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Abstract

Morphosyntactic transformation poses sig-
nificant challenges for large language mod-
els (LLMs) in low-resource, morphologically
rich languages, where multiple grammatical
categories are often encoded within a sin-
gle word. Applying controlled grammatical
changes while preserving meaning requires
both linguistic precision and robust generaliza-
tion. We introduce a morphosyntactically con-
trolled transformation dataset for Quechua Col-
lao, built from a normalized Spanish—Quechua
parallel corpus with explicit annotations and
transformation labels. The dataset defines a
controlled sentence-level transformation task,
where models generate target sentences given a
source sentence and a structured specification
of grammatical changes. We evaluate multi-
ple LLMs under varying numbers of in-context
examples, selection strategies, and the use of
lightweight morphological hints. Results show
that performance depends strongly on prompt
design and task formulation rather than model
size alone. Increasing the number of exam-
ples yields model-dependent gains, benefiting
smaller models more, while larger models re-
main relatively stable. Morphological hints
provide selective improvements depending on
the transformation type. These findings show
that robustness arises from the interaction be-
tween model behavior, context size, and lin-
guistic structure, highlighting the importance of
controlled experimental design in low-resource
settings.

1 Introduction

Morphosyntactic transformation is a structured gen-
eration task in which a system modifies specific
grammatical properties of a source sentence while
preserving its propositional content. Unlike word-
level inflection, sentence-level transformation may
require coordinated changes across multiple tokens
or the insertion and deletion of functional elements.
This challenge becomes particularly pronounced
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in morphologically rich languages, where several
grammatical features are encoded within a single
word through the concatenation of affixes, and even
minimal modifications can entail non-trivial struc-
tural adjustments.

Southern Quechua (ISO 639-3: quz), particularly
its Collao variety, provides a suitable testbed for
this task. As part of the Quechuan language fam-
ily, it exhibits a predominantly agglutinative mor-
phology in which grammatical categories such as
person, tense, aspect, number, and evidentiality are
expressed through suffixation (Cerrén-Palomino,
2003; Chuquimamani Valer et al., 2021). This re-
sults in dense morphological structure and produc-
tive inflectional paradigms, where accurate trans-
formation requires identifying and modifying spe-
cific morphemes while preserving the remaining
structure.

In addition, Quechua Collao is situated in a low-
resource setting, characterized by limited availabil-
ity of digitized corpora, annotated data, and com-
putational tools. Joshi et al. (2020) formalize this
condition through a taxonomy of language resource
levels, showing that most of the world’s languages
fall into categories with minimal computational
support. Under these constraints, approaches based
on large pretrained language models and in-context
learning have become particularly attractive.

Recent work has explored sentence-level mor-
phosyntactic transformation in low-resource lan-
guages, notably through shared tasks in the Ameri-
casNLP workshop (De Gibert et al., 2025; Chiruzzo
et al., 2024). In these settings, systems are required
to apply explicit grammatical changes—such as
person, polarity, or tense—to a source sentence
and generate the corresponding modified output.
Within these tasks, LLMs prompted with few-shot
examples have emerged as competitive approaches,
with prior studies showing that both prompt en-
richment with morphosyntactic information (Vas-
selli et al., 2024) and example selection strategies
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(Lupicki et al., 2025) can influence performance.

However, these efforts do not specifically ad-
dress Quechua Collao, nor do they provide datasets
with explicit morphosyntactic control tailored to its
linguistic properties. While prior work on Quechua
has primarily focused on tasks such as machine
translation and related applications (Cueva Medina
et al., 2024), the availability of standardized, an-
notated resources for controlled morphosyntactic
transformation remains limited. This gap is partic-
ularly relevant for morphologically rich and low-
resource languages, where the absence of linguis-
tically structured datasets constrains both model
evaluation and the systematic study of generation
behavior (Camacho Caballero and Zevallos Salazar,
2020; Joshi et al., 2020).

Despite these advances, the relative contribution
of different design choices remains insufficiently
understood. Existing work typically reports im-
provements from individual techniques, but does
not systematically analyze how factors such as the
number of in-context examples, example selection
strategies, and the inclusion of lightweight morpho-
logical hints interact under controlled conditions,
particularly in relation to differences across models
and transformation complexity.

In this work, we construct a morphosyntactically
controlled transformation dataset for Quechua Col-
lao, derived from a normalized Spanish—Quechua
parallel corpus and enriched with explicit mor-
phosyntactic annotations and transformation la-
bels. This resource enables a controlled formula-
tion of sentence-level morphosyntactic transforma-
tion, where models generate target sentences given
a source sentence and a structured specification of
grammatical changes.

Using this framework, we conduct a systematic
study of in-context learning with multiple LLMs,
varying the number of examples, example selection
strategies, and the use of lightweight morphologi-
cal hints. In particular, we design a linguistically
motivated k-shot selection strategy that prioritizes
morphosyntactic relevance while constraining spu-
rious variation in the prompt. This setup allows
us to analyze how design choices in prompt con-
struction affect the robustness and consistency of
morphosyntactic generation in a low-resource set-
ting.

Source Sipasqa chukuta achalan

The young woman adorns the hat
{NUMBER:PL}

Sipasqa chukukunata achalan

The young woman adorns the hats

Change
Target

Table 1: Example of a morphosyntactic transformation
instance.

Metric Spanish  Quechua
Sentence pairs 22,581 22,581
Total tokens 449,580 285,605
Unique tokens 52,632 73,637
Avg. tokens per sentence 19.91 12.65

Table 2: Statistics of the Spanish—Quechua parallel cor-
pus.

2 Task and Dataset

We consider the task of sentence-level morphosyn-
tactic transformation in Quechua Collao. Given
a source sentence and a set of morphosyntactic
changes, the task consists of generating a target
sentence that reflects the specified transformation
while preserving its propositional meaning. Table 1
illustrates the task format.

2.1 Corpus Construction

The dataset is derived from a Spanish—Quechua
parallel corpus compiled from bilingual educa-
tional materials and publicly available texts. The
Spanish side provides a semantic anchor and sup-
ports the initial annotation stage, while the trans-
formation task itself is defined over Quechua sen-
tences. The corpus was processed through text
extraction, normalization!, sentence segmentation,
and heuristic alignment to obtain parallel sentence
pairs. This parallel corpus serves as the basis for
subsequent morphosyntactic annotation and trans-
formation generation.

Table 2 summarizes the resulting corpus. Al-
though the Quechua side contains fewer tokens
overall, it exhibits a higher number of unique word
forms and shorter average sentence length. This
pattern reflects the agglutinative nature of Quechua
morphology: grammatical information that often
requires multiple words in Spanish can be encoded
through productive suffixation attached to a single
lexical root in Quechua.

