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Abstract

This paper describes the QUESPA team’s
speech translation (ST) submissions for the
Quechua to Spanish (QUE–SPA) track of the
IWSLT 2026 Evaluation Campaign on dialectal
and low-resource speech translation. The cam-
paign supports a single submission category,
namely unconstrained. This marks our fourth
consecutive participation in the IWSLT shared
task, building upon prior systems with substan-
tial improvements. Our 2026 submission com-
prises three unconstrained-only systems. The
best-performing system (contrastive 2) extends
our strongest model from the previous year
by leveraging a high-performing pre-trained
language model (PLM) for end-to-end speech
translation without cascading, augmented with
additional Quechua–Collao text – now made
available on the IWSLT GitHub. Fine-tuning
Microsoft’s SpeechT5 model in an ST setting,
combined with targeted data augmentation, re-
sults in a BLEU score of 27.2 on the offi-
cial evaluation set. Additionally, we evaluate
prompt-based machine translation using Gem-
ini, DeepSeek, GPT-5, Claude, and Qwen for
the first time. Aside from that, we introduce
SIDON, an audio enhancement framework de-
signed to improve audio quality. This paper pro-
vides a comparative analysis across our current
and three previous IWSLT submissions, with a
detailed examination of the impact of synthetic
data, unconstrained external resources, and au-
dio enhancement techniques on fine-tuning per-
formance. Our results highlight the comple-
mentary role of PLM-based ST, LLM prompt-
ing, and ASR enhancement in advancing low-
resource speech translation.

1 Introduction

In this article, we describe our three systems that
were submitted to the IWSLT 2026 Low-Resource
Track for Speech Translation (ST) (?). The IWSLT
task is particularly challenging for low-resource
languages (LRLs) due to the lack of data needed to

create, or even fine-tune, a pre-trained language
model (PLM). While many problems are solv-
able with privatized large-language model (LLM)
prompting approaches, our experiments show that
for Quechua–Spanish zero-to-few shot approaches
outperform those approaches.

Here, we describe three main approaches that
extend previous approaches submitted in the past
three iterations of IWSLT (Agostinelli et al., 2025;
Ahmad et al., 2024; Agarwal et al., 2023) where
the best score achieved for ST until this publish-
ing based on BLEU (Papineni et al., 2002) for the
Quechua to Spanish task was: 26.7, submitted by
the QUESPA team.

Quechuan languages represent a family of In-
digenous language spoken by more than 8 million
people in the Andean region of South America.
They are primarily spoken in Peru, Ecuador, and
Bolivia where the colonial high-resource language
(HRLs) is Spanish. Quechuan languages are highly
agglutinative, with a large inventory suffixes (e.g.,
tense, person, evidentiality) that is structurally sim-
ilar to languages like Finnish and Turkish. It is
worthwhile to note that previous work (Barbaran
and Ticona, 2024; Ahmed et al., 2023; Ortega et al.,
2020; Ortega and Pillaipakkamnatt, 2018) has had
some success in identifying the inflectional prop-
erties of Quechuan languages where the addition
of an HRL, namely Finnish, can aid for transla-
tion purposes achieving nearly 20 BLEU on litur-
gical (text-only) tasks. The average number of
morphemes per word (synthesis) is approximately
two times larger than English, a non-agglutinative
language. English typically has around 1.5 mor-
phemes per word, and Quechua has roughly 3 mor-
phemes per word. There are two main regional
divisions of Quechua known as Quechua I and
Quechua II (Torero, 1964). This data set consists
of two main types of Quechuan languages spoken
in Ayacucho, Peru (Quechua Chanka ISO:quy) and
Cusco, Peru (Quechua Collao ISO:quz) which are
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typically classified as Quechua II and, thus, consid-
ered a “southern” languages. We label the data set
with que - the ISO norm for Quechua II varieties.

