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Abstract

Indigenous languages of the Americas face se-
vere endangerment, and the scarcity of cultur-
ally grounded resources remains a critical bar-
rier to revitalization efforts. We present the
AmericasNLP 2026 Shared Task on Cultural
Image Captioning for Indigenous Languages,
the first shared task dedicated to generating cap-
tions for images depicting Indigenous cultures
of the Americas, written in the Indigenous lan-
guages themselves. To support this, we intro-
duce and publicly release a newly constructed
dataset spanning five cultures and their domi-
nant languages: Bribri, Guaraní, Yucatec Maya,
Central Veracruz Nahuatl, and Wixárika. Eval-
uation follows a two-stage process, combining
automatic evaluation using ChrF++ with hu-
man evaluation of the top-performing systems
for each language. Eight teams participate, sub-
mitting 27 systems in total. Results indicate
that the task remains largely unsolved: while
the strongest systems produce understandable
captions, they fall short on descriptive detail
and, critically, cultural grounding.

1 Introduction

Many Indigenous languages of the Americas are
endangered, spoken by small communities and at
high risk of extinction. Revitalization depends on
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Figure 1: Approximate geographic distribution of the
five Indigenous cultures covered in this work

teaching materials that are costly and slow to pro-
duce (Chiruzzo et al., 2024). Image captioning is
unusually well-suited to address this gap: pairing a
culturally specific image with a caption in the tar-
get language teaches language and culture at once,
since the learner takes in not only the words but
the practices, objects, and settings they name. Yet
producing accurate captions is hard on two fronts.
First, even in the text-only setting, the most novel
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Bribri
Ù tsà̱bita a̱ ta̱ idir yirîrî. E'
yawèke ùkö wa, tsî̱ne̱t a̱ñì̱

ó̱mi̱k.
Palm segments are woven
together at the top of the
conical house. The suita
palm leaves are woven

really tight together.

Guaraní
Peteĩ kuimba'e oguata hína

tatapỹi ári; "Tata ári
jehasa" niko peteĩ ritúal

[...].
A man walking barefoot on
burning embers; "Tata ári

jehasa" is a ritual [...].

Yucatec Maya
Junkúul puut jach ya'ab u

yich beyxan yaan tu paachil
ya'abach u le' ja'as.

A papaya tree with many
fruits and many banana

leaves behind it.

Central Veracruz
Nahuatl

Se siuatsintli ika itlaken
xochijyo itlanpa se aueuetl

uejkapantik.
A girl in an embroidered

dress under a huge
ahuehuete tree.

Wixárika
Uká tú mati tatsiu h+xi

in+net+ hipame yu iwama
wa há mat+a.

The woman is harvesting
green tomatillos with
several colleagues.

Figure 2: Representative examples from each language. Each image is shown with the sentence in the target
language (italicized) and its English translation. Note that the English translation is not released.

NLP techniques still struggle with low-resource
languages (Mager et al., 2024; Weerasinghe et al.,
2025; Hettiarachchi et al., 2025); adding the visual,
multimodal dimension only raises the bar. Sec-
ond, accurate captions demand not just linguistic
competence but cultural knowledge—models fre-
quently exhibit substantial limitations in visual cul-
tural understanding, defaulting to Western-centric
depictions and interpretations (Nayak et al., 2024;
Winata et al., 2025; Liu et al., 2025; Bui et al.,
2025). Both challenges are thus barriers to build-
ing systems that serve Indigenous communities.

We introduce the AmericasNLP Shared Task
on Cultural Image Captioning for Indigenous Lan-
guages, the first effort to develop systems that gen-
erate accurate, culturally grounded captions for cul-
turally relevant images, written in the Indigenous
languages themselves. To make this possible, we
contribute a new dataset of images and captions
from five cultures and their dominant languages:
Bribri, Guaraní, Yucatec Maya, Central Veracruz
Nahuatl, and Wixárika; see Figure 1. Evaluation
goes beyond automatic metrics: we complement
them with a human evaluation to ensure that the
cultural and linguistic quality of generated captions
is assessed rigorously.

Eight teams participate, submitting 27 systems.
Our results show that the task remains largely un-
solved: while the strongest systems produce un-
derstandable captions, they fall short on detail and,
critically, cultural grounding. These findings high-
light the need for continued investment in culturally
aware, multimodal NLP for Indigenous languages.

The remainder of the paper covers the dataset

creation (Section 2), our evaluation process (Sec-
tion 3.1), the submitted systems (Section 3.2), as
well as results and additional insights (Section 4
and Section 5).

2 Dataset Creation

We describe the construction of our dataset, cover-
ing the cultures and languages represented, the im-
age collection and caption annotation procedures,
data collector recruitment, and dataset statistics.
Representative examples are shown in Figure 2.
We publicly release the development data in our
Github repository1 under the Creative Commons
NonCommercial license (CC NC-BY).2

2.1 Cultures and Languages
The shared task features 5 cultures and their dom-
inant languages: Bribri, Guaraní, Yucatec Maya,
Central Veracruz Nahuatl, and Wixárika.