! Orthographic normalization follows the official conven-
tions for Southern Quechua described in Chuquimamani Valer
et al. (2021).
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Category Example markers

PERSON -ni, -nki, -n, -nchik
TENSE -rqa, -sqa, -saq
ASPECT -chka

NUMBER -kuna
POSSESSION -y, -n, -yki
EVIDENTIALITY -mi, -si
POLARITY mana ... -chu

Table 3: Main morphosyntactic categories and typical
surface realizations in Quechua Collao.

2.2 Morphosyntactic Annotation

To enable controlled transformations, Quechua sen-
tences were annotated with morphosyntactic fea-
tures such as person, tense, aspect, number, pos-
session, evidentiality, and polarity. Annotation is
performed using a semi-automatic process based
on surface morphological patterns, followed by
manual verification by native speakers to ensure
linguistic consistency.

Table 3 summarizes the main morphosyntactic
categories represented in the dataset and their typ-
ical morphological realizations in Quechua Col-
lao. These categories correspond to core grammati-
cal distinctions in the language and follow the de-
scriptive framework proposed in previous linguistic
work (Chuquimamani Valer et al., 2021). A full
inventory of labels and abbreviations is provided in
Appendix C.

2.3 Transformation Dataset

From the annotated corpus, we construct a dataset
of transformation instances, each defined as a tuple
(source sentence, change, target sentence) (De Gib-
ert et al., 2025). This dataset enables the systematic
study of controlled morphosyntactic transforma-
tions in Quechua Collao, a setting for which no
prior structured resources are available. Target sen-
tences are obtained through controlled modification
of morphosyntactic features and manually verified
to preserve grammaticality and the original proposi-
tional content. Further details on the transformation
pipeline are provided in Appendix B.

Table 4 provides an overview of this task-ready
resource.

In addition to the minimal representation,
some experimental configurations incorporate
lightweight morphological hints that specify the
expected surface realization of target categories.
These hints are derived from the same morphosyn-
tactic markers and are used in enriched prompting

Metric Value
Transformation instances 6328
Unique source sentences 471
Unique target sentences 474
Unique change specifications 402
Avg. transformations per source  13.44

Table 4: Statistics of the morphosyntactic transforma-
tion dataset used for in-context learning experiments.

Label Expected realization
NUMBER:PL noun + -kuna
POSS:3_SI noun + -n
TENSE:PST_NEXP verb + -sqa
TYPE:NEG mana ... -chu
MODE:POT verb + -man

Table 5: Examples of lightweight morphological hints
used in prompting.

setups to provide explicit linguistic guidance dur-
ing inference.

Table 6 presents the distribution of morphosyn-
tactic categories in the transformation field. Person,
possession, and tense transformations account for
the majority of cases, reflecting their central role in
Quechua verbal and nominal morphology and their
high productivity in natural language usage.

The resulting dataset serves as the basis for the
in-context learning experiments described in the
following section.

3 Experimental Setup

3.1 In-Context Learning Setup

All experiments are conducted in an in-context
learning setting using instruction-tuned large lan-
guage models. Each prompt is formulated as a
structured table of resolved examples followed by
a final query with an empty target field, so that
the model must infer the required transformation
by analogy.> We evaluate three instruction-tuned
LLMs selected to contrast parameter scale and gen-
eration behavior: Mistral 24B Instruct (Jiang et al.,
2023), Qwen 14B Instruct (Bai et al., 2023), and the
reasoning-oriented OpenAl GPT-OSS-20B (Ope-
nAl et al., 2025).

To ensure comparability across runs, decoding
is deterministic in all configurations, using tem-
perature = 0 and top-k = 1. The maximum out-
put length is fixed to 64 tokens for Mistral and
Qwen, while GPT-OSS-20B is generated without

%A full example of the prompting format is provided in
Appendix A.
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Category Frequency Percentage
PERSON 5676 41.9%
POSS 2685 19.8%
TENSE 2385 17.6%
NUMBER 1135 8.4%
EVID 519 3.8%
MODE 397 2.9%
ASPECT 387 2.9%
TYPE 208 1.5%
PERSON_OBJ 132 1.0%
SUBTYPE 30 0.2%

Table 6: Distribution of morphosyntactic categories in
the transformation field (Change).

an explicit cap.® All models are executed locally
through LM Studio, which also allows us to record
inference latency under the same execution envi-
ronment. Additional inference details are provided
in Appendix E.

3.2 k-shot Selection Strategy

The quality of the in-context examples is a central
factor in this task. Rather than sampling examples
at random, we use a hierarchical retrieval strategy
designed to preserve morphosyntactic relevance
while minimizing distracting variation.

Selection proceeds in three stages:

* Exact match. The system first retrieves ex-
amples whose Change specification exactly
matches the target instance, requiring iden-
tical morphosyntactic categories and values
(e.g., PERSON: 1_PL_INC, TENSE:PST_EXP).

* Primary-category match. If the required
number of examples is not reached, the sys-
tem backs off to instances sharing the same
primary morphosyntactic category, defined as
the dominant category within the Change spec-
ification (e.g., PERSON, TENSE, POSS), re-
gardless of the specific feature values.

* Similarity-based fallback. Remaining slots
are filled using TF-IDF similarity over the
source sentence in order to preserve lexical
and structural proximity.

3The 64-token limit exceeds the expected length of a single
transformed sentence and prevents unnecessarily long gener-
ations for Mistral and Qwen. All models are prompted to
output a FINAL: marker for retrieving the generated target;
GPT-OSS-20B is left uncapped because it may produce in-
termediate reasoning before reaching that marker. This may
affect latency comparability, but target retrieval remains uni-
form across models.

Factor Values

Dataset features Source, Change, Target, Hints

Qwen2.5-14B-Instruct

Models Mistral-24B-Instruct
GPT-OSS-20B
Shots (K) {5, 10, 15}

Transformation size
Prompting modes

{1,2}
w/o hints; w/ hints

temperature = 0; top-k = 1
max tokens = 64 (Mistral/Qwen)
no explicit cap (GPT-OSS)

LM Studio (local API)

Decoding

Inference setup

Table 7: Experimental setup.

This retrieval process is further constrained in
three ways. First, we apply a subset constraint,
which prevents examples from introducing mor-
phosyntactic categories that are absent from the
target transformation. Second, we follow a cluster-
first policy, which prioritizes examples derived
from the same transformation cluster whenever pos-
sible. Third, evaluation follows a leave-one-out
scheme, so that the target instance never appears
among its own demonstrations. The full selection
workflow is illustrated in Appendix D.