The QUESPA team this year consists of four
organizers from five different institutions: North-
eastern University (USA), Pompeu Fabra Univer-
sity (Spain), Barcelona Super Computing Center,
University of Alberta (Canada) and University of
Georgia (USA). Three new organizers have been in-
troduced this year who have linguistic expertise in
Quechua, prompting, and automatic speech recog-
nition (ASR). This year, only two of the organizers
from the IWSLT 2025 have continued to work on
the project. Two of the five total organizers have
had experience with the QUE–SPA language pair in
the past and submitted have already submitted three
times to IWSLT, making this article the fourth sub-
mission with an increase of BLEU score for each
year’s submission. We report the QUESPA consor-
tium submission for the IWSLT 2026 task (?) and
once again focus on the low-resource task at hand
by combining all the two dialects Quechua I and
II into one. However, we specifically make use of
the Quechua II variant in Collao (ISO:quz), given
the addition of a new corpus to our data set, made
more explicit and official this year as an available
corpus on Github.1

The remainder of this article is structured as fol-
lows. Section 2 presents the related work. Since
we intend to highlight the addition of our machine
translation (MT) comparisons and systems by a
new collaborator, we provide an overview specif-
ically of the MT delivery in Section 3.1. Follow-
ing that, experiments for the for QUE–SPA low-
resource track are presented in Section 3 with their
results explained in Section 4.

2 Related Work

In this section, we first cover the different ap-
proaches used in previous speech processing shared
tasks for Quechua (Section 2.1). We then discuss
prior work that utilized a similar strategy to our pri-
mary submission to the unconstrained track (Sec-
tion 2.2).

2.1 Quechua Speech Processing

The previous iteration of IWSLT (Agarwal et al.,
2023) was the first time that Quechua–Spanish
was featured in the low-resource ST track. Due

1https://github.com/johneortega/IWSLT2026_
Quechua_data

to the small amount of available paired data, the
participants focused on exploiting PLMs for speech
and/or text in the unconstrained track. The teams
all converged on using XLS-R 128 (Babu et al.,
2021) as the pre-trained speech encoder, while
NLLB 200 (NLLB Team et al., 2022) was the most
popular text PLM. However, the teams used the
PLMs in very different manners. QUESPA (E. Or-
tega et al., 2023) separated the PLMs into distinct
systems for an ASR+MT cascade, GMU (Mbuya
and Anastasopoulos, 2023) performed full fine-
tuning on XLS-R for direct ST, and NLE (Gow-
Smith et al., 2023) combined the two PLMs via
adapter fine-tuning. By using PLMs for both the
input and output modalities, NLE and QUESPA
obtained the best performances at 15.7 and 15.4
BLEU respectively. For the constrained track, de-
veloping a usable system was more difficult to
achieve. In this setup, the best performing model
was a direct ST system by GMU that achieved 1.46
BLEU. The QUESPA team adopted a near-identical
strategy to achieve 1.25 BLEU.

Quechua–Spanish ST was also featured as part
of a similar competition in the 2022 edition of
AmericasNLP (Ebrahimi et al., 2022). Similar
to IWSLT 2023, participants experimented with
different ways of leveraging PLMs. XLS-R and
NLLB were popular choices, but teams also ex-
perimented with DeltaLM (Ma et al., 2021) and
Whisper (Radford et al., 2023).

Quechua was most recently part of the 2023 ML-
SUPERB Challenge (Shi et al., 2023), which tasked
participants on evaluating different self-supervised
(SSL) speech encoders on long-tailed languages.
Chen et al. (2023a) found that XLS-R 128 outper-
formed all other SSL encoders on Quechua, further
validating its popularity in the other competitions.
Additional competitions, such as the most recent it-
eration of AmericasNLP and the Networking Sym-
posium on Latin America are focused on encourag-
ing innovation and expansion of tools related to the
languages of the Americas utilizing cutting-edge
methods like Omnilingual MT (Team et al., 2026).
Additionally, these tools have been applied in med-
ical settings (Carrillo-Larco et al., 2026), though,
to our knowledge, no such studies with interactions
in Quechua have been conducted.

2.2 Multilingual Speech Processing
Multilingual training is a common strategy to fa-
cilitate cross-linguistic transfer learning, with the
goal of boosting performance on LRLs. While this
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is generally done by pairing HRLs with LRLs, it
can also be beneficial in settings where only LRLs
are available. Chen et al. (2023b) trained multi-
lingual ASR systems on 102 languages, each in a
low-resource setting, and obtained state-of-the-art
(SOTA) results on the FLEURS benchmark (Con-
neau et al., 2023). Radford et al. (2023) and Peng
et al. (2023) then combined multilingual ASR and
ST at scale, developing SOTA models through su-
pervised training on hundreds of thousands of audio
samples. Our strategy for the unconstrained track
constitutes a combination of these two methods, en-
hancing performance on Quechua–Spanish using
multilingual ST training with other LRLs.