Bribri The Bribri are an Indigenous people of
southern Costa Rica. They speak Bribri (BZD), a
Chibchan language used by an estimated 7,000
people (INEC, 2011). It is a vulnerable lan-
guage (Sánchez Avendaño, 2013), in that in-
creasingly fewer children speak the language.
The language has been documented through dic-
tionaries (Margery, 2005; Krohn, 2020), gram-
mars (Jara Murillo, 2018a), collections of oral
literature (Jara Murillo, 2018b; García Segura,
2016; Constenla, 1996, 2006), digital corpora

1https://github.com/AmericasNLP/
americasnlp2026

2https://creativecommons.org/licenses/by-nc/4.
0/
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Split Metric BZD GRN YUA NLV HCH

Dev (Train)
Instances 50 50 50 50 70
Avg. Words 14.9±5.0 21.6±7.7 11.3±5.5 8.3±4.4 16.0±5.5

Avg. Characters 93.3±30.7 154.6±51.1 71.1±40.9 61.0±31.3 92.7±28.1

Test
Instances 267 101 212 200 201
Avg. Words 13.4±4.1 21.9±7.3 15.2±9.1 5.9±3.1 12.0±4.3

Avg. Characters 83.1±22.3 146.1±48.9 95.4±59.4 43.2±22.5 69.8±22.7

Table 1: Dataset statistics for captions across our five Indigenous languages. Note that the dev split was originally
intended solely for evaluation, but subsequently released for training as the task proved challenging without any
in-language resources.

(Flores Solórzano, 2017), and learning materials
for adults (Constenla et al., 2004; Jara Murillo
and García Segura, 2013) as well as children
(Sánchez Avendaño, 2020).

Guaraní The Guaraní are an Indigenous peo-
ple of South America, primarily associated with
Paraguay but also present in parts of Bolivia, Ar-
gentina, and Brazil. They speak Guaraní (GRN),
a Tupi–Guaraní language with approximately 6.5
million speakers. Guaraní is a co-official language
of Paraguay and is spoken by the vast majority of
the population throughout the country, not being
confined only to certain regions or social groups.
This has resulted in many varieties of the language
with different levels of code-switching and borrow-
ing from Spanish, Portuguese, and other European
languages.

Yucatec Maya The Yucatec Maya are an Indige-
nous people of the Yucatán Peninsula of Mex-
ico, northern Belize, and parts of Guatemala.
They speak Yucatec Maya (YUA), a Mayan lan-
guage with approximately 800,000 speakers (IN-
EGI, 2020). The Maya civilization of the Yu-
catán Peninsula represents a living ancestral legacy
whose worldview deeply integrates nature, math-
ematical knowledge, and a cyclical conception of
time. Far from being reduced to an archaeologi-
cal past, contemporary Maya culture remains fully
active within the daily practices and community
dynamics of the region, where the language acts
as the backbone of cultural identity and collective
memory, as well as the social fabric. Essential ar-
chitectural and environmental elements, such as the
traditional Maya house, valued as a symbolic and
sacred space, along with detailed linguistic expres-
sions used to describe the surroundings and emo-
tional states, reflect a unique way of inhabiting and
understanding the world (Universidad Autónoma
de Yucatán, n.d.).

Thus, far from being a static system, Yucatec
Maya (maayat’aan) operates as a dynamic vehi-
cle through which communities conceptualize their
current environment, traditional agricultural knowl-
edge, and everyday experiences. Nevertheless, the
transition of this language toward modernity de-
mands going beyond mere patrimonialization or
discursive recognition; it requires a critical and ef-
fective exercise of refunctionalization that grants it
shared practical and technological spaces, thereby
guaranteeing its vitality in the face of contemporary
challenges (Briceño Chel, 2021).

Central Veracruz Nahuatl Central Veracruz
Nahuatl (alternatively Orizaba or Zongolica Nahu-
atl, Náhuatl central de Veracruz, ISO 639-3 NLV)
is one of approximately 30 formally recognized
varieties of Nahuatl, a Uto-Aztecan language (Val-
iñas Coalla, 2020). Many aspects of this language,
spoken in several municipalities in the state of
Veracruz, Mexico, in and around Orizaba, have
been discussed in linguistics research (Goller et al.,
1974; Tuggy, 1992, 1998). The Nahuas, the In-
digenous ethnic group associated with the Nahuatl
language, have diverse cultural practices that re-
flect their wide geographic distribution throughout
Mexico. In Veracruz, many Nahuas continue to
dress in traditional clothing and cultivate milpa
in the traditional Mesoamerican manner, in both
rocky/mountainous and marshy terrain.

Wixárika The Wixáritari (or Huichol) are an
Indigenous people of Mexico. They live in the
mountainous regions between the states of Jalisco,
Nayarit, Durango, and Zacatecas (Gómez, 1999).
They speak Wixárika (HCH), a polysynthetic lan-
guage belonging to the Uto-Aztecan language fam-
ily, spoken by approximately 50,000 people (IN-
EGI, 2020). This ethnic group possesses a strong
cultural identity, which is expressed through their
clothing, speech, and ceremonies, such as the drum,
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deer, and toasted corn ceremonies, among many
others (Anguiano, 1978; Neurath, 2002). Their
spiritual strength resides in the trinity of the peyote
(hik+ri), deer (kayumari), and maize (esquite). The
Wixaritari “hunt” the hik+ri during their pilgrim-
age to Wirikuta (Lumholtz, 1902), near the town
of Real de Catorce in the state of San Luis Potosí
(Martínez, 2006). From this plant, the marakate
receive the spiritual strength to guide the Wixárika
people and perform healings. Their primary eco-
nomic activities are agriculture—involving sea-
sonal migration to agricultural fields in Mexico’s
coastal regions—and the creation of handicrafts
(Zingg, 1982).

