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Abstract

The AmericasNLP 2026 Shared Task chal-
lenges systems to generate culturally grounded
image captions in indigenous languages of
the Americas, a setting that demands both
cultural awareness and linguistic accuracy
for severely under-resourced languages. We
present IUHoosiers, Indiana University’s sys-
tem for the Guaraní track. Rather than fine-
tuning, our approach centers on inference-
time knowledge injection: for each test im-
age, we retrieve relevant Guaraní grammati-
cal and cultural resources using BM25 and in-
ject them into a large vision-language model’s
prompt alongside the image, enabling language-
specific cultural and linguistic grounding with-
out any parameter updates. IUHoosiers placed
first for Guaraní in both automatic evaluation
(24.67 chrF++) and human evaluation (3.45/5),
outperforming all other participating systems.

1 Introduction

The AmericasNLP 2026 Shared Task challenges
systems to generate culturally grounded image
captions in indigenous languages of the Amer-
icas (Bui et al., 2026). We focus on Guaraní,
a Tupi-Guaraní language that is spoken widely
across Paraguay, Brazil, Bolivia, and Argentina
and is the co-official language along with Spanish
in Paraguay (∼6.5M speakers). However, it is still
considered an under-resourced language across all
NLP resources (Chiruzzo et al., 2020).

Cultural captioning for Guaraní presents two in-
tertwined challenges. First, captions must be cul-
turally accurate: correctly distinguishing closely
related cultural items, such as mate from its cold
counterpart tereré, requires culturally grounded
knowledge that generic vision-language models
often lack. Second, the target language itself
is challenging: Guaraní is agglutinative with ac-
tive/inactive voice morphology and pervasive Span-
ish borrowing in everyday jopara speech (Estigar-

ribia, 2020), making linguistically correct output
non-trivial even for large language models.

Since the dev set contains only 50 image-caption
pairs and the gold labels follow a specific for-
mat, parameter-efficient fine-tuning (PEFT) meth-
ods (Mangrulkar et al., 2022) such as low-rank
adaptation (LoRA; Hu et al., 2022) may be prone
to overfitting without substantial data augmenta-
tion. We therefore focus on inference-time meth-
ods instead. Recent work suggests that grammar-
book and parallel-text context can improve low-
resource language generation without gradient up-
dates (Tanzer et al., 2023; Aycock et al., 2025;
Zhang et al., 2025), and we build on this finding
with retrieval-augmented prompting. For each
test image, we generate a text description, query
four Guaraní knowledge pools with BM25 (Robert-
son and Zaragoza, 2009), and inject the top-k re-
trieved items into the system prompt of Gemma 4
31B (Google DeepMind, 2025) to generate cap-
tions in a single forward pass. Additionally, we
explore a visual few-shot mode that injects cultural
images from Diccionario audiovisual multilingüe
del Paraguay (DAMPY)1 as multimodal context.
Figure 1 gives an overview of the full pipeline.

2 Approach

Why in-context learning? The AmericasNLP
2026 Shared Task spans five indigenous languages
(Guaraní, Bribri, Yucatec Maya, Wixárika, and
Nahuatl), each with very distinct typological prop-
erties, morphological systems, and cultural con-
texts. We believe the linguistic and cultural dis-
tances among these languages are too vast for any
single unified system to address all of them effec-
tively, and we take the view that in low-resource
settings, building one dedicated system per lan-
guage is the more principled approach. A language-
specific pipeline allows much more targeted injec-

1https://spl.gov.py/dampy/index.html
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Figure 1: Overview of the IUHoosiers pipeline for Guaraní image captioning. Given a test image (1), Gemma 4 31B
generates an EN/ES description (2) that is used as a BM25 query over four Guaraní knowledge pools (3): cultural
entries (DAMPY), parallel sentences (FLORES), dev-set gold captions (DEV), and a curated cultural knowledge
base (CUL). Step (3) operates in one of two modes: RAG dynamically selects the top-k entries per image via
BM25, while static mode takes the first n examples from the dataset regardless of image content (used in v6 and
v8; see Table 1). The retrieved context is combined with fixed resources (a 157-line grammar excerpt and 144
interlinear-glossed example blocks) into the system prompt (4). In visual few-shot mode (5), DAMPY images with
their captions are additionally injected as multimodal shots (dashed). Gemma 4 31B (6) consumes the assembled
prompt together with the test image and produces a Guaraní caption (7). EN: English, ES: Spanish, GN: Guaraní.