3 Quechua-Spanish

In this section we present our experiments for the
QUE–SPA dataset provided in the low-resource ST
track at IWSLT 20262, identical to the dataset from
IWSLT 2025 with the exception of new additions
of a “potential” good-for-use corpus. The audio
consists of consists of 1 hour and 40 minutes of
unconstrained speech along with its corresponding
translations in addition to nearly 48 hours of ASR
data (with transcriptions) from the Siminichik (Car-
denas et al., 2018) corpus. Additionally, an MT
dataset is provided from previous neural MT work
(Ortega et al., 2020). The audio and correspond-
ing transcriptions along with their translations are
mostly made of radio broadcasting from the An-
des region of Peru. This dataset has been used in
other tasks but not in its entirety (de Giberto et al.,
2025; Ebrahimi et al., 2023, 2022; Zevallos et al.,
2022a). This year there has been a new addition to
the dataset provided by the task which is a machine-
translated and post-edited text of the Huqariq cor-
pus (Zevallos et al., 2022b) that was used last year
by this team (Ortega et al., 2025) for augmenta-
tion of the best performing T5 model (Raffel et al.,
2020). On top of that, the Collao-based corpus (iso:
quz) used last year for improvements has been in-
troduced as a dataset on the competition website.
(Paccotacya-Yanque et al., 2022)

We present the three submissions for uncon-
strained task again as this year’s competition has
abandoned the constrained task:

1. a primary unconstrained system consist-
ing of a Mamba ASR model (Zhang et al.,
2024) after applying audio noise removal with

2https://github.com/johneortega/IWSLT2026_
Quechua_data

SIDON (Nakata et al., 2025) then fine-tuned
with unconstrained data and cascaded the best
performing NLLB MT system from our case
study;

2. a contrastive 1 unconstrained system con-
sisting of a Whisper Large V3 (Radford et al.,
2023) ASR model after applying audio noise
removal with SIDON (Nakata et al., 2025)
then fine-tuned with the unconstrained data
and cascaded with the best performing NLLB
MT system from our case study;

3. a contrastive 2 unconstrained system con-
sisting of a SpeechT5 model (Ao et al.,
2021) after applying audio noise removal with
SIDON (Nakata et al., 2025) then fine-tuned
for speech translation with two data augmenta-
tion techniques and an additional newly intro-
duced corpus based on Quechua Collao (iso:
quz) (Paccotacya-Yanque et al., 2022).

We present the experimental settings and results
for unconstrained systems starting off with the MT
case studies in Section 3.1. Then, we describe the
unconstrained task details further in Section 3.2.
Primary, Contrastive 1 and Contrastive 2 descrip-
tions are found in Sections Sections 3.3, 3.4 and 3.5,
respectively. Afterwards, we offer results and dis-
cussion in Section 4.

3.1 Machine Translation
We compare various MT systems based on prompt-
ing alone to the original (baseline) system from Or-
tega et al. (2025) which was trained by fine-tuning
the 1.3B parameter version3 of the NLLB_200
(NLLB Team et al., 2022) and set to a maximum
token lengths of 128 for both inputs and outputs.
Their model was trained for 10 epochs with a batch
size of 8 for both training and evaluation, using 5
beams during generation saving model checkpoints
every 10,000 steps and set a random seed of 65 to
ensure reproducibility.

