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Abstract
This paper introduces GLossMATE, a multi-agent critique-and-judge system that translates the gloss line in Interlinear
Glossed Text (IGT) into fluent English using Large Language Models (LLMs). GLossMATE integrates linguist-provided
resources (e.g., gloss-tag explanations, lexicon entries, curated IGT) with in-context learning and a multi-agent
critique-and-judge procedure that iteratively evaluates and refines candidate translations. Our experiments show that
leveraging analogous examples, explicit linguistic explanations, and collaborative agent interactions can enhance
translation quality across several low-resource and polysynthetic languages. We also incorporate human linguists
into the critique loop for selected languages. Case studies on three Indigenous languages further demonstrate the
complementary strengths of human-in-the-loop feedback and multi-agent reasoning for language documentation tasks.

Keywords: Language documentation, Low-resource languages, Multi-agent systems

1. Introduction

Interlinear Glossed Text (IGT) is a standard format
used by linguists for presenting linguistic data and
morphological analysis. An IGT entry usually com-
prises four lines: (1) a phonological or orthographic
transcription in the documented language, (2) a
segmentation of words into morphemes, (3) corre-
sponding grammatical glosses, and (4) a transla-
tion into English or another high-resource language.
Here is an IGT example from Natlgu:

(1) Orthography: Mnctikr mrlcde wiki li
(2) Segmentation: mnc-ti-kr mrlcde wiki li
(3) Gloss: be-TR-1AUGI there week two

(4) Translation: We stayed there two weeks.

Since the morpheme breakdowns and glosses
are typically created by labor-intensive manual anal-
ysis by experts, most research on IGT has con-
centrated on generating lines (2) and (3) from (1)
and (4) (Moeller and Hulden, 2018; Girrbach, 2023;
Yang et al., 2024b; Zhao et al., 2020).

However, in this work, we address the comple-
mentary direction: turning glosses (3) into natural-
language translations (4). This direction is mo-
tivated by a practical asymmetry in many docu-
mentation and revitalization workflows. Many lan-
guages already have tools that produce glosses
at scale, including morphological analyzers that
map surface forms to glosses (e.g. Harrigan et al.,
2017; Micher, 2017; Wiemerslage et al., 2022)
and conjugators that co-generate inflected forms
and their gloss analyses (e.g. Kazantseva et al.,
2018; Davis et al., 2021; Lu et al., 2024b). In
such settings, glosses are useful as a sort of
system-internal representation, but they can be
difficult for learners and community members to

understand, unless they have specialized train-
ing. Learners need explanations of meanings in
plain-but-precise English. For instance, glossing
a Michif verb as SUBJCONJ-PRS-stop-laugh
at someone-VTA.3SG-INV-1PL.EXCL' would
be useful to a linguist but incomprehensible to
your average language-learner; what they really
need to understand what it means is something like
“iffwhen he/she stopped laughing at us (not includ-
ing you).” The bottleneck is therefore not producing
more glosses, but producing readable explanations
that preserve the language’s morphosyntactic dis-
tinctions while matching local pedagogical prefer-
ences.

Because the output domain of these analyzers
expands exponentially with the number of mor-
phemes covered, manual translation is impracti-
cal. For example, the system in Kazantseva et al.
(2018) currently generates approximately 2.5 mil-
lion forms, a scale that necessitated the use of an
ad-hoc rule-based conversion script rather than hu-
man translation. However, the rule-based approach
is still laborious and brittle: any change to the gloss-
ing “language”, which happens frequently during
the development of a morphological analyzer, will
break the system and require a rewrite.?

TsuBJCONJ: introduces a subjunctive conjunct
clause; PRsS: present tense; VTA.3SG: transitive verb
with a third-person singular animate agent; INV: inverse;
1PL.EXCL: first-person plural exclusive patient (“we” not
including the addressee).

2The authors of Kazantseva et al. (2018) informed
us, p.c., that writing the system to turn glosses into read-
able English text took 3—6 person-months of work, and
required constant revision as the system grew to encom-
pass additional paradigms.
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Figure 1: The pipeline of GLossMATE.

At the same time, Large language models (LLMs)
offer a practical and more robust alternative to
hand-engineered systems. Rather than relying on
fixed rules, LLMs can map structured glosses and
human-written explanations of grammatical gloss
tags® directly to natural language, leveraging both
symbolic cues in the gloss line and their generative
capabilities.