3.3 Experimental Factors

The experiments vary four controlled factors:
model, number of in-context examples, use of mor-
phological hints, and transformation complexity.
Table 7 summarizes these settings.

We use the full transformation pool for retrieval
and evaluation, rather than fixed train/dev/test par-
titions, since the goal is not to fine-tune model
parameters but to measure controlled generaliza-
tion by analogy. The number of demonstrations
K € {5,10,15} allows us to test whether addi-
tional context improves performance. We also com-
pare prompts with and without lightweight morpho-
logical hints, which provide surface-oriented cues
derived from the target transformation. Finally,
we distinguish between single-category transforma-
tions (size = 1) and compositional transformations
involving two categories (size = 2), allowing us to
evaluate how model behavior changes with struc-
tural complexity.

3.4 Evaluation Metrics

We evaluate model outputs using automatic metrics
that capture both exact correctness and surface-
level similarity.
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Exact match accuracy measures the proportion
of predictions that exactly match the reference tar-
get sentence after normalization.

chrF computes character n-gram F-scores be-
tween predicted and reference sentences, providing
a more fine-grained measure of similarity that is
robust to minor variations in morphologically rich
languages.

In addition to automatic metrics, we perform a
human-in-the-loop evaluation to assess grammat-
ical correctness, naturalness, and semantic con-
sistency of the generated outputs. Details on the
evaluation protocol and results are provided in Ap-
pendix F.

4 Results

Model performance varies substantially across con-
text sizes, revealing distinct sensitivities to the num-
ber of in-context examples. Table 8 summarizes
corpus-level results across models and values of
K.

Mistral 24B achieves strong accuracy with mini-
mal context, indicating that it can perform robustly
even with a small number of demonstrations. In
contrast, Qwen 14B exhibits consistent gains as K
increases, reaching the highest overall performance
at larger context sizes. GPT-OSS 20B shows more
gradual improvements with additional examples,
but remains less competitive in exact-match accu-
racy.

These patterns indicate that the effect of increas-
ing K is strongly model-dependent. Mistral re-
mains comparatively stable across configurations,
suggesting limited reliance on additional contextual
support. Qwen, by contrast, benefits directly from
larger context, indicating a stronger dependence on
in-context signals for generalizing morphosyntactic
transformations. GPT-OSS follows an intermediate
trend, with moderate but less consistent gains.

Overall, additional in-context examples do not
provide uniform benefits across models. Their ef-
fectiveness depends on how each model leverages
contextual information during inference, motivat-
ing the more detailed analyses that follow.

4.1 Model Comparison and Stability

Robustness vs. sensitivity. Model performance
reveals a clear trade-off between robustness and
sensitivity to experimental conditions. While all
systems achieve comparable average performance,
their behavior across configurations differs substan-

Mistral 24B  GPT-OSS 20B Qwen 14B
K Acc. chrF Acc. chrF Acc. chrF
5 5254 90.69 44.07 91.21 4492 9298
10 55.08 90.28 4873 92.63 54.66 94.40
15 5339 89.83 53.81 9395 58.90 94.14

Table 8: Corpus-level results by model and number
of in-context examples (K'). Bold indicates the best-
performing configuration for each model across values
of K.

tially.

Table 9 summarizes performance variability
across context sizes using mean and standard de-
viation as indicators of stability. Lower variance
reflects more consistent behavior across configura-
tions, while higher variance indicates sensitivity to
changes in prompting conditions.

Mistral exhibits consistently low variance, indi-
cating stable performance that is largely invariant
to both the number of in-context examples and the
use of hints. This suggests that the model inter-
nalizes morphosyntactic transformations without
relying heavily on prompt-specific cues.

In contrast, Qwen displays markedly higher vari-
ability, reflecting strong sensitivity to contextual
factors. Its performance improves as additional
examples are provided, indicating a more direct re-
liance on in-context signals for generalizing trans-
formation patterns, particularly in settings involv-
ing higher structural complexity.

GPT-OSS occupies an intermediate position. Al-
though it benefits from increased context, its im-
provements are less consistent and do not follow
a stable trend, suggesting a limited ability to sys-
tematically exploit additional examples compared
to Qwen, while lacking the robustness observed in
Mistral.

Accuracy vs. surface similarity. A comple-
mentary distinction emerges between exact-match
correctness and surface similarity. Despite achiev-
ing high chrF scores, Qwen and GPT-OSS do not
consistently match this performance in exact accu-
racy, indicating that morphologically similar out-
puts may still diverge from the correct transfor-
mation. This highlights the importance of jointly
evaluating both metrics in morphologically rich
languages.

Overall, these results indicate that model behav-
ior in this task is systematic rather than random.
Mistral emerges as the most robust model, Qwen
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Model Acc. chrF

Mistral 24B 53.67+1.06 90.27+0.35
Qwen 14B 52.82+5.85 93.84+0.61
GPT-OSS 20B  48.87+3.98 92.60+1.12

Table 9: Performance stability across models (averaged
over K = 5,10, 15).

Values are reported as mean =+ standard deviation over n =
708 instances per model.

as the most context-sensitive, and GPT-OSS as
an intermediate system with moderate adaptability.
These differences motivate the more fine-grained
analyses of contextual effects and prompting strate-
gies presented in the following subsections.

4.2 Effect of Context Size

The effect of the number of in-context examples
(K) is not uniform across models and is better
captured through statistical analysis than raw met-
ric differences. To assess whether changes in K
produce systematic variation, we apply Kruskal—
Wallis tests for global comparisons across context
sizes and Mann—Whitney U tests for pairwise con-
trasts.*

For Qwen, the effect of K is statistically signifi-
cant across configurations, confirming a strong de-
pendence on contextual information. Performance
improves consistently as additional examples are
provided, indicating that the model relies on in-
context signals to infer transformation rules, par-
ticularly in settings with lower frequency or higher
structural complexity. In this regime, additional
examples act as explicit guidance that supports gen-
eralization by analogy.

In contrast, Mistral does not exhibit statistically
significant differences across values of K, indicat-
ing that its performance remains largely invariant
to the number of demonstrations. This reinforces
the robustness observed in the previous subsection:
the model appears to internalize morphosyntactic
regularities in a way that does not depend strongly
on the quantity of contextual support at inference
time.

GPT-0SS shows a weaker and less consistent ef-
fect. Although performance tends to improve with
larger K, the differences are comparatively mild
and not systematically significant, suggesting that
the model can partially benefit from additional con-
text without exploiting it as consistently as Qwen.

“All statistical tests are conducted using a significance
level of o« = 0.05.

