from, this valuable knowledge, a gap this
project seeks to address.

Numerous scholars and workshops over the
years aimed to make the data easily searchable®
(Golla, 1991). A large-scale effort to manually
transcribe, annotate, and format the collection into
a database was undertaken at the University of Cal-
ifornia, Davis (Macri, 2010), resulting in the tran-
scription of 67 reels of data, or roughly 235,000
sentences, representing 16 languages®. The main
work concluded in 2013, and while the resulting
database is not publicly available, the transcribed
files are available upon request®. To the best of our
knowledge, no prior work has attempted to con-
vert any portion of the JP Harrington images into a
machine-readable format using HTR techniques.

For this project, we aim to convert approximately
6,000 pages on the Mountain Cahuilla dialect. The
bulk of the entries from this series were provided
by Adan (Adam) Castillo, a Mountain Cahuilla
speaker from the Soboba Indian Reservation.

3.1 Challenges of the collection

A significant challenge is that the notes are hand-
written, with characters of varying shapes and sizes.
An example page is shown in Figure 2. Harrington
also wrote sporadically in cursive and in varying
orientations, both of which automatic recognition
approaches often struggle with (Khan et al., 2023;
Pavlenko and Blackledge, 2004).

An additional challenge is that the collection
is multilingual, with English, Spanish (Anderton,
(NAPA)

*http://www. rock-art.com/jph/nle4.htm

3Obtained via personal communication

6https://nas.ucdavis.edu/
jp-harrington-database-project

1991), and multiple Indigenous languages present.
Finally, Harrington’s prolific use of abbreviations
(Woodward and Macri, 2005) and inconsistencies
in orthographic representation raise interpretability
issues.

4 Review of Relevant Literature

4.1 Data sovereignty

In response to Indigenous communities’ concerns
about the development of large data centers and
the expansion of Al technologies (Cox, 2025), we
adopt data sovereignty as a foundational princi-
ple guiding this project. Central to the Indige-
nous Data Sovereignty movement is the idea of
self-determination for Indigenous peoples and their
sovereign right to own and control their data, which,
in this work, includes linguistic data (Holton et al.,
2022). The development of international standards
for data sovereignty governance, such as the CARE
principles (Collective benefit, Authority to control,
Responsibility, and Ethics) (Carroll et al., 2023),
are also informative for our data sovereignty pol-
icy. Finally, a recent publication (Holton et al.,
2022) notes potential licensing issues associated
with “Terms of use” clauses when using third-party
apps, such as Google Drive and iCloud. This was
a consideration as we reviewed large platforms
for our project, such as Transkribus (Kahle et al.,
2017), eScriptorium (Kiessling et al., 2019), and
OCR4ALL (Reul et al., 2019). However, many
platforms we reviewed were not explicit and trans-
parent in how shared data is stored and protected,
leading us to not pursue these platforms as a viable
approach.

4.2 Text recognition

Deep learning models, such as convolutional neu-
ral networks (CNNs) (Alam et al., 2025), recur-
rent neural networks (RNNs) (Keshri et al., 2018),
and, more recently, the two combined as convo-
lutional recurrent neural networks (CRNNSs) (Shi
et al., 2016), are effective at HTR tasks (Idris and
Taha, 2022; AlKendi et al., 2024; Balci et al., 2017;
Dash et al., 2024). Important aspects of the Har-
rington collection are multilingualism, abbrevia-
tions, and cursive, which deep learning models
have demonstrated the ability to recognize (Alam
et al., 2025; Romein et al., 2025; Al-Saffar et al.,
2021).

Some popular online platforms that utilize HTR
have been developed specifically for converting
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archival documents to machine-readable text (e.g.,
Transkribus, OCR4all) but may not be universal, as
we find that they have mostly been trained on large
Indo-European languages. Automatic text recogni-
tion has meaningfully aided in the documentation
of other Indigenous languages with digitized text
resources (Carrera et al., 2024; Agarwal and Anas-
tasopoulos, 2025, 2024).

5 Methods

Due to the collection’s volume and the time and ef-
fort required for manual transcription, we propose
developing an HTR approach to efficiently convert
the scanned images into a machine-readable format.
In this current work, we implemented three deep
learning models that align with our data sovereignty
policy. We compare the models to determine the
most accurate approach, potentially reducing the
need for additional post-processing steps.