In this paper, we propose GLossMATE (Multi-
Agent Translator Explanations for Glosses), a
human-in-the-loop pipeline that integrates linguists’
expertise to guide and refine gloss-to-text transla-
tion (as shown in Figure 1) via LLMs. Our contribu-
tions are as follows:

1. We introduce a human-in-the-loop, multi-agent
critique-and-judge pipeline for gloss-to-text
translation that combines linguist input with in-
context learning and structured critique. The
application of a multi-agent workflow provides
a more dynamic and adaptable approach to
problem-solving that mirrors collaborative hu-
man review. We show that LLMs handle di-
verse gloss types and languages effectively,
and that coupling them with expert feedback
yields higher-quality translations.

2. We evaluate targeted few-shot selection strate-
gies (choice and number of examples) to
test how retrieval-augmented prompts improve
translation quality.

3. We conduct practical case studies on three
Indigenous languages spoken in Canada,
demonstrating the effectiveness and feasibility
of GLossMATE in real documentation settings.

3Morpheme glosses are commonly divided into lexi-
cal and grammatical glosses. In a label like walk-PST,
walk is the lexical gloss (the core semantic unit), while
PST is a grammatical gloss (typically uppercase) indicat-
ing a morphosyntactic category such as tense, aspect,
or case.

2. The Challenge

Translating a gloss to English (or another high-
resource language) might seem trivial, if one is
only thinking of simple examples like 15G-1ove-
25G — “I love you”. However, in morphologically
complex languages, the task is actually quite deli-
cate, especially when the morphemes encode mor-
phosyntactic and semantic distinctions that English
does not normally make. How should we best ex-
press the difference between inclusive and exclu-
sive first-persons, in obviation, or in gender and
tense distinctions that English does not make?

There is no one best way to translate these;
rather, it comes down to the purpose of the sys-
tem and the needs/preferences of its users. The
“target language” here is not exactly English, but a
systematic idiolect used for expressing the seman-
tic distinctions of another language.

Likewise, the “source language”, the gloss line,
is an idiolect of its own. While linguists share
broad glossing conventions like the Leipzig gloss-
ing rules*, or the Unimorph abbreviation standard
(Batsuren et al., 2022), they differ in the details:
what is expressed in the gloss, what abbreviations
are used, how far morpheme clusters are broken
down, etc. Even for the same language, these
glossing conventions are often specific to the docu-
ment or system. Beyond shared assumptions about
the syntax of glosses and abbreviation standards,
there is no universal cross-linguistic representation
for glosses, nor could there be; morphological anal-
ysis is always done towards some specific research
or pedagogical purpose.

While the relationships between these “lan-
guages (source and target)” can be complex, they
are at least formulaic, and it is possible to write an
ad-hoc rule-based translator between them. How-
ever, as mentioned earlier, this approach is both
time-consuming and fragile. Even minor modifica-
tions to the glossing conventions, such as adding
a new affix or correcting existing errors, can ren-
der the previous implementation unusable. More-
over, the effort invested in developing such systems
cannot be easily scaled or transferred across lan-
guages or projects.

Meanwhile, a statistical or neural machine trans-
lation approach runs into the problem of train-
ing data. These two “languages (source and tar-
get)” are often idiosyncratic to specific researcher-
s/teachers/systems, and there is rarely training data
of any scale, except that which the project team
can make themselves.

Thus, the transition from training task-specific
sequence-to-sequence models to leveraging large,
general-purpose pretrained LLMs presents a

*https://www.eva.mpg.de/lingua/pdf/
Glossing—Rules.pdf
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promising new direction. LLMs not only excel at
generating fluent English from structured inputs but
have also likely encountered linguistic glosses from
a wide range of languages during pretraining. As a
result, they may be able to perform gloss-to-English
translation effectively in a zero-shot setting or with
minimal few-shot in-context examples. Moreover,
unlike rule-based pipelines, they are more resilient
to variation: a change in the glossing conventions
will not necessarily “break” the existing pipeline.