Model Metric Test p-value Sig.
Mistral 24B Accuracy Kruskal (K) 0.853 n.s.
chrF  Kruskal (K) 0915 ns.
GPT-OSS 20B Accuracy MW (5vs15) 0.034  *
chrF MW (Svs 15) 0.033 *
Qwen 14B Accuracy Kruskal (K) 0.0077 *%*
chrF Kruskal (K) 0.0042 **
Accuracy MW (5vs 15) 0.0024 **
chrF MW (5vs 15) 0.0012 **

Table 10: Effect of the number of in-context examples
(K') on model performance.

Significance levels: n.s. (p > 0.05, no consistent effect), *
(p < 0.05, mild effect), ** (p < 0.01, strong effect).

Overall, these findings indicate that increasing
K is not universally beneficial. Its effectiveness
depends on the model’s inference strategy: context-
sensitive models derive substantial gains from addi-
tional examples, while more robust models exhibit
diminishing returns.

4.3 Effect of Morphological Hints

We evaluate the impact of morphological hints
through paired comparisons between configura-
tions with and without hints, controlling for model,
context size, and input instance. To determine
whether observed differences are systematic, we
apply the Wilcoxon signed-rank test. Table 11 sum-
marizes the results.

For Mistral, the effect is statistically significant
across metrics, indicating that hints consistently im-
prove performance. Rather than compensating for
missing knowledge, hints appear to reinforce cor-
rect morphological decisions by providing surface-
level constraints aligned with the model’s internal
representations. This results in more stable and
accurate outputs, particularly in suffix selection.

Qwen exhibits a more selective effect. While
hints improve accuracy, their impact on chrF is not
consistent, suggesting that their primary contribu-
tion lies in guiding the correct application of the
requested transformation rather than improving sur-
face similarity. This indicates that Qwen benefits
from explicit cues, but does not fully integrate them
across all aspects of generation.

In contrast, GPT-OSS does not show statisti-
cally significant differences between configura-
tions. This suggests that the model does not con-
sistently leverage hints, and that its predictions are
influenced by factors not directly modulated by the
additional information provided.

Overall, these findings indicate that morpholog-
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Model Metric p-value  Sig.
Mistral 4B Accuracy < 1 x 1076

chifF < 1x 1076 #%
Qwen 14B Accuracy 5.55 x 1073 #*

chrF 5.21 x 107! ns.

GPT-OSS 20B Accuracy 4.54 x 10~ ! n.s.
chrfF 1.66 x 107" ns.

Table 11: Effect of morphological hints evaluated with
the Wilcoxon signed-rank test (paired comparisons be-
tween configurations with and without hints).
Significance levels: n.s. (p > 0.05, no consistent effect), *
(p < 0.05, mild effect), ** (p < 0.01, moderate improve-
ment), *** (p < 0.001, strong improvement).

ical hints act as auxiliary signals whose effective-
ness depends on the model’s inference strategy.
They function as a stabilizing mechanism for mod-
els with stronger internal representations, and as
partial guidance for more context-sensitive systems,
but do not provide universal improvements.

Qualitative examples illustrating these effects
are provided in Appendix G, where hints guide
correct suffix selection in some cases while having
no effect in others.

4.4 Efficiency: Performance vs. Latency

Increasing the number of in-context examples (K)
improves performance for some models, but also
increases the amount of information processed at
inference time, leading to longer end-to-end re-
sponse times. This trade-off is particularly relevant
in low-resource settings, where larger prompts may
be required to achieve competitive performance.
Latency trends across models and values of K are
reported in Appendix H.

Differences across models reflect varying de-
grees of dependence on contextual scaling. Qwen
benefits the most from increasing K, but requires
longer prompts to reach strong performance. In
contrast, Mistral remains comparatively stable with
fewer examples, reducing its reliance on extensive
context. GPT-OSS exhibits less consistent behav-
ior, with weaker and less predictable gains from
additional examples. Overall, these results suggest
that improvements obtained through larger context
windows should be considered jointly with their
computational cost, particularly when resources
are constrained.

4.5 Performance by Morphological Category

To better understand the sources of variability ob-
served in previous sections, we analyze perfor-

Category n Model Acce. chrF
ASPECT 90 Mistral ~ 52.22  88.33
90 OSS 46.67  93.33
90 Qwen 58.89 9524
NUMBER 51 Mistral ~ 32.35 84.09
51 OSS 43.14  90.86
51 Qwen 23.53 87.49
PERSON 120 Mistral  56.67  90.37
120 OSS 40.83 91.87
120 Qwen 54.17  93.77
POSS 120 Mistral ~ 65.83 88.67
120 OSS 65.83 94.39
120 Qwen 75.83 95.74
TYPE 84 Mistral ~ 47.62  92.96
84 OSS 47.62  91.01
84 Qwen 41.67  92.73

Table 12: Performance by morphosyntactic category
and model.

mance across morphosyntactic categories. While
aggregate metrics suggest relatively stable behav-
ior, Table 12 reveals that performance is not homo-
geneous across transformation types, but instead
reflects systematic differences in linguistic com-
plexity and data distribution. Category-wise trends
across models are visualized in Appendix L.

Categories involving regular and localized mor-
phological alternations—such as PERSON and
POSS—are handled consistently well across mod-
els. In particular, POSS achieves the highest overall
accuracy, while PERSON maintains strong perfor-
mance across systems. These categories benefit
from predictable suffixal patterns and higher fre-
quency in the dataset, which generally correlates
with improved performance by increasing the likeli-
hood of retrieving relevant k-shot examples during
inference.

In contrast, NUMBER emerges as the most chal-
lenging category across all models. Performance
drops substantially, especially for Qwen, highlight-
ing a notable exception to this trend: despite its
relatively high frequency, NUMBER remains dif-
ficult due to structural ambiguity. Plural marking
in Quechua can apply to multiple candidate nouns
within a sentence, requiring the model to correctly
identify the scope of the transformation. This in-
troduces ambiguity that is absent in more localized
morphological changes and increases sensitivity to
example selection.

A similar, though less pronounced, pattern is
observed for TYPE. These transformations often in-
volve coordinating multiple elements (e.g., mana +
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verb + -chu), making them partially syntactic rather
than strictly morphological. As a result, models
may preserve surface similarity while failing to
fully reconstruct the intended grammatical struc-
ture, leading to moderate accuracy despite high
chrF scores.

Differences across models further highlight the
interaction between model-specific behavior and
category-specific difficulty. Qwen achieves the
highest scores in categories such as ASPECT and
POSS, suggesting effective pattern extraction when
sufficient contextual evidence is available, but de-
grades sharply in NUMBER, indicating higher sen-
sitivity to ambiguity. Mistral, in contrast, ex-
hibits more balanced performance across cate-
gories, maintaining consistently high chrF scores
and moderate accuracy even in more challenging
cases. GPT-OSS shows intermediate behavior, with
relatively strong performance in NUMBER but less
consistent results overall.