2.2 Images
This section describes the image collection pro-
cess, including general guidelines shared across
all languages and culture-specific details for each
community.

General Instruction For each language and cul-
ture pair, we recruit members of the respective In-
digenous communities for data creation and anno-
tation (see Section 2.4). We inform them about
the goals, methodology, and reasons why the data
collection is done and ask them to photograph ev-
eryday life in their communities, spanning a broad
range of domains—food, work, ceremony, and na-
ture. This community-driven approach ensures that
the images themselves are culturally authentic, re-
flecting the lived experience of each community.
We ask for pictures where humans are absent or not
recognizable, to maintain the privacy of the com-
munity members. In the cases where people are
shown, we either anonymize the images removing
faces, or get permissions from the individuals to be
part of the dataset.

Culture-Specific Details For Bribri, pho-
tographs are taken by cellphones or sourced from
publicly available collections (see Appendix B.1).
Images focus on important elements of Bribri
culture (e.g., agriculture, architecture, crafts and
material culture, and Talamancan landscapes)
while also depicting aspects of Indigenous life
elsewhere in Costa Rica and archaeological
objects.

For Guaraní, images are drawn from the daily
life of community members, supplemented by
open-source material from the web. As the lan-
guage is spoken throughout all society in Paraguay,
the images present a mix of indigenous and criollo

cultures, including food, activities, flora, fauna,
clothing, and some archaeological items.

For Yucatec Maya, community members photo-
graph everyday elements and activities, spanning
local food, domestic and milpa agriculture, trans-
portation, regional buildings, endemic plants, and
campus life. Data collectors show a shared interest
in documenting traditional and identity-defining as-
pects of their communities, such as hammock use,
flowers along pathways, domestic animals, and lo-
cal cuisine.

For Central Veracruz Nahuatl, a community
member travels to multiple neighboring Nahuatl-
speaking communities and collaborates with local
contributors to photograph daily life. Images are
captured using a Samsung Galaxy A53 smartphone.

For Wixárika, the collection reflects day labor,
life and nature in the sierra, and elements of every-
day community life.

2.3 Captions

For all images, we ask the same members of the
respective Indigenous communities to provide cap-
tions in their Indigenous languages. We addition-
ally collect Spanish translations to make the infor-
mation about the images easier accessible. How-
ever, we do not pass the Spanish captions on to the
shared task participants. Annotators are provided
with annotation guidelines and an illustrative exam-
ple (see Appendix B.2 for the full guidelines). The
guidelines encourage annotators to produce cultur-
ally enriched captions where appropriate: rather
than only describing the most salient object, cap-
tions should elaborate on the function, purpose,
or significance of objects, clothing, gestures, or
settings—but only where such elaborations are
grounded in what is visually present in the image.

2.4 Recruitment

The dataset is constructed with active involve-
ment of Indigenous community members, who con-
tribute both images and captions. We briefly de-
scribe each group below.

Bribri The Bribri annotations come from an L1
speaker of the language, who has worked as a
school teacher in the community.

Guaraní The annotators of the Guarani dataset
are four fluent native speakers who also participate
in other NLP projects. They are two women and
two men, and their ages range between 24 and 39.
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Yucatec Maya For the construction and evalu-
ation of the Yucatec Maya corpus, nine native-
speaking annotators are recruited from various
towns across the Maya region of Quintana Roo.
The team comprised both current students and
alumni from the Language and Culture, as well as
the Information and Communication Technologies
programs at the Universidad Intercultural Maya de
Quintana Roo (UIMQROO), with the assistance of
relatives and neighbors.

Central Veracruz Nahuatl The Nahuatl dataset
collection is organized and carried out largely by
a Nahuatl teacher and translator in the area of
Rafael Delgado, who has worked extensively on
pedagogical material, cultural communication, and
linguistic resources. He travels to multiple neigh-
boring Nahuatl-speaking communities and works
with other local collaborators.

Wixárika The dataset is created with the help
of the Zoquipan community members. All pic-
tures are either collected by the authors or by the
recruited community members.

2.5 Dataset Statistics

We report the dataset statistics in Table 1. Each lan-
guage has 50 instances in the development split—
originally intended solely for evaluation, but subse-
quently released for training and inference as the
task proved challenging without any in-language
resources—except for HCH, which has 70 as it
served as our pilot language. Test sets are con-
siderably larger, ranging from 101 instances for
GRN to 267 for BZD. Sentence length varies across
languages: GRN exhibits the longest sequences on
average (21.6 words in training, 21.9 in test), while
NLV is the most concise (8.3 and 5.9 words, respec-
tively).

3 Experimental Setup

3.1 Evaluation Process

We conduct a two-step evaluation process: (1) au-
tomatic evaluation and (2) human judgment of the
top-5 systems per language.

Automatic Evaluation We use chrF++ (Popović,
2017) to automatically evaluate generated captions
against our ground truth references. The top-5 sys-
tems for each language then proceed to the second
stage, the human evaluation.

Score Description

5 Fluent, natural, and culturally accurate. No
significant errors.

4 Well-written with minor flaws in detail or
cultural vocabulary.

3 Understandable, but inaccurate, incomplete,
or too vague.

2 Serious grammatical errors; description
mostly inaccurate.

1 Wrong language, incomprehensible, or un-
related to the image.

Table 2: Human evaluation scoring rubric (shortened,
see full description in Appendix C.1). We capture two
dimensions with the score: (1) language quality and (2)
fidelity to the image and correct use of cultural termi-
nology.