The challenge in using LLMs is that their zero-
shot performance is not adequately aligned with
two key needs. For one, there are many language-
specific aspects of interpreting a gloss that one
could not know just from the gloss itself; e.g., in
experiential verbs, does the subject represent the
experiencer or the stimulus? Neither a human nor
LLM could simply guess this without familiarity with
the language or its language family. The other need
is to express things in line with the users’/schools’
preferences for English renderings. Again, this is
not something one could know a priori. For both
of these, it is necessary to furnish the translator
with examples and/or guidance, and much of what
follows investigates means of doing so.

3. Related Work

In-context Learning for Low-Resource Lan-
guages In-context learning (ICL) has recently
been established as a powerful alternative for low-
resource data tasks in LLMs. By directly learning
from ICL demonstrations provided in the prompt,
the model can make inference without updating
parameters or fine-tuning. Previous studies have
shown that carefully selected few-shot exemplars
can improve model generalization even when train-
ing data is limited or domain-specific (Cahyawijaya
et al., 2024).

However, these systems will still struggle with
many fieldwork documented languages because
many rare or unseen words existing in those lan-
guages are underrepresented in pretraining cor-
pora. To mitigate this challenge, researchers
have begun integrating linguistic resources into
ICL prompts, such as explanations from dictionar-
ies and grammatical descriptions. They can help
enrich contextual understanding and reduce hal-
lucinations (Lu et al., 2024a; Aycock et al., 2025;
Zhang et al., 2024; Yang et al., 2024b). Other work
incorporates morphological analyzers to decom-
pose input sentences into morphemes, improving
compositional generalization and translation fidelity
(Moisio et al., 2023; Ismayilzada et al., 2025).

These strategies are particularly valuable for lin-
guistic documentation tasks, where examples tend
to be morphologically rich and structurally complex.
Based on prior approaches, our work combines

human-authored gloss explanations in the provided
ICL prompts to capture linguistic structure more ef-
fectively and improve translation quality.

Multi-agent Reasoning in LLMs Beyond text
generation, LLMs have demonstrated capabilities
in critique, evaluation, and reasoning. A grow-
ing body of work shows that LLM-as-a-judge ap-
proaches have shown strong correlation with hu-
man annotators across diverse natural language
generation tasks (Bavaresco et al., 2025; Liu et al.,
2023; Zheng et al., 2023).

Building upon this foundation, several recent
studies have further demonstrated the effective-
ness of multi-agent architectures for complex rea-
soning tasks. Multi-agent systems, where multiple
LLM instances collaborate through structured inter-
action protocols, have shown particular promise in
domains requiring diverse perspectives or special-
ized expertise (Wang et al., 2025; Li et al., 2023).
Such approaches have been successfully applied
to tasks ranging from code review and mathemati-
cal reasoning to factual verification (Tao et al., 2024;
Chen, 2025; Du et al., 2024).

More than treating the LLM as an autonomous
judge, our approach positions it as a collaborative
assistant that reasons over explicit linguistic anno-
tations and receives iterative feedback from domain
experts. This design choice aligns with recent find-
ings in meta-linguistic reasoning (Bean et al., 2024;
Ginn et al., 2024; Yang et al., 2025), which demon-
strate that while LLMs exhibit promising capabilities
in reasoning over explicit linguistic descriptions and
formal representations, they also benefit from struc-
tured feedback, expert supervision, and access to
domain-specific knowledge bases.

4. Language and Data Preparation

We conduct experiments on two main data sources:
(1) SIGMORPHON 2023 Shared Task datasets
(Ginn et al., 2023), which provide diverse, anno-
tated sentence-level IGT examples across multi-
ple typologically distinct languages, and (2) verb
conjugator datasets (Kazantseva et al., 2018; Lu
et al., 2024b; Davis et al., 2021), used with permis-
sions from their authors and language communities.
These datasets provide dense mappings between
inflected verb forms, glosses, and (in some cases)
English translations.

The SIGMORPHON Shared Task datasets (Ginn
et al., 2023) are fully open-source, allowing our
experiments to be replicated and ensuring trans-
parency in evaluation. In contrast, the conjuga-
tor datasets are not publicly available due to com-
munity data-protection policies (refer to Section 9
for details), but they serve as valuable controlled
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Language Family  Train Dev  Test
Arapaho Algonquian 39,501 4,938 4,892
Gitksan Tsimshian 31 42 37
Lezgi Nakh-Daghestanian 701 88 87

Austronesian 791 99 99
Nakh-Daghestanian 3,558 445 445

Natlgu
Tsez

Table 1: Size of the SIGMORPHON shared task
datasets (# samples) Ginn et al. (2023).

testbeds for assessing morphological generaliza-
tion.