This year, the QUESPA team decided to exper-
iment with several prompting approaches. We
consider this a new paradigm that is by far the
most widely-used paradigm for most NLP tasks
and, thus, warranted its use. Last year’s baseline a
high performing MT system with scores of: 19.5
BLEU and 23.5 CHRF. Since the novel Omnilin-
gual MT (Team et al., 2026) system appears to use

3https://huggingface.co/facebook/nllb-200-1.
3B
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Model-[Data]
BLEU CHRF

Test Test

2025 NLLB Baseline 19.5 23.5
GPT 5.4 3.7 25.5
GPT 5.4 Extended 7.6 44.5
Gemini 3 Flash 10.8 48.3
Gemini 3 Flash Reasoning 7.2 38.2
Gemini 3 Pro 8.5 44.0
Claude Haiku 4.5 6.1 41.3
Claude Haiku 4.5 Extended 2.3 26.9
Claude Sonnet 4.6 8.0 46.7
Deep Seek-V3.1 7.7 45.9
Deep Seek-V3.1 DeepThink 7.6 45.5
Deep Seek-V3.1 DeepThink & Smart 7.2 45.7
Deep Seek-V3.2 Expert 7.9 47.5
Deep Seek-V3.2 Expert Deep Think 10.4 49.0
Deep Seek-V3.2 Expert Deep Smart Think 7.5 47.4
Qwen 3.6 Plus 5.0 44.3
Qwen 3.6 Plus Thinking 7.3 47.4
Qwen 3.6 Plus Fast 6.4 42.8

Table 1: Performance of several prompting models on the test set compared to the 2025 QUESPA NLLB Baseline
(Ortega et al., 2025).

an identical architecture and corpora in Quechua
as the NLLB system, we focus on prompt-based
approaches for MT only.

The prompts used for MT are provided in Ap-
pendix A–Appendix E. These prompts reflect the
different arrangements displayed in Table 1. It
should be noted that the prompts were provided
in Spanish, exactly as they are listed in the appen-
dices, for each system listed in Table 1, we run
our benchmarking code using a Google Colab note-
book 4 made available publicly. We report on the
best-performing prompt over the Test set for com-
parison to last year’s baseline.

Our experiments show that for the QUE–SPA
task, prompting does not perform as well as the
NLLB baseline. Several takeaways can be noted
from our prompting experiments in the following.
The GPT-5 (Singh et al., 2025) models tended to
use those fields as implicit references, even when
the prompt explicitly instructed them not to con-
sider them; therefore, it can be inferred that these
models may prioritize signals in Spanish over low-
resource languages such as Quechua. GPT-5 some-
times filled in missing content, which caused a loss

4https://colab.research.google.com/drive/1_
BxYPh_3QzaqOzOGZ9mBBxqWVcB0S3tc?usp=sharing

of fidelity because it began mixing variants and
adding information from previous sentences, re-
ducing semantic precision. Hallucinations were
observed in all prompting models experiment (see
Table 1 for the list of models used), as models
generated content based on previously learned pat-
terns; when the prompt explicitly instructed it not
to hallucinate, its behavior improved, although full
compliance was not guaranteed. GPT-5 worked
well as a support tool for short words, but it did not
seem to be reliable for longer paragraphs or sen-
tences in Quechua. Gemini 3 (Team et al., 2023)
models achieved the best results overall; however,
there were dialectal biases and monolithic macro-
language difference, mixing features from different
dialects without clearly distinguishing their bound-
aries, although it demonstrates stronger syntactic
handling, likely due to its multilingual training.
Some phrases related to sensitive topics such as
racism or death caused slower processing and led
the system to modify the original context of the
main idea in Gemini 3. Claude models5 performed
poorly and were less precise when working with
the Collao dialect, as it appears to be more ex-

5https://platform.claude.com/docs/en/
about-claude/models/overview
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posed to other variants such as Cusco and Chanca
Quechua. DeepSeek (Liu et al., 2024), which re-
lies on cross-lingual transfer and synthetic data,
showed robustness but tended toward literal trans-
lations, lacking cultural context and a deeper un-
derstanding of the Andean worldview. Qwen (Bai
et al., 2023), selected due to its widespread use
at the time of the benchmark, showed limitations
related to the scarcity of high-quality data, making
frequent errors in proverbs, poetry, and culturally
rich contexts. Overall, these results suggest the
need to improve dataset design so that it can be
better understood by language models and to refine
prompts so that the model clearly identifies which
linguistic variety to use.