Taken together, these findings indicate that ro-
bustness in this task is not determined solely by
model size or prompting strategy, but also by the
intrinsic properties of each morphosyntactic trans-
formation. Categories with regular structure and
higher frequency yield more stable predictions,
whereas structurally complex or underrepresented
transformations introduce variability that cannot
be fully mitigated by increasing k-shot examples
alone.

5 Discussion

Across models, the most reliable behavior is not
associated with the highest scores, but with consis-
tency across configurations. Mistral 24B exhibits
low variance and stable performance regardless of
prompt conditions, suggesting that it internalizes
morphosyntactic transformations in a way that re-
duces dependence on external cues. In contrast,
Qwen 14B achieves competitive results but shows
greater sensitivity to changes in context size and
prompting configuration. This indicates that robust-
ness is better characterized by reproducibility than
by isolated metric gains.

The interaction between model size and the num-
ber of in-context examples reveals two distinct
strategies. Larger models, such as Mistral, achieve
strong performance with minimal context, whereas
smaller models, such as Qwen, rely on increasing
K to reach comparable results. However, increas-
ing the number of examples shifts part of the mod-

eling burden from the model itself to data avail-
ability. In low-resource settings, where curated
examples are scarce and costly to obtain, this in-
troduces an additional constraint: improvements
obtained through larger context windows may not
scale in practice due to limitations in data collec-
tion, annotation, and curation. As a result, robust-
ness depends not only on performance, but on the
ability to maintain it under constrained data and
inference conditions.

Variation across morphosyntactic categories
shows that performance is not determined solely by
model architecture or prompting strategy, but also
by the intrinsic properties of each transformation.
Categories with regular and localized morphology,
such as PERSON and POSS, are consistently easier
to model, while structurally complex or ambigu-
ous transformations, such as NUMBER or multi-
element constructions in TYPE, remain challenging
even under favorable prompting conditions. This
suggests that certain forms of linguistic complexity
introduce variability that cannot be fully mitigated
through additional context or prompt engineering
alone.

6 Conclusion

Our results show that performance in morphosyn-
tactic transformation is shaped not only by model
size, but by the interaction between model behav-
ior, context size, and linguistic complexity. Larger
models such as Mistral achieve stable performance
with minimal contextual support, while smaller
models such as Qwen benefit more from increas-
ing the number of in-context examples. Analysis
across morphosyntactic categories further reveals
that structurally complex transformations remain
challenging regardless of prompting strategy.

These findings highlight that robustness in low-
resource settings depends on the alignment be-
tween linguistic structure and prompt design, rather
than model size alone. Future work could ex-
tend morphosyntactic coverage, further analyze
category-level imbalance, and explore alternative
modeling approaches, including hybrid systems
that integrate explicit linguistic knowledge with
in-context learning.

7 Limitations

Dataset scope and coverage. The proposed
dataset, while enabling controlled morphosyntactic
transformations, is limited in size and coverage. Al-
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though it contains 6,328 transformation instances
derived from 471 source sentences, it does not ex-
haustively represent the full range of morphosyn-
tactic phenomena in Quechua Collao. In particular,
the distribution of transformation types is inher-
ently imbalanced, reflecting both the availability
of source data and the selective focus on specific
grammatical categories.

Linguistic coverage. The dataset focuses on a
subset of morphosyntactic categories and does not
fully capture the richness of Quechua Collao mor-
phology. While it includes core features such as
person, tense, aspect, number, and polarity, other
relevant phenomena—such as case marking, sub-
ordination, and more complex derivational pro-
cesses—are not systematically represented. As a
result, the task formulation reflects a simplified
view of the language, which may limit the gener-
alization of the findings to more complex or less
structured linguistic contexts.

Modeling and experimental setup. Our exper-
iments are restricted to a small set of instruction-
tuned language models evaluated under a specific
in-context learning setup. We do not explore alter-
native approaches such as fine-tuning, hybrid sys-
tems combining symbolic rules with neural models,
or retrieval-augmented methods. As a result, the
findings are specific to the considered models and
prompting strategies, and future work could exam-
ine whether similar patterns hold under different
modeling paradigms or training regimes.

Evaluation and human validation. The evalua-
tion primarily relies on automatic metrics such as
exact match accuracy and chrF, which may not fully
capture linguistic acceptability or naturalness in
morphologically rich languages. Although we com-
plement this analysis with a human-in-the-loop val-
idation involving native speakers and expert evalu-
ators, this component is limited in scale and based
on a relatively small sample of generated instances.
While the results show consistent and high ratings
across evaluators, the limited number of partici-
pants and examples restricts the generalizability of
these findings.
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A Prompt Example

We provide an example of the prompt format used for in-context learning. The prompt consists of a
table of resolved examples followed by a final instance with an empty target field, which the model must
complete.

Each row specifies a source sentence, a set of morphosyntactic changes, and the corresponding
transformed target. The final instance follows the same structure but omits the target, requiring the model
to infer the correct transformation based on the preceding examples.

Source | Change | Target

Sipasga chukuta achalan | {NUMBER:PL} | Sipasqa chukukunata achalan
Qayna wayk’urqgani wasiypi | {PERSON:1_PL_INC} | Qayna wayk’urganchik wasiypi

<FINAL INSTANCE>
Source | Change | Target
Sipasqga chukuta achalan | {NUMBER:PL} [

The model is instructed to produce a single output line in the format:
FINAL: <target_sentence>

This structured format constrains generation by explicitly aligning input transformations with output
examples, enabling controlled application of morphosyntactic changes.
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B Dataset Construction

B.1 Overview of the Construction Pipeline

The dataset used in this work is constructed through
a multi-stage pipeline that transforms a raw paral-
lel corpus into a structured resource for controlled
morphosyntactic transformation. The process con-
sists of three main stages: (i) parallel corpus con-
struction, where bilingual sentence pairs are ex-
tracted, cleaned, and aligned; (ii) morphosyntactic
annotation, where linguistic features are automat-
ically identified and manually validated; and (iii)
transformation dataset construction, where anno-
tated sentence pairs are converted into controlled
transformation instances. This pipeline enables
the generation of high-quality training and evalua-
tion examples in which morphosyntactic changes
are explicitly specified and systematically applied,
while preserving the original meaning of the source
sentence. Figure 1 provides an overview of this pro-
cess.