Together, we test our pipeline under two types
of scenarios: One is naturalistic documentation
settings (where glosses and translations come from
human-annotated corpora) and the other one is
controlled morphological settings (where glosses
are generated systematically by conjugators).

4.1. SIGMORPHON Shared Task Data

The datasets released for the SIGMORPHON 2023
Shared Task on Interlinear Glossing (Ginn et al.,
2023) include seven low-resource languages: Ara-
paho, Gitksan, Lezgi, Natligu, Nyangbo, Tsez,
and Uspanteko. In our experiments, we exclude
Nyangbo due to the absence of translation data,
and Uspanteko because its translations are pro-
vided in Spanish rather than English, leaving five
languages for analysis. These languages exhibit
considerable typological diversity. For instance,
Arapaho is highly agglutinative and polysynthetic,
whereas Gitksan ranges from analytic to moder-
ately synthetic and is not polysynthetic. For the
SIGMORPHON datasets, we use the official train-
ing splits for constructing in-context examples and
the test splits for evaluation. Details for the 5 lan-
guages we used here are shown in Table 1.

4.2. Verb Conjugator Datasets

The conjugator datasets (Kazantseva et al., 2018;
Lu et al., 2024b; Davis et al., 2021) are derived
from three community-built morphological tools for
Kanyen’kéha (also known as Mohawk), Michif, and
Oneida. Each provides machine-readable map-
pings between linguistic features (such as person,
number, gender, direction, aspect) and correspond-
ing inflected verb forms, accompanied by glosses
and English translations (if applicable).

4.2.1. Kanyen’kéha Conjugator

The Kanyen’kéha dataset originates from Kawen-
noén:nis: the Wordmaker for Kanyen’kéha (Kazant-
seva et al., 2018). It implements a symbolic finite-
state model of Kanyen’kéha verbal morphology, de-
signed to support language learners through au-
tomatic generation of conjugated verb forms. A

"input": {
"root": "7nahkwayaZk-r",
"agent": "2-dl1",
"patient”: "3-sg-n",
"option”: "command”
T
"output”: [
[0, "seni”, ["agent”, "pronoun"],
"2-dl > 3-sg-n", ""],
[1, "'nahkw\u®@@el:ya'k", ["root"”, "
root”l, "verb”, ""1,
[2, "", ["aspect”, "command"], "IMP
ey
[z, "*, €1, "", "(You two) beat a
drum !"]

]

Figure 2: The figure shows a Kanyen’kéha example.
Each generated entry includes the surface verb,
its morpheme segmentation, gloss labels, and En-
glish translation, yielding structured data for our
controlled experiments.

sample of a single entry is shown in Figure 2.

Kanyen’kéha is a polysynthetic Iroquoian lan-
guage characterized by complex bound pronoun
systems. It encodes both agent and patient fea-
tures, and by extensive use of prepronominal pre-
fixes and aspectual suffixes.

The Kanyen’kéha dataset contains 248,796 in-
stances. Given the large size of the whole dataset,
we simulate a sparse data scenario while preserv-
ing linguistic diversity. We draw compact yet rep-
resentative subsets of 2,000 items for in-context
learning retrieval and 2,000 items for testing. We
aim to ensure that the dataset is “fair and represen-
tative”, by which we mean that the sampled sets
maintain the overall mix of morphological types
present in the full corpus rather than over-selecting
any single verb or inflectional class. We generate
the dataset as follows:

Each example includes an input.root field
(e.g9., Tnahkwaya7k-r). We parse this string at
the final hyphen to obtain a verb stem and a class
(here, verb stem = 7nahkwaya7k, class = r°).
We treat each (verb stem, class) pair as a bucket
and assign every example to its corresponding
bucket. We first load the full dataset and perform a
single global shuffle to mitigate ordering bias (e.g.,
near-duplicates or topical clustering). Within each
bucket, we also shuffle indices to avoid repeatedly
selecting the same items across runs. We then
allocate the sample proportionally: if a bucket b
comprises a fraction p, of the corpus, a sample of
size N (e.g., N = 2000) targets approximately p, N
items from b. Final allocations are rounded so that
totals sum to exactly N, never overdraw any small
bucket (allocations are capped by bucket size), and
use minimal, seed-controlled randomness to break