Despite our hardest efforts, we were unable to
achieve BLEU/CHRF scores that surpassed last
year’s baseline for MT. In future work, we plan
on trying more complex prompting techniques like
those used by Team et al. (2026), for our final cas-
cade experiments, we continue to use the fine-tuned
NLLB MT system from (Agostinelli et al., 2025)
for two of our unconstrained systems.

3.2 Unconstrained Setting
As in IWSLT 2025, the organizers provided a total
of 48 hours of audio along with their correspond-
ing transcriptions. We also translated the 48 hours
of audio provided by the organizers into Spanish.
Furthermore, we utilized a portion of the Americas-
NLP6 (ANLP) 2022 speech translation competition
corpus, which consists of 19 minutes of Guarani
and 29 minutes of Bribri, fully translated into Span-
ish. Though not a Quechua corpus, these languages
have morphological similarities with Quechua, and,
as such, we decided to determine see if their in-
clusion would improve our models. We used the
data set provided by the organizers from previous
work on Quechua Collao (Paccotacya-Yanque et al.,
2022). As mentioned in Ortega et al. (2025), it is
characterized as belonging to the Quechua II sub-
family. Finally, all the datasets described in this
section allowed for further fine-tuning of the previ-
ously trained end-to-end speech translation model
and our audio files were transformed using SIDON
(Nakata et al., 2025), an addition that was not pre-
sented in 2025.

The speech enhancement pre-processing stage
used SIDON (Nakata et al., 2025) to improve the
acoustic quality of the training data prior to model

6https://turing.iimas.unam.mx/americasnlp/
2022_st.html

optimization. SIDON effectively reduces back-
ground noise, reverberation artifacts, and channel
distortions, leading to more robust and consistent
input representations for downstream speech mod-
els. In our pipeline, all audio samples are nor-
malized and enhanced before being used to train
SpeechT5, ConMamba, and Whisper v3. This
pre-processing step is particularly critical in low-
resource and heterogeneous datasets, where vari-
ability in recording conditions can significantly de-
grade model performance. Prior work has shown
that front-end enhancement and large-scale robust-
ness strategies improve both intelligibility and gen-
eralization in ASR and TTS systems, especially
under noisy or mismatched conditions.

3.3 Primary System

The Primary System for the unconstrained set-
ting consists of a cascaded architecture, where the
output of an automatic speech recognition (ASR)
model is passed as input to a machine translation
(MT) model. For the ASR component, we employ
ConMamba (Jiang et al., 2024), a recent extension
of the Mamba architecture that integrates convo-
lutional modules into its encoder blocks, inspired
by Conformer (Gulati et al., 2020). This hybrid
design enhances the model’s ability to capture both
global and local dependencies. The encoder archi-
tecture comprises a sequence of modules: an ini-
tial feedforward layer with residual connection, a
bidirectional Mamba module (BiMamba) for long-
range dependency modeling, a convolutional layer
for local context enhancement, and final layer nor-
malization and refinement through another feedfor-
ward module (Tang et al., 2024). This combination
results in a balanced and efficient encoding mecha-
nism for speech signals.

On the decoder side, we incorporate Cross-
Mamba, a unidirectional variant tailored for se-
quential processing without native cross-attention.
CrossMamba simulates cross-attention by concate-
nating key and query sequences, retaining only the
relevant portion of the output. This mechanism
allows for effective integration of encoder context
through a structured decoding pipeline: normal-
ization, unidirectional Mamba (UniMamba), a sec-
ond normalization step, CrossMamba integration,
and a final feedforward refinement. We train both
ConMamba and Conformer models using publicly
available recipes7, experimenting with small (S)

7https://github.com/xi-j/Mamba-ASR
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Figure 1: High-level system overview of Contrastive System 2, a fine-tuned SpeechT5 (Ao et al., 2021) model with
SIDON (Nakata et al., 2025) applied to the audio file.

and large (L) configurations (144/512 dimensions,
12+4/12+6 layers). Training is performed over 110
epochs using AdamW with a Noam scheduler (30k
warm-up steps), and audio is tokenized with a BPE
tokenizer trained for each language using Speech-
Brain8. Once the speech is transcribed, we feed the
resulting text into the machine translation model
previously described, leveraging its capabilities to
produce the final translated output in a cascaded
speech translation setup.