LANGUAGE NUMBER OF RATINGS IMAGES

BZD 320 267
GRN 228 101
YUA 212 212
NLV 200 200
HCH 201 201

Table 3: Number of ratings and images per language
used in human evaluation.

Human Evaluation Automatic metrics such as
chrF++ cannot capture the multifaceted ways in
which an image can be described. Moreover, since
our annotations contain only a single reference cap-
tion per image, human judgment provides a more
robust and nuanced assessment of system outputs.

To keep the annotation process lightweight, we
design a 1–5 rating scale intended to capture two
dimensions: (1) language quality and (2) fidelity to
the image and correct use of cultural terminology.
Our scoring rubric is presented in Table 2. Prior to
annotation, each annotator is shown a calibration
example containing five captions representative of
each score level. When multiple annotators rate
the same example, their scores are averaged per
example before computing the overall mean. All
test-set samples receive at least one annotation. We
report the number of ratings per language in Table
3. We further report the full guidelines with details
about the annotators in C.1.

To facilitate annotation, we develop a platform
which presents annotators with an image along-
side five captions submitted by the top-performing
teams, displayed in randomized order to avoid po-
sition bias. The reference caption is also provided
to assist annotators in their judgment. Figure 7
presents a screenshot of the annotation interface
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through which evaluators rate the generated de-
scriptions.

Overall Winner Points are awarded based on
each team’s rank in the human evaluation for each
language: 1st place receives 5 points, 2nd place 4
points, 3rd place 3 points, 4th place 2 points, 5th
place 1 point, and teams not selected for human
evaluation receive 0 points. A team’s total score
is the sum of their points earned across all five
languages.

3.2 Baseline
We provide participants with a baseline that fol-
lows a two-stage generate-then-translate pipeline:
a vision–language model (VLM) first produces a
caption in Spanish, which is then translated into the
target Indigenous language. We adopt Spanish as
a pivot language because the machine translation
resources available for Indigenous languages of the
Americas are predominantly paired with Spanish;
generating first in a high-resource language lets the
baseline leverage existing translation systems.

Stage 1: Captioning in Spanish We use Qwen3-
VL-8B-Instruct (Bai et al., 2025a) to generate
a Spanish caption for each image. The model
is conditioned on a culturally-informed system
prompt—drawn from publicly available encyclope-
dic sources—that is specific to each culture. The
prompt instructs the model to first describe what
is visually present, add only essential and visually
grounded cultural context, include target-language
terms where possible, and keep the caption concise.

Stage 2: Translation into the Target Language
The Spanish caption is translated into the target
language using the winning system (Gow-Smith
and Sánchez Villegas, 2023) from the Americas-
NLP 2023 Shared Task on Machine Translation
into Indigenous Languages (Ebrahimi et al., 2023).
As this system does not cover Yucatec Maya, we
report no baseline for that language.

3.3 Submitted Systems
We summarize each participating team’s approach
below. All results are shown in Tables 4, 5 and 6.

Gators (Dhawan et al., 2026) uses a two-stage
retrieval-augmented translation pipeline. A VLM,
either Qwen2.5-VL-72B (Bai et al., 2025b) or
Qwen3-VL-8B (Bai et al., 2025a), generates a
Spanish caption, which is then translated by
Gemini 2.5 Flash (Comanici et al., 2025) using

retrieval-augmented many-shot in-context prompt-
ing: BM25 retrieves similar Spanish–target pairs
from per-language parallel banks and supplies them
as in-context examples alongside development ex-
amples, with the number of retrieved and develop-
ment examples tuned per language.

Mila (Lara and Raval, 2026) post-trains Aya Vi-
sion 32B (Dash et al., 2025) in multiple stages:
supervised fine-tuning on Spanish–Indigenous-
language machine translation, optional reinforce-
ment learning with verifiable rewards, and a final
fine-tuning stage on image captioning, such that
the model generates captions directly in the target
language rather than via a Spanish pivot. They
additionally submit a zero-shot GPT-5.5 (OpenAI,
2026) direct-captioning system.

IUHoosiers (Shi et al., 2026) submits for
Guaraní only, using inference-time knowledge in-
jection, without any fine-tuning. For each image,
Gemma 4 31B (Farabet and Lacombe, 2026) pro-
duces a description that is used as a BM25 (Robert-
son and Zaragoza, 2009) query over four Guaraní
knowledge sources. The retrieved items, together
with a fixed grammar-book excerpt and interlinear-
glossed examples, are injected into the prompt to
generate the caption in a single pass.

6fanle (Wang and Yang, 2026) submits for
Wixárika only, using a modular Spanish-pivot
pipeline: CLIP (Radford et al., 2021) retrieves visu-
ally similar images to provide grounding examples,
Qwen3-VL-8B-Instruct (Bai et al., 2025a) gener-
ates Spanish caption candidates, the Sheffield 2023
MT system (Gow-Smith and Sánchez Villegas,
2023) translates these candidates into Wixárika,
and a character 5-gram language model reranks the
translations to select the final caption.