5There are in total three classes in the Kanyen'kéha
conjugator dataset: Class b stands for passive verb,
class p stands for transitive verb, and class r stands
for active verb.
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"text": "ee-doo-paahpihitaahk"”,

"time": "PRS",

"gloss"”: "CONJPRSgolaugh at
someoneVTATPL . INCLINV2SG",

"context”: "CONJ",

"preverb”: "doo-",

"preverb_base”: "doo-",

"preverb_translation”:

"verb": "paahpihVTA",

"verb_base"”: "paahpiheew”,

"verb_translation”: "laugh at someone”,

"type": "VTA",

"verb_type": "VTA",

"subject”: "VTATPL.INCL",

"object”: "VTA2SG",

"mood”: "IMP",

"vta_type”: u-lrl’

"direction”: "INV",

"subject_translation”: "we and you",

"subject_base”: "kiyanaw",

"object_translation”: "you",

"object_base”: "kiya"

” "

go -,

Figure 3: This figure presents a sample of Michif.
The conjugator encodes person/number agree-
ment, transitivity type (e.g., vTA, VATI), and direc-
t/inverse marking, and it produces detailed gloss
fields (e.g., VTA1PL. INCLINV2SG). The resource
primarily provides structured gloss-level informa-
tion and feature encodings rather than authoritative
sentence-level translations.

ties.

4.2.2. Michif conjugator

The Michif conjugator follows the system de-
scribed by Davis et al. (2021), ported subse-
quently to the Gramble platform (Littell et al., 2024).
Michif is a mixed Cree—French language exhibit-
ing Algonquian-style verbal morphology alongside
French-origin lexical roots. A Michif example is
shown in Figure 3.

The Michif collection comprises 131,588 in-
stances. Unlike the Kanyen’kéha dataset, these
entries do not include a gold English translation line.
To create a subset, we sample 100 entries for in-
context learning examples and 100 test examples
using similar proportional, bucketed protocol as for
Kanyen’kéha: For Michif, we use each item’s verb
as the basis for defining a type. Then items are
grouped into corresponding buckets, and a fixed-
size sample is allocated proportionally. In addi-
tion, as no gold English translations are supplied
by the Michif conjugator, human linguists provide
reference English translations for all 200 sampled
items.

4.2.3. Oneida conjugator

The Oneida data are derived from the conjugation
engine presented by Lu et al. (2024b), developed in
collaboration with the Oneida Nation of the Thames.
Like Kanyen’kéha, Oneida is an Iroquoian language

(]

"text": "takyunya'ni'he'",
"object_translation”: ">I(IMP)",
"object_base": "1SG",
"object": "1SG",
"subject_base": "2PL",
"subject": "2PL",
"subject_translation”:
"root_base"”: "unya'ni'he

"you_all>",

"
’

"root”: "unyani'he'”,
"root_translation”: "_make(s)
_something_for",
"subj_number": "PL",
"subj_gender": "n/a",
"obj_number": "SG",
"obj_gender": "n/a",
"subj_person”: "2",
"subj_inclusivity”: "n/a",
"obj_person”: "1",
"obj_inclusivity": "n/a"

Figure 4: The figure shows an Oneida example.
Each entry encodes person/number agreement
and root translation.

with rich polysynthesis and dual-person marking
on verbs. The conjugator generates morphologi-
cally complex verb forms annotated with morpheme
segmentation. An example is shown in Figure 4.

The Oneida collection comprises 8,401 in-
stances. Same as the case of Michif, no gold En-
glish translations are supplied by the conjugator,
so human linguists provide reference English trans-
lations for the sampled items: We sample 100 in-
context learning examples and 100 test examples
using the same proportional, bucketed protocol as
for Kanyen’kéha and Michif.