5.1 Data Sovereignty Policy

To ensure maximal collective benefit of our project,
our primary goal is to generate a machine-readable
and searchable database of the J.P. Harrington
‘ivifu?at fieldnotes that can be provided to Cahuilla
community members in a format they can easily
access and understand.

Given the potential issues indicated in Section
4.1 and (Holton et al., 2022), we utilized only lo-
cally hosted models for this stage of the project. At
later stages, we will work closely with the Cahuilla
communities to develop a plan for data storage, cu-
ration, and access protocols. This approach aligns
with the second CARE principle, authority to con-
trol (Carroll et al., 2023).

5.2 Preprocessing Images

We used a sample of 66 pages for our experiments.
All downloaded PDF files” were converted into
JPEG files of each page. We implemented a Python
interface to create sliced images by selecting just a
word, line, or single letter from a given JPEG. This
approach allowed us to resolve issues in orientation
changes and to omit scratch-outs. However, this
resulted in slices of different dimensions.

The Pylaia and Jax libraries automatically cor-
rect image size differences. For our baseline CRNN
model, we added a padding strategy to standard-
ize the sizes. Figure 1 illustrates padding for 3
different slices.

7https ://sova.si.edu/record/naa.1976-95/
search?g=cahuilla&t=W&o=doc_position
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Figure 1: Example of padding to standardize image
"slices" sizes. Slices can be lines, words, or singular
characters.

5.3 Training and testing data

Next, we created ground-truth labels for each slice.
Decomposed characters, such as s, were substituted
for a composed character for ease and accuracy.

We then reviewed the dataset for word and char-
acter frequencies. There are 390 unique and 845
total words in the training set. "Cah", shorthand
for "Cahuilla", appears the most (46 times). The
majority of words are in English, 46 in Cahuilla
(5% of total), and 21 in Spanish (roughly 2%).

The prediction character set contains at least
86 glyphs, including upper and lowercase English,
Spanish, Cahuilla, and some IPA characters. The
most commonly occurring characters are: space
(369), e (310), a (284), 0 (262), and t (230). Thir-
teen characters appear only once. Not present in
the data are: U, V, X, Z, z, 6, and Cahuilla £.

The 66-page sample resulted in 494 slices. We al-
located roughly 5% of the slices as a limited evalua-
tion set. Given the small set of training examples at
this preliminary stage of the research, we proposed
comparing the models’ performance on an unbal-
anced (raw) data set to that on a balanced data set.
The merits of using the real-world representation
(i.e., unbalanced) of characters are that the models
will focus on learning the most highly occurring
characters. In contrast, oversampling, or creating a
balanced data set, is thought to encourage models
to learn all characters (Kaur et al., 2019). As it
is crucial to recognize Cahuilla, which occurs less
frequently, we proposed testing the models on both
balanced and unbalanced datasets. We created a
balanced dataset using a Python script, ensuring
that each character appears at least 60 times.

5.4 Models

All experiments were completed on a MacBook
Pro M2. Training and testing sets were manually
configured so that model results would be compara-
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ble. At this early research stage, we did not explore
additional fine-tuning of the models.

1. Baseline CRNN We implemented a CRNN
model in Python using the TensorFlow (Abadi et al.,
2015) and Keras (Chollet et al., 2015) libraries. The
model is a three-block CNN with ReL.U activations.
The recurrent component is a single bidirectional
LSTM.

2. Pylaia: Pylaia (Tarride et al., 2024) is a pop-
ular Python text recognition library that uses the
deep learning framework PyTorch (Paszke, 2019).
Pylaia powers historical text documentation plat-
forms like Transkribus (Park, 2025).

Our Pylaia model comprises a four-block CNN,
each block incorporating LeakyReLU activations
and batch normalization. The recurrent component
consists of three bidirectional LSTM layers.

3. Jax: Jax (Bradbury et al., 2018) is a Python
library recently created by Google that is opti-
mized for memory usage for large machine learning
model development (Sapunov, 2024). Limited pre-
vious research using Jax has shown promising per-
formance on computer vision tasks, such as medi-
cal imaging classification (Becirovic et al., 2025)
and recognizing handwritten structured medical
notes (Kale et al., 2025). Given that it can be run
locally, we proposed to include it in our comparison
experiments.