3.4 Contrastive 1 System

The Contrastive 1 system is a simple ASR+MT cas-
cade. We develop the ASR module by fine-tuning
Whisper Large V3 (Radford et al., 2023) on the
entire 48 hours of unconstrained Quechua ASR
data in ESPnet (Watanabe et al., 2018). Whisper
consists of a Transformer encoder and Transformer
decoder (Vaswani et al., 2017). The bidrectional en-
coder receives mel audio features as input, whereas
the decoder is conditioned on a language identity
tag and the encoder output. The model is trained
for 22K steps with the Adam optimizer (Kingma
and Ba, 2015). We use a scheduler that linearly
warms up the learning rate to a peak value of 1e-5
for 1500 steps, followed by exponential decay for
the remainder of training (Vaswani et al., 2017).
ASR inference is performed with greedy decoding,
the results of which are then passed to the NLLB-
based MT model described in Section 3.1.

8https://github.com/speechbrain/speechbrain/
tree/develop/recipes/LibriSpeech/Tokenizer

3.5 Contrastive 2 System

The Contrastive 2 System for the unconstrained
setting consists of a pre-trained model called
SpeechT5 (Ao et al., 2022) which was trained on
960 hours of audio from LibriSpeech. SpeechT5
consists of 12 Transformer encoder blocks and 6
Transformer decoder blocks, with a model dimen-
sion of 768, an internal dimension (FFN) of 3,072,
and 12 attention heads. Additionally, the voice
encoder’s pre-net includes 7 blocks of temporal
convolutions. Both the pre-net and post-net of
the voice decoder used the same configuration as
in Shen et al. (2018), except that the number of
channels in the post-net is 256. For the text en-
coder/decoder’s pre/post-net, a shared embedding
layer with a dimension of 768 is utilized. For vec-
tor quantization, two codebooks with 100 entries
each are used for the shared codebook module. The
model was trained using the normalized training
text from the LibriSpeech language model as unla-
beled data, which contains 400 million sentences.
Training was optimized using Adam (Kingma and
Ba, 2015), with a learning rate that linearly in-
creases during the first 8% of updates up to a maxi-
mum of 0.0002.

We fine-tuned SpeechT59 for Speech Transla-
tion using the SpeechT5 fine-tuning recipe10 for
Speech-Translation with the same hyperparameter
settings. We used the 48 hours of audio provided by

9https://github.com/microsoft/SpeechT5
10https://github.com/microsoft/SpeechT5/tree/

main/SpeechT5
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Team QUESPA BLEU and CHRF Scores

Unconstrained 2026

System Description BLEU CHRF
primary mamba asr + sidon + nllb mt 15.0 50.7
contrastive 1 whisper-v3 asr + sidon + nllb mt 15.4 52.0
contrastive 2 speechT5 + sidon + anlp + da-tts + nlpaug* + quz 27.2 51.4

Unconstrained 2025

System Description BLEU CHRF
primary mamba asr + nllb mt 14.8 51.8
contrastive 1 whisper-v3 asr + nllb mt 15.0 52.4
contrastive 2 speechT5 + anlp + da-tts + nlpaug* + quz 26.7 48.6

Table 2: Team QUESPA results for the Quechua to Spanish low-resource task at IWSLT 2026 compared to IWSLT
2025 (Agostinelli et al., 2025).

the organizers (anlp). We applied a data augmen-
tation technique called nlpaug (noise, distortion,
duplication)11 (Ma, 2019), resulting in a total of
96h: 48h original + 48h synthetic data + 15 hours of
Quechua Collao (Paccotacya-Yanque et al., 2022)
(quz) .

4 Results and Discussion

Results are presented in Table 2. When compared
to IWSLT 2025 (Agostinelli et al., 2025; Ortega
et al., 2025), it is clear that Speech Translation as
a task for Quechua to Spanish translation is best
performed using the Speech T5 model which is a
non-cascade model. Through the use of SIDON
(Nakata et al., 2025) and fine-tuning a Speech T5
model, we were able to increase the score by 0.5
BLEU points to the previous year’s results. On
the other hand, for machine translation, baseline
prompting systems found online do not outperform
the NLLB baseline. Other approaches from sys-
tems such as Whisper and Mamba were able to gain
considerably (on average about 0.4 BLEU) from
noise reduction in SIDON also. However, CHRF
scores were not improved, they were worsened for
the SpeechT5 models despite the BLEU score im-
provements. Contrastingly, ST systems based on
Mamba and Whisper did find gain on CHRF with
the use of SIDON.