5. GlossMATE Pipeline

Our GLossMATE pipeline operates through the fol-
lowing three sequential stages:

1. Retrieval-Based In-Context Construction
For a given test gloss, GLossMATE first constructs
an In-Context Learning (ICL) prompt & by retriev-
ing relevant examples from the training corpus.
The objective is to provide the translation model
(TraNsLATOR Agent) with semantically and morpho-
logically aligned exemplars that mirror the target in-
stance. We start the experiment with three retrieval
strategies based on the SIGMORPHON Shared
Task training splits: (i) Random sampling, which
serves as a control baseline; (ii) Gloss-overlap re-
trieval, which selects examples that share the great-
est number of overlapping gloss tokens with the
test instance; and (iii) Distinctive morpheme re-
trieval: To identify informative grammatical cues
for in-context examples, we first compute a dis-
tinctiveness score for each morpheme in the train-

®We provide our code and complete prompt tem-
plate in our github repo: https://github.com/
changbingY/GlossMATE.git
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ing set using a TF-IDF-inspired scheme. Let
D ={dy,...,dn} denote the set of glossed exam-
plesand V = {mg,...,mu} the set of morphemes.
For each morpheme m;, we define:

Zjl'vzlf(miadj) o N
ZkM:1 Z?; f(mg,d;)  DF(m;)’

where f(m;,d;) is the frequency of m; in exam-
ple d;, and DF(m;) is the number of examples in
which m; appears. This scoring balances term fre-
quency (how representative a morpheme is) and
inverse document frequency (how rare it is across
examples), thereby highlighting morphemes that
are frequent yet not ubiquitous.

Besides strategies of selecting ICL examples, we
also evaluate models’ sensitivity to context size: We
vary the number of in-context examples from 1 to 5
and examine its effect on performance. Because
the data structure of the verb conjugator dataset
(Kazantseva et al., 2018; Lu et al., 2024b; Davis
et al., 2021) differs from that of the SIGMORPHON
shared task dataset, the analysis of in-context ex-
ample count and sampling strategy is conducted
solely on the SIGMORPHON dataset (Ginn et al.,
2023). We then apply random sampling and gloss-
overlap selections for the conjugator datasets. We
use the best-performing configuration for the sub-
sequent experiments.

2. Multi-Agent Critique and Refinement After
the initial translation is produced by the primary
translation agent (TRANSLATOR), we introduce a
structured CRITIQUE stage designed to evaluate
and refine the model output through explicit rea-
soning. This stage is implemented under a review-
oriented prompt template’ that enforces diagnosis
and provides corrective suggestions for the trans-
lation.

Each critique prompt begins with a fixed instruc-
tion header defining the model’s role as a meticu-
lous translation reviewer and corrector. The re-
viewer receives the full input context used dur-
ing generation, including the in-context examples,
glossed sentence, along with the model’s previous
translation. We ask the model to return feedback
identifying potential omissions, morphological mis-
matches, or stylistic inconsistencies in the transla-
tion. To enhance interpretability, the prompts for all
critic agents also include linguistically annotated
gloss-tag explanations that define the function of
grammatical markers (e.g., tense, aspect, clusivity,
inverse alignment) provided by fieldwork linguists
or community members.

For three Indigenous languages (Kanyen'kéha,
Michif, and Oneida), we additionally extend this

Distinct(m;) =

"Full prompt template is available at: https://
github.com/changbingY/GlossMATE.git.

step to a human-in-the-loop critique mode. In-
stead of relying solely on model-generated cri-
tiques, trained linguist annotators provide struc-
tured feedback following the same evaluation cate-
gories. This setting enables us to benchmark the
interaction between automated and expert-guided
critique, as detailed in Section 7.1.

3. Adjudication and Final Selection In the fi-
nal stage, a JUDGE agent converts the critique into
a single, publishable decision (the final translated
sentence). Concretely, for each reviewed item, the
JupGe Agent receives (i) the full original context
(ICL exemplars, gloss line, and gloss-tag explana-
tions), (ii) the candidate translation produced before
critique, and (iii) the prior critique.