tion of relevant grammatical structure and cultural
knowledge than a one-size-fits-all system could
provide. We therefore build a Guaraní-specific
pipeline and adopt in-context learning (ICL) as
our core method. Recent work on extremely low-
resource languages shows that ICL, especially
when paired with explicit linguistic signals, can
outperform parameter-efficient fine-tuning when
the target language is poorly represented in the
base model (Li et al., 2025). The feasibility of in-
jecting many resources simultaneously is further
supported by recent long-context language models
(Gemini Team et al., 2024), which make it prac-
tical to include large amounts of in-context mate-
rial within one context window. At the same time,
work on culturally aware vision-language model-
ing has shown that standard VLMs often miss fine-
grained cultural distinctions, and that improving
cultural grounding may require either specialized
data construction or model adaptation (Huang et al.,
2025). Our approach therefore tests whether care-
fully selected grammatical and cultural knowledge,
injected at inference time, can close this gap with-
out any parameter updates. 2

2Code is available at https://github.com/
victorshi119/Cultural_Image_Captions_2026

Model. We use Gemma 4 31B (Google Deep-
Mind, 2025), a 31-billion-parameter vision-
language model with a 128K-token multimodal
context window. The original baseline prompt
(Spanish-language Guaraní captioning guidelines)
is used for all nine submitted configurations.

Fixed resources. Two resources are injected into
every prompt regardless of the test image: a 157-
line condensed grammar-book excerpt from Es-
tigarribia (2020) covering Guaraní morphosyntax,
voice alternations, and postpositional structure, and
144 interlinear glossed example blocks (surface
form / morpheme break / gloss / translation). Both
resources were adapted from Aycock et al. (2025),
who study grammar-book prompting across mul-
tiple low-resource languages including Guaraní.
Their preprocessed materials served as our starting
point.

We note that these distilled resources were gen-
erated with the assistance of Claude-Opus-4.7 in a
two-step process. First, we provided Claude with
the raw resource files together with the competi-
tion setting and asked it to reason about the most
effective format for injecting such resources into a
language model for in-context learning. Through
iterative discussion, Claude then produced prompts
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designed to reorganize and condense the original
materials into more model-friendly representations.
In a second, separate session, we supplied Claude
with the raw text resources together with the gener-
ated prompt in order to produce the final distilled
resources.

Dynamically retrieved pools. For each test im-
age a text description is generated and used as the
BM25 query (Robertson and Zaragoza, 2009). Four
resource pools are indexed and queried per image:

1. DAMPY: 111 culturally grounded entries
from DAMPY, Paraguay’s official audiovisual
dictionary (42 food, 47 fauna, and 22 flora
entries), each with bilingual Spanish/Guaraní
labels. We note that the DAMPY dataset we
scraped from the internet does not provide cap-
tions. We therefore generated bilingual cap-
tions in two steps: first, a VLM produced base-
line Guaraní captions for each image; then,
Claude-Opus-4.7 in Adaptive Thinking mode
refined those captions for cultural accuracy
and idiomatic Guaraní usage.

2. FLORES: English-Guaraní parallel sentence
pairs from FLORES-200 (NLLB Team et al.,
2022), a publicly available multilingual bench-
mark dataset providing in-domain Guaraní
sentence structure across a broad topical dis-
tribution (1,012 sentence pairs used).

3. DEV: the 50 gold Guaraní dev-set captions re-
leased by the shared task organizers, retrieved
by BM25 text matching per image to provide
in-domain captioning style. Since the compe-
tition only provides Guaraní labels, we aug-
mented the dataset with parallel English cap-
tions generated by Claude, which serve as the
BM25 query surface for retrieval.