Parallel Spanish—-Quechua
Corpus

v

Morphosyntactic Annotation

v

Transformation Pair
Generation

v

Change Extraction

v

Morphosyntactic
Transformation Dataset

Figure 1: Pipeline for generating the morphosyntactic
transformation dataset.

B.2 Parallel Corpus Construction

The parallel corpus is compiled from a combina-
tion of heterogeneous bilingual sources, including
religious publications and official educational mate-
rials. These sources provide complementary prop-
erties: while religious texts contribute large-scale
and diverse sentence pairs, educational materials
offer more consistent orthographic and grammati-
cal usage.

Corpus construction involves multiple prepro-
cessing steps. First, textual data are extracted ei-
ther through optical character recognition (OCR)
for scanned documents or through structured pars-

ing for digital sources. The extracted text is then
cleaned to remove formatting artifacts such as line
breaks, special characters, and segmentation incon-
sistencies.

Sentence segmentation is applied to obtain
aligned units, followed by heuristic sentence align-
ment based on length and structural similarity. To
ensure alignment quality, a subset of sentence pairs
is manually reviewed and corrected.

Given the high degree of orthographic variation
in the raw data, especially in non-standardized
sources, an additional normalization step is ap-
plied using rule-based transformations informed
by the official orthographic conventions for South-
ern Quechua (Chuquimamani Valer et al., 2021),
which we adopt here as the reference standard for
Quechua Collao (quz). Existing Quechua resources
often exhibit inconsistent spelling and may mix
surface variants, which introduces noise and af-
fects downstream modeling. In our corpus, this
includes forms such as “noga” or “nuqga”, normal-
ized to “fiuqa”, “qollge”, normalized to “qullqi”,
and “huasi”, normalized to “wasi”. Applying a
consistent normalization scheme ensures uniform
surface forms across the corpus, improves the re-
liability of morphosyntactic analysis, and reduces
variability unrelated to the linguistic transforma-
tions of interest.

B.3 Morphosyntactic Annotation

Morphosyntactic annotation is performed through
a semi-automatic pipeline that combines rule-based
analysis with syntactic parsing and manual valida-
tion. The goal of this stage is to assign structured
linguistic features to each sentence, enabling the
controlled generation of morphosyntactic transfor-
mations.

In the automatic stage, candidate annotations
are generated using complementary sources of lin-
guistic evidence. For Quechua, rule-based pat-
tern matching is applied to identify morphological
markers such as person, number, tense, and eviden-
tiality. For Spanish, syntactic parsing is used to
extract grammatical information that can support
disambiguation. These sources are then combined
to produce a set of candidate tags along with asso-
ciated evidence.

Given the ambiguity of certain morphological
markers and the potential noise introduced by au-
tomatic processing, a manual validation step is
performed by native speakers. This step resolves
ambiguous cases, adds missing labels, corrects an-
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notation errors, and ensures that the assigned tags
accurately reflect the intended grammatical struc-
ture of each sentence.

For example, the suffix -n may mark third-person
verbal agreement, as in rima-n ‘he/she speaks’,
or third-person nominal possession, as in wasi-
n ‘his/her house’. Such cases are resolved dur-
ing manual validation by considering the lexi-
cal category and syntactic context of the marked
word. Similarly, possessive forms may require
an epenthetic -ni after consonant-final roots, as
in yawar-ni-n ‘his/her blood’, rather than the sim-
pler vowel-final pattern wasi-n. These checks en-
sure that the final tags reflect the intended mor-
phosyntactic function rather than only surface
string matching.

The final annotated corpus includes, for each
sentence, a set of validated morphosyntactic tags
that serve as the basis for constructing transforma-
tion pairs. Figure 2 illustrates an example of this
process, showing both automatically extracted can-
didates and their manually validated counterparts.

B.4 Transformation Dataset Construction

The transformation dataset is constructed from
the annotated corpus by generating pairs of base
and transformed sentences under controlled mor-
phosyntactic modifications. Each transformation
corresponds to a change in a subset of morphosyn-
tactic features while preserving the underlying
propositional meaning of the original sentence.

Controlled transformation generation. Start-
ing from an annotated base sentence, one or more
transformed variants are generated by modifying
specific grammatical categories such as person,
number, tense, or polarity. This process goes be-
yond surface-level rule application: transforma-
tions may require coordinated changes across multi-
ple elements in the sentence to maintain agreement
and grammaticality.

This design enables the creation of multiple valid
transformation instances from a single base sen-
tence, increasing dataset diversity without intro-
ducing uncontrolled noise. Unlike standard data
augmentation approaches, which rely on pertur-
bations or random variation, transformations in this
dataset are linguistically grounded and explicitly
defined through morphosyntactic features.

Transformation representation. Each instance
is represented as a tuple of the form (Source,
Change, Target), where Change encodes the differ-
ence between the morphosyntactic features of the

source and target sentences. This structured rep-
resentation allows models to infer transformations
from explicit grammatical specifications.

Change computation. The set of changes is
computed by comparing the annotated features
of the source and target sentences, retaining only
those categories that differ. This ensures that each
transformation is minimally specified and avoids
introducing irrelevant information.

Table 13 illustrates how multiple controlled
transformations can be generated from a single
base sentence.

B.5 Dataset Representation and Change
Computation

Each transformation instance is represented as a tu-
ple of the form (Source, Change, Target), where the
Change component encodes the morphosyntactic
differences between the source and target sentences.
The Source corresponds to the base sentence, the
Target to the transformed variant, and the Change
component encodes the specific morphosyntactic
differences between them.

Change computation. The Change representa-
tion is obtained by comparing the validated mor-
phosyntactic annotations of the source and target
sentences. Each set of tags is first normalized into
a dictionary of the form CATEGORY:VALUE. The
change is then defined as the subset of categories
whose values differ between the source and tar-
get, ensuring that only the relevant grammatical
modifications are retained.

For example, given the following pair:

* Source: Sipasqa chukuta achalan {PER-
SON:3_SI, TENSE:PRE_SIM}

* Target: Sipaskunaga chukunkuta achalanku
{PERSON:3_PL, NUMBER:PL, POSS:3_PL,
TENSE:PRE_SIM}

the resulting change is:
{PERSON:3_PL, NUMBER:PL, POSS:3_PL}

This procedure ensures that transformations are
minimally specified and avoids including features
that remain unchanged. To further improve con-
sistency and reproducibility, the elements in the
Change field follow a fixed ordering of categories
(e.g., PERSON, NUMBER, POSS, TENSE, AS-
PECT, MODE, TYPE), which standardizes the rep-
resentation across all instances.
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NUMBER:PL

| Automatically inferred label
H Manually validated label

Sipas-kunaqa fiawraq llimp’i t’ikawan-mi chuku-n-kuta achala-nku

EVID:ATT POSS:3 PLL. PERSON:3PL

TENSE:PRES_SIM

Figure 2: Example of morphosyntactic annotation showing automatically extracted candidates and manually

validated tags.