6. Experiment Setup

We conduct experiments using three publicly avail-
able large language models (LLMs) of comparable
scale but distinct architectural families: Qwen2.5-
7B (Yang et al., 2024a), Gemma 3-12B (Team
et al., 2025), and LLaMA3-8B (Dubey et al., 2024).
All models are instruction-tuned and accessed via
open-source platforms (the Hugging Face Hub). In-
ference is performed using the vLLM engine (Kwon
et al.,, 2023). All experiments are executed on
NVIDIA A6000 Ada GPUs. Details of model pa-
rameters are as follows: The temperature was set
to 0.7 and the top-p parameter is 0.9. The maxi-
mum generation length was limited to 4096 tokens,
and we use a repetition penalty of 1.1.

To reduce variance from random initialization,
we use identical parameters across all language
splits and repeat each experiment three times, re-
porting the averaged results. We further compute
macro-averaged scores across languages to as-
sess overall model performance.

For evaluation, we adopt three complementary
metrics: BLEU, chrF, and Cosine Similarity be-
tween Sentence-BERT (Reimers and Gurevych,
2019) embeddings.

7. Results and Analysis

Our main results are shown in Table 3, Figure 5,
and Figure 6.

In-context gains depend on model architecture
and retrieval strategy rather than the sheer num-
ber of examples. Figure 5 illustrates BLEU, chrF,
and Cosine similarity scores as a function of the
number of in-context examples among SIGMOR-
PHON Shared Task Datasets. While all models
outperform their zero-shot baselines, the degree
and consistency of improvement vary across mod-
els. The Gemma3-12B model exhibits a steady up-
ward trend across all metrics, suggesting that larger
models can effectively digest increasing contextual
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evidence. In contrast, Qwen2.5-7B and LLaMA3-
8B display non-monotonic behavior: performance
often improves from one to three examples but
plateaus or declines thereafter. These findings indi-
cate that while adding in-context examples can im-
prove performance, the effect is model-dependent.

Across retrieval strategies, both distinctive and
overlap selections consistently yield higher scores
than random sampling, confirming that semanti-
cally or structurally relevant exemplars are more
beneficial than arbitrary ones. The overlap strategy
usually outperforms the distinctive approach.

Multi-agent reasoning further enhances
translation quality, though gains vary by model
and language. Table 3 summarizes results across
eight typologically diverse languages under three
experimental settings: base generation (G), gener-
ation with in-context learning (G+ICL), and genera-
tion with both in-context learning and multi-agent
critique (G+ICL+MA). Overall, introducing multi-
agent feedback yields consistent improvements
over both base and ICL-only configurations, with
notable boosts in BLEU, chrF, and Cosine similarity
for most languages.

Qwen2.5-7B exhibits the most stable and sub-
stantial gains under the multi-agent setting, achiev-
ing particularly large improvements for Lezgi and
Tsez, where BLEU increases by up to 5-10 points
beyond the ICL setting. In contrast, Gemma3-12B
and LLaMA3-8B show more variable trends: the
addition of multi-agent critique sometimes leads to
modest or uneven improvements.

Providing linguistic explanations enhances
model accuracy and semantic consistency
across all architectures. Figure 6 compares mod-
els’ performance with and without linguistically an-
notated gloss-tag explanations appended to the
inputs. Across all three metrics, the inclusion of
explanations yields clear improvements for each
model. Gemma3-12B achieves the highest abso-
lute scores, confirming its stronger capacity to in-
ternalize structured linguistic reasoning. Qwen2.5-
7B and LLaMAS-8B also show steady gains, with
BLEU increasing by 2—3 points and similar trends
in chrF and semantic similarity.

These results suggest that explicit linguistically
annotated gloss-tag explanations help models bet-
ter interpret gloss—translation correspondences,
improving both surface alignment and meaning
preservation. The consistency of gains across ar-
chitectures implies that even mid-sized LLMs can
benefit from structured linguistic supervision.

7.1. Human-in-the-Loop Experiment

To assess whether expert feedback can efficiently
improve already-usable model drafts, we conduct a
human-in-the-loop experiment with trained linguists

familiar with the target Indigenous languages. Im-
portantly, our goal is not to replace expert transla-
tion, but to evaluate an assistive post-editing work-
flow: the relevant comparison is editing model out-
puts versus writing learner-facing explanations from
scratch.