4. CUL: a curated Guaraní cultural knowledge
base consisting of 22 thematic sections writ-
ten in Spanish, covering food, drink, dress,
architecture, household objects, flora and
fauna, festivals, children’s games, occupa-
tions, crafts, music, religion, mythology, and
idiomatic Guaraní caption style. Each section
is oriented toward visually identifiable entities
and includes Guaraní vocabulary, “visual cue”
sub-entries, and an explicit anti-stereotype
list. The base file was compiled by the au-
thors from Paraguayan web sources, then ex-
panded via a two-step LLM-assisted process

described in Appendix A. Since CUL is small
enough to fit in the context window, it is al-
ways injected in full into the system prompt;
BM25 retrieval is applied additionally to sur-
face the most image-relevant sections.

To be specific, the retrieval works as follows:
we first build a BM25 index over either grammar
sections for CUL, which is organized by section,
or paired entries for DAMPY, FLORES, and DEV.
Then, depending on the dataset, we ask a language
model (Gemma 4 31B) to first describe the image in
the relevant language, using English for FLORES
and Spanish for DAMPY, CUL, and DEV. We then
use BM25 to retrieve the corresponding relevant
Guaraní examples.

For the visual few-shot run (v7), instead of in-
jecting text-retrieved DAMPY entries, DAMPY
images and their Guaraní captions are injected as
multimodal few-shot examples in the prompt. In
the submitted run, these are selected statically (the
first 10 images from the dataset); BM25-driven
visual retrieval, where exemplars would be dynami-
cally matched per test image, was not implemented
in time (see Appendix B).

Prompt structure. Each request follows a four-
step process:

1. System prompt: Contains the captioning
guidelines, fixed grammar resources, and dy-
namically retrieved context blocks from CUL,
DAMPY, FLORES, and the dev captions.

2. Multimodal few-shot prompting: Optional
multimodal few shot examples are injected
depending on the retrieval setting. For visual
few shot runs, the retrieved DAMPY image
caption pairs are inserted here as multimodal
demonstrations.

3. Test image: The query image is provided to
the model.

4. Generation: The model generates a caption
in Guaraní.

Configurations. Table 1 summarizes the nine
submitted system configurations evaluated in the
shared task. Runs v0-v5 and v8 use text+RAG
mode, where examples from all four pools are dy-
namically selected using retrieval-augmented gen-
eration (RAG) based on similarity scores. Run v6
instead uses text+static mode, where a fixed set

238



Ver Mode DMP FLR DEV CUL

v0 text+RAG 5 100 5 5
v1 text+RAG 10 100 10 5
v2 text+RAG 15 100 10 5
v3 text+RAG 20 100 10 6
v4 text+RAG 15 120 10 8
v5 text+RAG 15 150 10 10
v6 text+static 3 30 0 0
v7 visual+static 10 30 0 0
v8 text+RAG 10 100 10 5

Table 1: Nine submission configurations. DMP:
DAMPY shots. FLR: FLORES shots. DEV: dev-set
shots. CUL: top-k CUL sections additionally surfaced
by BM25 (full CUL is always injected). In RAG mode,
shots are selected by retrieval score; in static mode, the
first n examples from the dataset are used. In visual
mode, DAMPY shots are injected as multimodal image–
caption pairs; in text mode, they are injected as text
only.

Ver Mode chrF++

v0 text+RAG 22.40
v1 text+RAG 22.02
v2 text+RAG 21.59
v3 text+RAG 21.90
v4 text+RAG 21.44
v5 text+RAG 20.43
v6 text+static 22.49
v7 visual+static 24.17
v8 text+RAG 22.02

baseline — 20.82

Table 2: Nine submission configurations and their dev-
set chrF++ scores, alongside the official baseline for
reference.

of examples is selected statically from DAMPY
and FLORES without retrieval. Run v7 uses vi-
sual+static mode, replacing DAMPY text exam-
ples with visual shots and using the first 10 images
from the dataset as fixed demonstrations. Across
all runs, the grammar book (157 lines) and interlin-
ear glossed text (144 blocks) are always included
as fixed context.

3 Results

3.1 Dev-set Results

Table 2 shows the results for each configuration on
the dev set. The dev set contains only 50 image-
caption pairs, which creates a tension in evaluation:
using dev-set captions as few-shot examples (as in
the full pipeline) would contaminate the evaluation,
so DEV shots are excluded when scoring on the
dev set.