Source Change

Target

Purikuq runaqa chay wasiman chayarqan

Purikuq runaqa chay wasiman chayarqan
Purikuq runaqa chay wasiman chayarqan

Purikuq runaga chay wasiman chayarqan

{PERSON:3_PL,
NUMBER:PL}

{TENSE:PST_NEXP}

{TENSE:PRE_SIM,
ASPECT:PRG}

{MODE:POT}

Purikuq runakunaqa chay wasiman chayarqanku

Purikuq runaqa chay wasiman chayasqa
Purikuq runaqa chay wasiman chayachkan

Purikuq runaqa chay wasiman chayanman

Table 13: Examples of controlled morphosyntactic transformations derived from a single base sentence.

This structured representation provides a clear
interface for in-context learning, allowing mod-
els to infer transformations from explicit linguistic
specifications rather than implicit patterns.

C Morphosyntactic Label Inventory

The morphosyntactic labels used in the Change
field were selected to cover productive grammatical
categories in Quechua Collao that can be modeled
as controlled sentence-level transformations. The
inventory includes subject person and number, ver-
bal tense, aspect and mood, polarity, interrogation,
nominal possession, nominal pluralization, object-
person marking, and evidentiality. Although this
inventory does not exhaust the full morphology of
the language, it provides a structured set of cate-
gories for the controlled transformations studied in
this work.

Labels follow a CATEGORY : VALUE format. For
example, PERSON:1_PL_INC denotes a subject-
person transformation whose value is first-person
plural inclusive, while TENSE:PST_NEXP denotes
a tense transformation to non-experienced past.
When only the category is discussed, we use the
category name alone, such as PERSON, TENSE,
or NUMBER.

Table 14 summarizes the main labels, their mean-
ings, and typical surface realizations.

Table 15 summarizes the main value abbrevia-

tions used in label values.

D k-shot Selection Workflow

Figure 3 details the retrieval workflow used to
select in-context examples for each test instance.
The procedure first prioritizes exact matches in the
Change specification, then backs off to examples
sharing the same primary morphosyntactic cate-
gory, and finally fills remaining slots using TF-IDF
similarity over the source sentence. This ordering
is designed to preserve morphosyntactic relevance
before relying on surface similarity.

Two additional constraints make the retrieved
context auditable and comparable across runs. First,
a subset constraint prevents examples from intro-
ducing morphosyntactic categories that are absent
from the target transformation. Second, a leave-
one-out constraint ensures that the evaluated in-
stance never appears among its own demonstra-
tions. Whenever possible, examples from the same
transformation cluster are prioritized to preserve
lexical and structural proximity.

E Experimental Conditions

This appendix provides additional implementation
details for reproducibility, complementing the ex-
perimental setup summarized in the main paper.
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Label

Meaning Typical realization Example

Table 15: Abbreviations used in morphosyntactic label
values.

E.1 Local Inference Environment

All experiments were run locally through LM Stu-
dio on a Windows machine with an AMD Ryzen 5
3400G CPU, 32 GB of RAM, and AMD Radeon
RX Vega 11 integrated graphics reported with 2
GB of adapter memory. No NVIDIA/CUDA de-
vice was available in this setup.

E.2 Model Files and Quantization

The evaluated models were loaded in GGUF format
through LM Studio. Table 16 reports the exact
local model variants used in the final experiments,
including quantization format and model size as
reported by LM Studio.

E.3 Model Selection Rationale

The model set was selected to provide a compact
comparison among instruction-tuned LLMs with

PERSON Subject person/number -ni, -nki, -n, -nchik, -yku, -nku  rima-n ‘he/she speaks’
TENSE Verbal tense -rqa, -sqa, -saq, -nqa wayk’u-rqa-ni ‘1 cooked’
ASPECT Verbal aspect -chka riku-chka-n ‘he/she is seeing’
MODE Verbal mood/modality -man, -chus taki-n-man ‘he/she could sing’
TYPE Clause type or polarity mana ... -chu, ama ... -chu mana yacha-ni-chu ‘1 do not know’
SUBTYPE Clause subtype -chu riku-n-chu? ‘does he/she see?’
NUMBER Nominal number -kuna waka-kuna ‘cows’
POSS Nominal possession -y, -yki, -n, -nchik, -yku, -nku wasi-y ‘my house’
PERSON_OBJ  Subject—object person relation  -yki, -wa-nki, -su-nki qu-yki ‘1 give you’
EVID Evidentiality -mi/-m, -si/-s amawta-m ‘the teacher’ (attested)
Table 14: Morphosyntactic labels used in the transformation specifications.

Abbreviation Meaning Target instance

1,2,3 First, second, third person (Source, Change)

SI Singular

PL Plural [Level 1] Exact change

INC Inclusive

EXC Exclusive (if K not reached)

PRE_SIM Present/simple or non-future simple A 4

PST_EXP Experienced past [Level 2] Primary change

PST_NEXP Non-experienced past

FUT_SIM Future/simple (if K not reached)

PRG Progressive aspect v

POT Potential mood [Level 3] Similarity

DUB Dubitative mood )

IMP Imperative v apply constraints

NEG Negation « Subset constraint

PROH Prohibitive « Cluster-first

INT Interrogative * Leave-one-out

ATT Attestative evidential ¢

REP Reportative evidential

Final set of K examples

Figure 3: Hierarchical k-shot selection strategy com-
bining exact matching, primary-category retrieval, and
similarity-based fallback under structural constraints.

different parameter scales and generation profiles.
Mistral 24B represents the larger instruction-tuned
model in our comparison, Qwen 14B provides a
smaller multilingual instruction-tuned alternative,
and GPT-OSS 20B introduces a reasoning-oriented
generation behavior. The goal was not to exhaus-
tively benchmark all available models, but to an-
alyze how different model profiles respond to the
same controlled morphosyntactic transformation
setting.

E.4 Decoding and Paired Prompting

All runs used deterministic decoding with tempera-
ture = 0 and top-k = 1, following the reproducibil-
ity setting used throughout the pipeline. Mistral
and Qwen used a 64-token output cap, which was
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Model

Local LM Studio identifier

Quantization Size

Mistral 24B mistral-small-3.2-24b-instruct-2506 Q4_K_M 15.21 GB
Qwen 14B gqwen-gwen2.5-14b-instruct-1m Q4_K_M 8.99 GB
GPT-OSS 20B  openai/gpt-oss-20b MXFP4 12.11 GB

Table 16: Local model files used in the experiments, as reported by LM Studio.

sufficient for the required single-sentence target
format. GPT-OSS 20B was left uncapped only
to ensure that the model could reach the required
FINAL: output line when producing intermediate
reasoning.