InclusionVLM (Bueno and Garg, 2026) com-
pares two approaches. Their cascaded system
pairs a VLM—Gemini 2.5 Flash (Comanici et al.,
2025)—, using concise persona-based cultural
prompting, with the Sheffield 2023 MT system
(Gow-Smith and Sánchez Villegas, 2023) as well as
a separate Spanish–Maya model for Yucatec Maya.
Their single-stage system adapts PaliGemma 2 3B
(Steiner et al., 2024) end-to-end via LoRA fine-
tuning (Hu et al., 2021), continued pretraining, and
multilingual joint training.

Yaduha (Cuadros et al., 2026) uses a schema-
constrained, LLM-assisted rule-based approach in
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TEAM
LANG.

BZD GRN YUA NLV HCH

baseline 7.01 20.14 – 9.52 16.91

6fanle – – – – 19.16†

IUHoosiers – 24.67† – – –
InclusionVLM 7.94 16.48 16.97† 14.06† 18.37†

Mila 11.73† 19.77† 15.99† 20.66† 19.01†

NAIST 19.37† 19.41† 15.80† 20.93† 19.84†

gators 17.90† 23.10† 21.11† 25.42† 17.58†

usp 10.95† 19.73† 10.83 9.49 13.68
yaduha 10.03† 16.90 23.41† 21.00† 15.61

Table 4: Automatic evaluation results for all participat-
ing teams. We report the best ChrF++ score per team
across all submitted systems. † marks the top-5 teams
per language, as those are selected for human evalua-
tion.

which the VLM never emits target-language text di-
rectly. For each language, a coding agent—Claude
Opus 4.7 (Anthropic, 2026)—authors a language
package—a Python module with a closed vocabu-
lary, Pydantic sentence schemas, and a determinis-
tic renderer—based on the development split and
public linguistic references. At inference, a VLM—
GPT-5 (Singh et al., 2026)—sees the image and
schema and emits a structured representation under
constrained decoding, which the renderer converts
into the surface caption.

USP (Fernandes, 2026) uses a two-stage cas-
cade pipeline in which Qwen3-VL-8B-Instruct (Bai
et al., 2025a) generates a culturally-prompted Span-
ish caption and a fine-tuned NLLB-200-distilled-
600M (NLLB et al., 2022) model, one per lan-
guage, translates it into the target language, trained
on AmericasNLP 2023 data augmented with pub-
lic parallel corpora. The team documents a failure
mode in which NLLB-200 lacks vocabulary entries
for Bribri and Maya and silently produces English
output.

NAIST (Vasselli et al., 2026) explores two strate-
gies. Their primary system performs nearest-
neighbor retrieval: it embeds the test image with
CLIP (Radford et al., 2021), finds the most similar
development image and returns its caption directly.
Their second system is a generation pipeline that
analyzes the scene, grounds the identified concepts
in dictionary entries, and retrieves gloss templates
alongside interlinear gloss representations to con-
strain generation in low-resource settings.

TEAM
LANG.

BZD GRN YUA NLV HCH

6fanle – – – – 2.48
gators 2.758 3.390 3.175 3.375 2.90
IUHoosiers – 3.448 – – –
InclusionVLM – – 1.108 1.185 2.33
Mila 1.994 1.764 3.203 1.560 2.21
NAIST 2.219 1.978 1.934 1.220 3.79
usp 1.086 2.410 – – –
yaduha 2.895 – 2.892 3.465 –

Table 5: Aggregated human evaluation scores. Each en-
try reports the mean rating on a 1–5 scale, where higher
scores indicate better language quality and greater image
fidelity. Bold indicates the highest score per language.
Underline indicates the second highest score per lan-
guage.

TEAM

LANG.
BZD GRN YUA NLV HCH TOTAL

gators 4 4 4 4 4 20
NAIST 3 2 2 2 5 14
yaduha 5 0 3 5 0 13
Mila 2 1 5 3 1 12
IUHoosiers 0 5 0 0 0 5
InclusionVLM 0 0 1 1 2 4
usp 1 3 0 0 0 4
6fanle 0 0 0 0 3 3

Table 6: Points per language and total. Bold indicates
the highest score per column; underline indicates the
second highest.

4 Results

We first report the automatic evaluation, and then
human evaluation.

Automatic Evaluation We report the per-
language ChrF++ scores for the best systems per
team and language in Table 4. Complete results
can be found in Appendix D.

Overall, most participating teams surpass the
baseline for at least one language. Notably, three
teams—Mila, NAIST, and gators—rank in the top-
5 across all five languages, reflecting strong and
consistent performance. Among these, NAIST
achieves the highest scores for BZD (19.37) and
HCH (19.84), while Gators leads for NLV (25.42).
Outside this group, Yaduha achieves the best score
for YUA (23.41), and IUHoosiers comes first for
GRN (24.67).

Human Evaluation Table 5 presents the human
evaluation results for the top-5 systems for each of
the five languages, and Table 6 the derived points
used to determine the overall winner.
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Figure 3: Rating distributions (1–5) of the best-performing system per language based on human evaluation. The
dashed vertical line indicates the mean rating for each system.

The gators team demonstrates the most consis-
tent performance, finishing second for every lan-
guage, which translates into the highest total point
score of 20. Per-language winners vary consid-
erably: Yaduha achieves the highest scores for
BZD (2.895) and NLV (3.465), Mila leads for YUA

(3.203), IUHoosiers for GRN (3.448), and NAIST
for HCH (3.79), where the margin over second place
is the largest, with 0.89 points. With 14 points,
NAIST finishes as runner-up overall.