Team Ver chrF++ CIDEr

IUHoosiers v4 24.67 0.149
IUHoosiers v5 24.42 0.167
IUHoosiers v1 24.41 0.135
IUHoosiers v8 24.41 0.135
IUHoosiers v2 24.41 0.143
IUHoosiers v0 24.39 0.124
IUHoosiers v3 24.16 0.128
IUHoosiers v6 24.04 0.112
IUHoosiers v7 22.43 0.074

gators v0 23.10 0.124
baseline v0 20.14 0.005
Mila v1 19.77 0.031
usp v0 19.73 0.024
NAIST v0 19.41 0.046

Table 3: Official test-set leaderboard (selected entries).
Eight of nine IUHoosiers submissions outperformed all
other teams. v5 achieved the highest CIDEr despite not
having the best chrF++.

3.2 Test-Set Results
Table 3 shows official test-set chrF++ and CIDEr
for all IUHoosiers submissions alongside compet-
ing teams. The best submission (v4) achieves 24.67
chrF++ and 0.149 CIDEr, a 4.53-point gain over the
official baseline (20.14) and a 1.57-point margin
over the next-best team (gators, 23.10). IUHoosiers
placed first for Guaraní in human evaluation with a
mean annotator rating of 3.45/5, versus 3.30 for the
second-ranked team; eight of our nine submissions
outscore every other team’s best result.

4 Analysis

4.1 Qualitative Analysis
Submission selection. We selected these nine
configurations from a larger candidate pool, with
final choices informed by chrF++ scores alongside
our personal judgement and our team’s working
knowledge in Guaraní and Jopara. While chrF++
was a useful signal for tracking progress during
the pilot phase, final selection was not driven by
it alone, as the metric measures character n-gram
overlap against a single gold reference and is there-
fore blind to semantic similarity and cultural cor-
rectness. A caption that correctly identifies a cul-
tural item but uses different surface forms than the
reference can score no better than one that gets the
cultural content wrong while sharing incidental n-
grams. Instead, selection applied two criteria. First,
output style: captions should match the concise,
visually specific register of the dev-set gold labels
and avoid formulaic boilerplate appended regard-
less of image content. Second, cultural accuracy:
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captions should correctly identify culturally spe-
cific items, especially when the discriminating cue
is visual and subtle. The BM25 retrieval pipeline
supports both: FLORES parallel context shapes
linguistic register and fluency, while DAMPY re-
trieval anchor culturally grounded vocabulary.

Figure 2: Test image grn_052. v4 (text+RAG) misiden-
tifies the drink as tereré and offers a generic cultural
gloss, while v7 (visual few-shot) correctly identifies
mate and provides richer cultural context as this version
situates it as a morning drink shared in the cool breeze
and reflecting its role in Paraguayan relational life.

[wrong] v4 (text+RAG)
Tereré ekípo oı̃va poyvi isañyju ári: guámpa yvyrágui, vom-
bílla ha térmo. Ko tembi’u ha y’u ha’e hína ñande reko
imbaretevéva ha omojoaju ñande reko Paraguáipe.
[correct] v7 (visual few-shot)
Mate ha guampakuéra oı̃va peteı̃ pano pytã ha hovy ári.
Ko tembi’u ha imombe’upy oñembopyre hína ñane reko
Paraguáipe, oje’u pyhareve yvytu ro’ysã jave.

Case study: mate vs. tereré. One notably cul-
turally specific image among the first ten test ex-
amples is grn_052, depicting a mate setup (gourd,
bombilla, pava kettle). Most text+RAG configu-
rations label it tereré; only v2 primarily identifies
it as mate, while v0 mentions both drinks. The
text+static run (v6) and the visual few-shot run (v7)
both correctly identify mate, but differ in descrip-
tive accuracy. v6 lists the objects present and ap-
pends a generic cultural phrase (“Mokõi guampa ha
peteı̃ pava oı̃ peteı̃ ao póipe. Ko’ãva ojeipuru mate
pyahúpe, ñane rembi’u ha y’u rekojera. Ohechauka
ñane ñemoirũ ha ñane tekopytã paraguáigua.” —
“Two guampa and a pava are in a pocket; these are
used in new mates, our food and drink recipes; it
shows our solidarity and our Paraguayan culture”),
while v7 visually grounds the scene (noting the red
and blue cloth), provides the correct ideal weather
setting (a morning drink taken in the cool breeze),
and articulates its social significance (reflecting re-
lationships and the surrounding environment). That
is to say, v7 shows more depth in understanding
than v6.