Our model consists of a 3 CNN layers followed
by a bidirectional GRU and a linear classification
layer trained with CTC loss. The model is opti-
mized with Adam using a warmup schedule and
gradient clipping.

6 Results

We found that the baseline CRNN approach was
the most time-efficient of the models; the Pylaia
and Jax models took 6-10 hours to train and test on
the balanced dataset. Pylaia also frequently ran into
issues with exceeding memory allocation. It may
be a consideration for language communities with
fewer technological resources to know the time
and memory requirements for each model. We
also reviewed the models’ performance for overall
accuracy and by language.

1. Overall performance: The results are given
in Table 1. Pylaia was the best model in terms of
both overall word error rate (WER) and charac-
ter error rate (CER), and then the baseline CRNN
model and Jax on the balanced data. Performance
across the models mostly declined on the unbal-

anced data. This indicates that the balanced data
had a positive effect on the models.

2. Performance by language: Next, we re-
viewed each model’s performance by language
(also in Table 1). Again, there was an improve-
ment by all the models when using the balanced
data. No model had zero errors on the unbalanced
data. It is assumed that a language model is pro-
duced as a result of the RNN layer(s) in a CRNN
(Dash et al., 2024). Both the Pylaia and baseline
CRNN use LSTMs as the RNN layers; it is notable
how much better the Pylaia model recognizes let-
ters overall and performs on the two languages that
are underrepresented in the data than the baseline
CRNN.

7 Conclusions and Future Work

This initial work towards creating a corpus of the
Cahuilla language compared the performance of
deep learning models in converting handwritten
text into a machine-readable format. We found
that the Pylaia model achieved lower CER than a
baseline CRNN and Jax models when trained and
tested on the same data.

In future work, we will prepare additional train-
ing data covering the missing letters indicated in
Section 5.3. Our results indicate that we should
use the balanced data for the rest of the HTR work.
We will explore computing power resources (such
as servers or a more powerful computer) that align
with our data sovereignty policy in the next step
using Pylaia, as we anticipate that the computer
used for the experiments in this paper will be in-
sufficient for a larger training set. We will also
consider post-processing correction approaches.

Our data sovereignty policy will continue to be
refined and determined in future steps. Collabo-
rative consultation with Cahuilla communities for
guidance, reflection, and sharing throughout the
project will ensure that researchers behave ethi-
cally and follow cultural protocols throughout the
project and post-project, ensuring responsibility to
the community (Leonard and Haynes, 2010). Our
data management plan will include provisions for
using cloud and server storage solutions that re-
spect data sovereignty. Finally, we acknowledge
the importance of maintaining flexibility and will
revise the project’s data sovereignty policy in close
consultation with the Cahuilla community.
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Limitations

Our data sovereignty policy helped to determine
the models selected. LLMs were necessarily ex-
cluded because they did not align with the policy.
We note that the computer used for the experiments
was a limitation, as it was not the most powerful
or the most recent MacBook. The performance
of the models, especially with regard to running
times, would differ on a different (more power-
ful) computer. However, we also recognize that
technological limitations may be a factor for other
Indigenous communities considering this type of
work, who may have limited financial capacity and
access to powerful computing resources.

As there are few HTR publications using Jax to
compare our results to, we are limited in our ability
to hypothesize about the model’s performance; it
may be attributable to some aspect of our limited
sample data.
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Figure 2: A page from the J.P. Harrington collection, demonstrating some of the variations in orientation, scratch-out,
multilingualism, and cursive challenges unique to the data.

CER WER

Overall English Spanish Cahuilla | Overall English Spanish Cahuilla
Balanced
CRNN 75.64 72.29 69.23 90 128.57 95 300 200
Pylaia 9.62 25.61 0 0 21.43 30 0 0
Jax 83.97 83.33 84.62 83.13 107.14 24286 100 100
Unbalanced
CRNN 80.13 78.31 84.62 86.67 103.57 95 200 114.29
Pylaia 61.69 51.22 69.23 81.67 75 48.78 100 100
Jax 96.15 95.18 92.31 98.33 100 100 100 100

Table 1: Results for each model of the character error rate (percent) and word error rate (percent) in each language.
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