Discussion Human evaluation scores suggest that
the task remains largely unsolved across all five lan-
guages. Even the strongest per-language systems
score between 2.895 (BZD) and 3.79 (HCH), indi-
cating that outputs are at best understandable but
lack the detail and cultural grounding that accurate
captioning demands. The gators team, our overall
winner, reflects this pattern well: despite finishing
second across all five languages, their ratings range
only from 2.76 (BZD) to 3.38 (NLV), reflecting con-
sistent but imperfect outputs. Performance varies
considerably across languages, though lower scores
may reflect more challenging images or greater dif-
ficulty of generation in that language for the mod-
els, rather than being a property of the language it-
self: Wixárika (HCH) sees the most reliable system,
with NAIST achieving a notably strong score of
3.79, while Bribri (BZD) and Yucatec Maya (YUA)
prove most challenging, with lower means.

Taken together, these results indicate that no sys-
tem achieves robust, culturally grounded caption-
ing across all five languages. The gap between
current outputs and fluent, culturally accurate cap-
tions underscores both the difficulty of the task
and the need for continued investment in culturally
aware, multimodal NLP for Indigenous languages.
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Figure 4: Average similarity between test captions
and their most similar development-set captions across
human rating buckets. Similarity is measured using
ChrF++.

5 Analysis

5.1 Quantitative Analysis

We further provide a quantitative analysis of the
outputs of the best performing system per language
according to our human evaluation (Table 5).

Rating Distribution Figure 3 shows the score
distributions of the best-performing system per
language. Wixárika (NAIST) stands out with a
strongly peaked distribution at rating 4 (77%) and
near-zero low-quality outputs. Note that NAIST
performed better than the second team by a sub-
stantial amount (3.79 vs. 2.90). Systems for Bribri
(Yaduha) and Maya (Mila) exhibit broader distri-
butions centered around rating 3, reflecting more
variable output quality. Guaraní (IUHoosiers) and
Náhuatl (Yaduha) fall in between, with moderate
concentrations at ratings 3–4. Overall, the distribu-
tions suggest that caption quality is lower for Bribri
and Maya while Wixárika benefits from the most
reliable system.
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Development–Test Caption Similarity vs. Hu-
man Ratings We examine whether human evalu-
ation scores on the test set correlate with the sim-
ilarity between test captions and captions in the
development set. To measure this, we compute
ChrF++ between each test caption and the most
similar caption from the development set. We ex-
clude Maya (Mila) from this analysis, since their
system did not make use of the development data.

Figure 4 reports the average ChrF++ score be-
tween most similar captions within each human
rating bucket. Overall, we observe a weak but con-
sistent positive trend: captions receiving higher
human ratings tend to be slightly more similar to
a development-set caption. This effect is more
pronounced for Wixárika and Bribri, where the in-
crease in similarity across rating buckets is clearer,
whereas other languages show a flatter, noisier pat-
tern. Notably, for Wixárika, the top-ranked system
(NAIST) directly returns development-set captions,
making this relationship explicit: its high ratings
are by construction tied to the development set.

Taken together, these results suggest that test-set
examples that are more similar to the development
split elicit higher-rated predicted captions.

5.2 Qualitative Analysis

We further present a qualitative overview based on
annotator comments collected following the human
evaluation.

Bribri The higher scoring descriptions for the
Bribri content focus on producing oversimplified
but grammatically plausible descriptions. These
are not capable of capturing the cultural intricacies
of the images, but they are at least able to provide
a readable description of some part of the picture
(e.g., a pot with a traditional stew of pork and yucca
in it, held by a woman, is described as Chkà tso’ ù a.
Pë’ tö chkà alö̀k "The food is in the house. People
prepare food"). The submitted systems also pro-
duce numerous hallucinations. For example, some
systems report seeing canoes on a river, where the
picture merely shows a river with ripples on the
water. In a picture of the important tradition of the
Ák kuk "pulling the stone" (Brenes Mora, 2024),
numerous men are seen wading in a river and car-
rying a large stone on a mesh of trunks similar to
a palanquin. Here the same hallucination shows
up again: one of the systems describes this as “Pë’
dàmi taîë kanò ki” meaning “Lots of people are
coming by canoe.”

Guaraní Systems in general had a good grasp
of what they needed to generate and were mostly
comprehensible, but often lost important details
that could be easily seen by humans.

Yucatec Maya Our annotators express surprise
at how accurately some models are able to describe
the images in their native language. They also note
instances where certain systems produce comical
descriptions of the visual content.

Central Veracruz Nahuatl Many of the captions
are impressive in their specificity and naturalness.
However, there are also many descriptions that veer
off-topic, are editorialized, and exaggerated aspects
of a seemingly idealized Nahua culture. In some
cases, captions are provided in Spanish instead of
Nahuatl.

Wixárika Overall, evaluation identifies a consid-
erable number of duplicated phrases. The annotator
reports that evaluation is hard as most descriptions
are hard to read and confusing. Nevertheless, the
systems also generate a set of good or excellent
descriptions. Finally, an important number of gen-
erations contain code-switching, or consist mostly
of Spanish words.

6 Conclusion

We present the AmericasNLP 2026 Shared Task
on Cultural Image Captioning for Indigenous Lan-
guages, the first shared task dedicated to generating
captions for images depicting Indigenous cultures
of the Americas, written in the Indigenous lan-
guages themselves. To support this effort, we create
a novel dataset for the task. Eight teams participate,
submitting 27 systems in total. Results indicate
that the task remains largely unsolved: while the
strongest systems produce understandable captions,
they fall short in descriptive detail and, critically, in
cultural grounding. These findings highlight both
the inherent difficulty of the task and the press-
ing need for continued investment in multimodal,
culturally aware models for Indigenous languages.