Text runs also tend to add repeated generic clos-
ing phrases (e.g., “Ko tembi’u ha’e peteı̃ rem-

biapokue tee Paraguáigui”, “this dish is a true
cultural product of Paraguay”) regardless of im-
age content, while gold captions use more varied,
image-specific language. The visual run produces
more image-specific descriptions, which explains
their higher qualitative character despite lower
chrF++ on the test set. Overall, the human evalua-
tion’s preference for IUHoosiers over competitors
reflects the generally higher Guaraní output quality
compared to translation-based baselines.

5 Conclusion

IUHoosiers achieved first place for Guaraní at
AmericasNLP 2026 using Gemma 4 31B with
BM25 augmented retrieval from four Guaraní
knowledge sources. Beyond the result itself, the
most practically useful contribution is the pipeline
design: language specific knowledge injection at in-
ference time without fine tuning rather than any par-
ticular hyperparameter choice. The broader take-
away is that carefully curated grammar and cultural
resources, injected at inference time, can remain
competitive without parameter updates. That is
the durable result worth carrying forward. Visual
few shot retrieval remains a promising but underex-
plored direction: dev set calibration (Appendix B)
showed visual shots outperforming text injection
by 1.41 chrF++ points, and BM25 driven visual re-
trieval, where exemplars are dynamically matched
to each test image, was not implemented in time
for submission and warrants future investigation.
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B Visual Few-Shot: Dev-Set Calibration
and Future Directions

Table 4 shows chrF++ from pre-submission cali-
bration experiments on the 50-image dev set using
static injection (fixed FLORES sentence counts
and DAMPY shot counts). These experiments ex-
plored a wider parameter range than the final v0–v8
submissions.

Mode Config (FLR / DMP) chrF++

visual 15 shots / FLR=50 24.43
visual 10 shots / FLR=30 24.17
visual 5 shots / FLR=30 23.49

text FLR=100, DMP=5 23.02
text FLR= 30, DMP=3 22.49
text FLR= 80, DMP=3 22.21
text FLR= 50, DMP=5 22.09
text FLR= 20, DMP=2 21.80
text FLR= 50, DMP=3 21.43

Table 4: Dev-set calibration results (static injection, 50
images). FLR: FLORES sentences injected. DMP:
DAMPY shot count. For visual runs, DAMPY images
are injected as few-shot context. The 10-shot/FLR=30
visual configuration corresponds to submitted run v7.

Visual few-shot consistently outperformed text
injection across all shot counts on the dev set. We
see that the best visual configuration (15 shots,
FLR=50) achieved 24.43 chrF++, a 1.41-point
lead over the best text configuration (FLR=100,
DMP=5: 23.02). These findings motivated includ-
ing visual few-shot among the nine official submis-
sions.

Two stronger visual directions were not pursued
due to time constraints. First, the 15-shot/FLR=50
configuration (24.43 on dev) was not submitted;
the submitted visual run (v7, 10 shots/FLR=30)
achieved 24.17 on dev and 22.43 on the test set.
Second, BM25-driven visual retrieval, which dy-
namically selects the most image-relevant DAMPY
exemplars per test image rather than using static
selection, was not implemented.

The submitted v7 trailed text BM25 (v4) by 2.24
chrF++ on the test set (22.43 vs. 24.67). We hy-
pothesize three contributing factors. First, the 50-
image dev set is small, so the best static shot count
may overfit to it. Second, the 111-entry DAMPY
pool covers only food, flora, and fauna; when a test
image falls outside this distribution, static visual
selection may return misleading exemplars. Third,
broad FLORES context (k=120/150) generalizes
across diverse test topics in a way that static visual
selection cannot when no relevant DAMPY entry

exists. BM25-driven visual retrieval would address
all three by dynamically matching exemplars to
each image, and is a natural direction for future
work.
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