5 Conclusion and Future Work

Our submission to the IWSLT 2026 () evaluation
campaign for low-resource and dialect speech trans-
lation includes novelties based on the most state-
of-the-art techniques for ASR and ST. The addition

11https://github.com/makcedward/nlpaug

of three new characteristics: 1) the Quechua Col-
lao corpus (referred to as quz), 2) SIDON noise
reduction and 3) a machine translation case study
with guided prompts illustrate the latest possibili-
ties. These three new inclusions have brought to
light what MT systems, corpora, and ASR models
work best with the language pair when compared
to previous year’s work.

In subsequent competitions, we plan to in-
clude more human annotation and experimentation
with the model presented here since the BLEU
score achieved (27.2) warrant further investigation.
Lastly, other MT systems, such as Omnilingual MT
(Team et al., 2026) have shown promising results
which we plan to try next year.
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A Prompt 1

Eres un traductor experto en quechua y español
latinoamericano. Traduce al español la frase en
quechua del campo “que” de cada registro del sigu-
iente array JSON. Ignora cualquier otro campo du-
rante la traducción. Devuelve únicamente un array
JSON con los campos “segment” (copiado exacto
del original),“spa_tc”, “que” (copiado exacto del
original), “traduccion” (tu traducción en español
natural y fluida), “bleu” (puntaje BLEU de 0 a 100
comparando tu traducción contra el campo “spa_tc”
del registro original) y “chrf” (puntaje chrF de 0
a 100 con la misma referencia). Si hay nombres
propios de personas o lugares, consérvelos tal cual.
No incluyas explicaciones, comentarios ni texto
fuera del JSON.

B Prompt 2

Eres un traductor experto en quechua y español
latinoamericano. Traduce al español la frase en
quechua del campo “que” de cada registro del sigu-
iente array JSON. Ignora cualquier otro campo du-
rante la traducción. Devuelve los mismos campos
y agrega “traducción” (tu traducción en español
natural y fluida), “bleu” (puntaje BLEU de 0 a 100
comparando tu traducción contra el campo "spa_tc"
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del registro original) y "chrf" (puntaje chrF de 0
a 100 comparando tu traducción contra el campo
"spa_tc" del registro original). Si hay nombres pro-
pios de personas o lugares, consérvalos tal cual. No
incluyas explicaciones, comentarios ni texto fuera
del JSON. Genera un json con los resultados

C Prompt 3

Eres un traductor experto en quechua y español
latinoamericano. Traduce al español la frase en
quechua del campo “que” de cada registro del sigu-
iente array JSON. Ignora cualquier otro campo du-
rante la traducción. Devuelve los campos que, spa,
spa_tc y agrega “traduccion” (tu traducción en es-
pañol natural y fluida). Si hay nombres propios
de personas o lugares, consérvalos tal cual. No
incluyas explicaciones, comentarios ni texto fuera
del JSON. Genera un archivo json.

D Prompt 4

Eres un traductor experto en quechua y español
latinoamericano. Traduce al español la frase en
quechua del campo "que" de cada registro del
archivo JSON. Solamente considera el campo que
para la traduccion, no tomes spa ni spa_tc como
referencia. Devuelve los campos que, spa, spa_tc
y agrega “traduccion” (tu traducción en español
natural y fluida). Si hay nombres propios de per-
sonas o lugares, consérvalos tal cual. No incluyas
explicaciones, comentarios ni texto fuera del JSON.
Genera un archivo json.

E Prompt 5

Eres un traductor experto en quechua y español
latinoamericano. Traduce al español la frase en
quechua que aparece en el campo que a contin-
uación.

Reglas:

• Usa solamente el texto en quechua.

• No uses otros campos como referencia.

• Conserva nombres propios de personas o lu-
gares tal cual.

• Devuelve solo la traducción en español natural
y fluida.

• Dame un archivo json final con el campo index
y traducción.

• No alucines.
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