Limitations

We acknowledge several limitations of our data col-
lection and evaluation process. First, we collect
only a single caption per image, which limits the
reliability of the reference captions. Similarly, hu-
man evaluation annotations are sparse, with most
languages covered by only one or two annotators
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per item, which may introduce noise into the rat-
ings. Second, while we provide annotation guide-
lines, the asynchronous nature of the collection
process leads to inconsistencies across languages.
This is particularly evident in the development set,
which reflects the challenges of an initial annota-
tion round. Future work could address these quality
issues and refine the dataset.

Ethics Statement

This work contains pictures and descriptions taken
in the context of Indigenous communities of the
Americas. These groups have been historically
subject to discrimination, oppression, and colonial-
ism. This work is done with the aim of closing the
technological gap between Indigenous languages
and the majority language in NLP. That being said,
we recognize the risks of working in this setting.
Therefore, we take the following measures: all an-
notators and participants are informed about this
work, the goals, and where to download and read
the results; all annotators are community members
and are recognized for their work with an hourly
salary equivalent to that of a high school teacher in
their respective region. We additionally avoid using
pictures that contain human faces. In the case of
the inclusion of human faces, we either anonymize
the images or obtain explicit approval. Most of
the dataset is publicly available—the exception is
the held-out test set, which we retain to avoid data
contamination (when scraped by LLMs without
our permission). The data has been released under
the CC-BY-NC license, upon agreement with the
annotators. All annotators retain ownership of the
dataset. All decisions while creating the data col-
lections are taken based on the standards defined
by our field (Bird, 2020; Mager et al., 2023).
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A Related Work
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ing benchmarks such as MS-COCO (Lin et al.,
2015) and Flickr30k (Young et al., 2014) estab-
lished standard evaluation protocols for image de-
scription, but focus primarily on everyday Western
scenes. Nocaps (Agrawal et al., 2019) extended
this to novel object categories drawn from Open
Images. Dong et al. (2024) proposed a benchmark
and evaluation metric for detailed image caption-
ing, addressing the shortcomings of short-caption
benchmarks.
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Our work extends these efforts by encouraging
culturally enriched captions.

Cultural Visual Understanding. Several bench-
marks assess the cultural awareness of vision-
language models (VLMs). CulturalVQA (Nayak
et al., 2024) probes VLM understanding across
clothing, food, drinks, rituals, and traditions from
11 countries, but is restricted to English. CVQA
(Romero et al., 2024) presents a multilingual VQA
setting spanning 26 languages and 28 countries
with human-written questions. WorldCuisines
(Winata et al., 2025) provides a large-scale food-
centric VQA benchmark across 30 languages
sourced from Wikipedia, and ALM-bench (Vayani
et al., 2025) scales further to 100 languages, tar-
geting low-resource languages and diverse cultural
aspects.

However, none of these works addresses Indige-
nous communities and languages, a gap our dataset
fills.

B Detailed Dataset Creation

B.1 Bribri Image Creation Sources

For Bribri, we additionally source images from
three Costa Rican cultural institutions: the Sistema
de Información Cultural de Costa Rica (Sicultura),3

the Dirección de Gestión Sociocultural of the Min-
isterio de Cultura y Juventud,4 and the Universidad
de Costa Rica.5.

B.2 Caption Guidelines

The full annotation guidelines are provided in Fig-
ure 5. We further provide one correct and one
incorrect example caption. The correct caption
reads: “A wooden house, the so-called carretón,
built specifically to store food such as corn, also
serves as living quarters for people.” The incorrect
caption reads: “A Wixárika woman shelling corn to
make nixtamal”—chosen because the image does
not clearly convey that the corn is being prepared
for nixtamal.

C Detailed Experimental Setup

C.1 Human Evaluation Detail

For Yucatec Maya, the human evaluation phase
involved two computer science alumni who are na-
tive Maya speakers from the Yucatán Peninsula,

3https://si.cultura.cr
4https://www.dircultura.go.cr
5https://www.ucr.ac.cr

one from the Universidad Autónoma de Yucatán
(UADY) and the other from UIMQROO. For the
remaining languages, the same annotators who con-
tributed to data collection also conducted the hu-
man evaluation.

We report the full annotation guideline in Figure
6. Note that the guideline is in Spanish originally.
Furthermore, we show a screenshot of our annota-
tion tool in Figure 7.

D All Systems Results

We report the performance of all submitted sys-
tems in Table 7. Alongside chrF++, we also report
CIDEr (Vedantam et al., 2015), a metric originally
proposed for image captioning and widely adopted
in vision-language benchmarks. To our knowl-
edge, CIDEr has not previously been applied to In-
digenous language evaluation; we therefore adopt
chrF++ as our primary metric, given its stronger
track record in low-resource and morphologically
rich language settings (Ebrahimi et al., 2024).
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Team Ver. Bribri Guaraní Maya Nahuatl Wixárika

chrF CIDEr chrF CIDEr chrF CIDEr chrF CIDEr chrF CIDEr

6fanle v0 — — — — — — — — 19.16 0.0214

IUHoosiers v0 — — 24.39 0.1238 — — — — — —
IUHoosiers v1 — — 24.41 0.1351 — — — — — —
IUHoosiers v2 — — 24.41 0.1428 — — — — — —
IUHoosiers v3 — — 24.16 0.1284 — — — — — —
IUHoosiers v4 — — 24.67 0.1489 — — — — — —
IUHoosiers v5 — — 24.42 0.1668 — — — — — —
IUHoosiers v6 — — 24.04 0.1122 — — — — — —
IUHoosiers v7 — — 22.43 0.0738 — — — — — —
IUHoosiers v8 — — 24.41 0.1351 — — — — — —