The experimental grid combines model, number
of in-context examples (K € {5,10,15}), trans-
formation size (1 or 2 morphosyntactic categories),
and prompting mode (with or without morphologi-
cal hints). Paired runs with and without hints used
the same selected k-shot examples, so that differ-
ences between prompting modes reflect the pres-
ence of hints rather than changes in the demonstra-
tions.

F Human Evaluation

F.1 Evaluation Setup

To complement automatic metrics, we conduct a
human-in-the-loop evaluation of model outputs. A
subset of 44 transformation instances is selected to
cover a diverse range of morphosyntactic categories
and transformation types, including both single-
category and compositional cases.

The evaluated outputs are generated using the
best-performing configuration identified in the
main experiments (Mistral 24B Instruct). The eval-
uation is carried out by two native speakers of
Quechua Collao and one expert annotator, ensur-
ing both linguistic competence and consistency in
judgments.

F.2 Evaluation Protocol

Each generated instance is evaluated along three
dimensions:

Grammatical correctness measures whether
the output follows the morphosyntactic rules of
Quechua Collao and correctly applies the specified
transformation.

Naturalness assesses the fluency and acceptabil-
ity of the generated sentence from a native speaker
perspective.

Semantic consistency evaluates whether the out-
put preserves the meaning of the source sentence

Criterion Average Score
Grammatical correctness 4.87 (£ 0.60)
Naturalness 4.76 (£ 0.60)
Semantic consistency 4.82 (£ 0.60)

Table 17: Human evaluation results (Likert scale from 1
to 5; &+ indicates standard deviation).

while accurately reflecting the intended transforma-
tion.

Evaluators assign scores using a Likert scale
from 1 (very poor) to 5 (excellent) for each di-
mension. This setup captures both exact-match
correctness and perceived fluency, which are par-
ticularly important for morphologically rich and
low-resource languages.

F.3 Results

Table 17 reports the average scores across evalu-
ators for each evaluation dimension. The results
show consistently high ratings, indicating that the
generated outputs are generally well-formed, natu-
ral, and semantically coherent.

The relatively low and uniform standard devia-
tion indicates stable judgments among evaluators,
suggesting that the outputs align well with native
speaker intuitions. These findings complement the
automatic evaluation results reported in the main
text, providing additional evidence of the practical
validity of the generated transformations.

G Qualitative Comparison: Hints vs No
Hints

Table 18 presents representative examples from
Mistral 24B comparing predictions with and with-
out morphological hints. These examples illustrate
how hints influence the application of morphosyn-
tactic transformations at the token level.

In particular, hints guide the model toward the
correct insertion or modification of morphological
markers (e.g., plural suffixes or evidential markers),
reducing errors in morpheme placement. However,
their effect is not uniform across categories, as
some transformations (e.g., negation) are consis-
tently handled correctly even without additional
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guidance.

H Latency Analysis

Figure 4 shows response time as a function of the
number of in-context examples (K) across mod-
els, with and without morphological hints, for
both single-change (size = 1) and multi-change
(size = 2) settings.

Latency is measured as the end-to-end response
time (in milliseconds) under local inference, com-
puted as the elapsed time between sending a prompt
to the model and receiving the generated out-
put. This measurement reflects the combined cost
of processing longer prompts and generating re-
sponses, rather than an isolated estimate of model-
internal inference speed.

Response time increases consistently with K
for Mistral and Qwen, reflecting the expected cost
of processing longer inputs. In contrast, GPT-
OSS exhibits less predictable behavior, with non-
monotonic trends across configurations, suggesting
that response time is influenced not only by input
length but also by model-specific implementation
and decoding dynamics.

The effect of morphological hints on response
time is comparatively small, indicating that adding
structured guidance does not substantially increase
computational cost. Overall, these results highlight
a trade-off between context size and computational
cost, as well as variability in how different models
scale with longer inputs.

I Category-wise Performance

This appendix provides additional visualizations of
model performance across morphosyntactic cate-
gories, disaggregated by the number of in-context
examples (K).

Figure 5 shows accuracy by category and model.
Performance varies substantially across categories,
with transformations such as NUMBER consis-
tently yielding lower accuracy, while categories
like POSS and ASPECT exhibit more stable and
higher performance. These differences reflect vari-
ation in structural complexity and the difficulty of
correctly applying specific morphological opera-
tions.

The effect of increasing K is also category-
dependent. For example, Qwen shows notable
improvements in categories such as POSS and AS-
PECT as more examples are provided, while gains
are less consistent for more challenging transforma-

tions like NUMBER. This supports the observation
that the benefits of additional context depend on
both the model and the type of transformation.

Figure 6 presents chrF scores by category. While
chrF remains high across most categories, discrep-
ancies between chrF and accuracy are evident, par-
ticularly in more complex transformations. This
indicates that outputs can be lexically similar to
the target while still failing to capture the correct
morphological structure.

Together, these plots complement the main re-
sults by highlighting how performance varies not
only across models and configurations, but also
across linguistic categories with differing structural
properties.

144



Change Source Target No hints With hints
NUMBER:PL  Yana yuraq llimp’iyuq Yana yuraq llimp’iyuq Yana yuraq Yana yuraq llimp’iyuq
wakataqa allga waka wakakunataqa allqga llimp’ikuniyuq wakakunataqa allqa
nini waka nini wakataqa allga waka waka nini
nini
TYPE:NEG Qhipa wiflay warmiqa Qhipa wiflay warmiqa Qhipa wiflay warmiqa Qhipa wifiay warmiqa
agsuta rigsin mana aqsuta rigsinchu  mana aqsuta rigsinchu  mana aqsuta rigsinchu
EVID:ATT Inkataga amawta yana- Inkataga  amawtam Inkataga amawtami Inkataga  amawtam
pasqa yanapasqa yanapasqa yanapasqa

Table 18: Qualitative comparison of predictions from Mistral 24B with and without morphological hints. Bold
indicates the modified segment relative to the source.
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Figure 4: Inference latency as a function of the number of in-context examples (K) across models, with and without
morphological hints, for size = 1 and size = 2.
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Figure 5: Accuracy by morphosyntactic category and model, disaggregated by the number of in-context examples
(K).
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Figure 6: chrF scores by morphosyntactic category and model, disaggregated by the number of in-context examples
(K).
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