InclusionVLM v0 7.94 0.0059 16.48 0.0465 16.97 0.0100 14.06 0.0031 18.37 0.0084
InclusionVLM v1 2.54 0.0002 7.61 0.0055 9.14 0.0059 — — 10.52 0.0014
InclusionVLM v2 — — — — — — — — 12.34 0.0078
InclusionVLM v3 — — — — — — — — 13.93 0.0079

Mila v0 11.73 0.0152 19.63 0.0314 — — 19.42 0.0332 18.81 0.0246
Mila v1 10.89 0.0086 19.77 0.0310 — — 19.85 0.0372 18.85 0.0249
Mila v2 11.31 0.0140 19.42 0.0520 — — 20.66 0.0415 19.01 0.0299
Mila v3 4.56 0.0058 12.80 0.0510 15.99 0.0950 19.72 0.0615 10.98 0.0096

NAIST v0 19.37 0.1167 19.41 0.0458 15.80 0.0424 20.93 0.0711 19.84 0.0422
NAIST v1 4.21 0.0007 9.71 0.0350 12.27 0.0918 10.09 0.0123 — —
NAIST v2 5.29 0.0018 8.33 0.0270 10.20 0.0555 15.34 0.0597 — —

baseline v0 7.01 0.0005 20.14 0.0050 — — 9.52 0.0015 16.91 0.0066

gators v0 10.64 0.0212 23.10 0.1243 21.11 0.1765 25.42 0.1795 17.58 0.0326
gators v1 17.90 0.1081 21.63 0.1271 — — — — — —

usp v0 10.95 0.0007 19.73 0.0236 10.83 0.0100 9.49 0.0001 13.68 0.0027

yaduha v0 10.03 0.0084 16.90 0.0379 23.41 0.1116 21.00 0.0284 15.61 0.0266

Table 7: Automatic evaluation results per team and submission version. Best result per language in bold.

293



Annotation Guidelines
Please follow these rules when writing image
descriptions:

1. Start with only describing what is
visually present.

• Focus on people, objects, animals,
settings, and clearly visible actions.
• Focus on the most salient visual

element(s).

2. IMPORTANT: Add cultural explanations
• Cultural enrichment: You must elaborate

on/explain the function, purpose, or typical
use of objects, clothing, gestures, or
settings, but only when these explanations
are grounded in what is visually observable.
• Visually observable: The function,

purpose, or typical use must be immediately
clear, without ambiguity, to any member of
the community.
• Do not infer identity, background,

profession, or cultural group unless it is
explicitly indicated by visible, unambiguous
cues. Better describe it with words, e.g. a
person wearing traditional ⟨Culture X⟩ clothes
vs. a ⟨Culture X⟩ person.

3. Be objective and neutral.
• Use factual, descriptive language.
• Avoid opinions or value-laden terms such

as “beautiful,” “cute,” “poor,” “aggressive”,
or “angry.”
• Avoid emotional interpretations (“sad

situation”, “exciting moment”, . . . ) unless
the emotion is visually undeniable (e.g., a
person visibly crying).

4. Description Format
• Sentences should neither be too short nor

too long. Try to be concise.
• Each sentence must contain a verb.
• Please pay attention to grammar and

spelling.
• The description should be 1–2 sentences

long.
• Additional comments are welcome.

Figure 5: Annotation guidelines provided to annotators
for writing enriched image captions. Guidelines empha-
size visual grounding, cultural context, objectivity, and
concise formatting.

Human Evaluation Guidelines
How to Rate

For each system description, assign a single
overall score from 1 to 5. Evaluate the
description along two dimensions:

1. Language Quality: Is it written in the
target language? Is it grammatically correct,
fluent, and natural? If the description is
poorly written or illegible, it cannot be
considered a good description.

2. Image Fidelity and Correct Use of Cultural
Terms: If the language quality is good—does
the description reflect what is actually seen
in the image? Does it use the correct
cultural terms? Would it seem respectful and
accurate to a member of the community?

Rating Scale

5 — Excellent: Fluent and natural language
with an accurate, culturally grounded
description of the image. Uses correct
cultural and technical terms. Nothing
significant to correct.

4 — Good: Clear, well-written language with a
correct description, but with minor flaws,
e.g., minor language errors, missing details
in the description, or imprecise cultural
vocabulary.

3 — Mixed: Language is mostly understandable,
but the description is mistaken about the
image, omits important content, or is too
vague to be clearly useful.

2 — Poor: Language has serious problems
(incorrect grammar, frequent errors, hard to
follow) and the description is largely
inaccurate. Still recognizable as an attempt
at a description.

1 — Unusable: Not in the target language, not
understandable as language, or bears no
relation to the image.

Figure 6: Rating guidelines provided to annotators for
evaluating enriched image captions (originally in Span-
ish).
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Figure 7: Partial screenshot of the human evaluation
annotation tool used in our study.
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