In this setup, each linguist reviews the output
produced by the TRANSLATOR agent before the au-
tomated CriTic and JubGE stages. Annotators pro-
vide structured critiques targeting (i) adequacy with
respect to the gloss (e.g., person/number, clusivity,
argument roles, inverse/direct marking), (ii) gram-
matical alignment, and (iii) learner-facing natural-
ness and style. Across languages, annotators re-
quired approximately one hour per 100 items (about
36 seconds per item), reflecting a lightweight re-
view process focused on correcting systematic ade-
quacy mismatches rather than producing full trans-
lations.

We use these critiques as additional feedback
exemplars in the prompt, and we further refine ex-
emplar selection by retrieving critique examples
jointly based on similarity in both the gloss and
the model output. This strategy aims to surface
recurring error patterns (e.g., consistent pronoun
or role confusions) so that limited expert time is
concentrated on the highest-impact issues.

Table 2 shows that incorporating human critiques
generally yields additional improvements over the
fully automatic pipeline, though gains are not uni-
form across languages. We emphasize that in the
conjugator datasets, each instance is typically a
single inflected verb form rather than a full sen-
tence, which makes surface-overlap metrics such
as BLEU/chrF brittle: correcting a single feature
(e.g., inclusive vs. exclusive “we”; or a direct/in-
verse role) may change only one or two tokens
while substantially improving adequacy.

It is important to note that, in language docu-
mentation contexts, even low-frequency errors and
fabrications can be unacceptable in pedagogical
materials. From this perspective, human-in-the-
loop review plays an important role as a quality-
control mechanism: it helps ensure correctness
and user-preferred phrasing once the model is al-
ready near-adequate, where post-editing can be
fast while still preventing consequential mistakes.

8. Conclusion and Future Work

In this work, we presented GLossMATE, a human-
in-the-loop, multi-agent framework for translating in-
terlinear glossed text into fluent English. By combin-
ing linguist-provided gloss explanations, retrieval-
augmented in-context learning, and a critique-and-
judge workflow, GLossMATE achieves more accu-
rate and interpretable translations across diverse
low-resource languages. Our experiments show
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8B, and Gemma3-12B) under different in-context learning (ICL) example extraction strategies for the
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Language Metric G+ICL+MA G+ICL+MA(+Human)
BLEU 31.29 32.47

Kanyen'’kéha chrF 48.67 50.32
CosineSim 0.762 0.772
BLEU 65.34 67.32

Michif chrF 79.02 80.34
CosineSim 0.912 0.913
BLEU 53.95 53.96

Oneida chrF 65.95 65.92
CosineSim 0.899 0.899

Table 2: Performance of Gemma3-12B across
three Indigenous languages under two experimen-
tal settings: G+ICL+MA (Generation + In-Context
Learning + Multi-Agent) and G+ICL+MA (+Human),
where the critique stage includes human-in-the-
loop feedback from trained linguists.

that structured linguistic supervision and multi-
agent reasoning consistently enhance translation
quality and robustness to gloss variation. Our work
also highlights the promise of collaborative LLM
systems that integrate expert knowledge to support
language documentation and revitalization.

In future work, we plan to complement surface-
overlap metrics with more semantic and structure-

aware evaluation. One promising direction is a
round-trip check: translate a gloss into English and
then condition an LLM to recover the gloss (or a
normalized set of features) from the English, com-
paring the reconstructed analysis to the original.
This “back-translation” style evaluation may better
capture whether crucial morphosyntactic distinc-
tions (e.g., clusivity, obviation, inverse, aspect) are
preserved, even when multiple English renderings
are acceptable and BLEU/chrF are brittle for short
verb-only outputs.

9. Limitations

While we recognize the importance of open data
for reproducibility and future research, the verb con-
jugator datasets used in this study cannot be re-
leased publicly. These datasets are derived from
community-built morphological tools originally de-
signed for language learning, not for large-scale
data dissemination. Public release poses potential
risks of misuse or unintended exposure of culturally
sensitive material. We respect the communities’
preferences and data-governance policies, and we
plan to explore pathways for broader accessibility
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Qwen2.5-7B LLaMA3-8B Gemma3-12B
Language Metric G G+ICL G+ICL+MA G G+ICL G+ICL+MA G G+ICL G+ICL+MA
BLEU 345 521 6.75 3.29 9.14 5.18 8.27 12.77 11.43
Arapaho chrF 25.83 28.15 29.76 22.71 30.26 27.91 30.66 35.32 35.98
CosineSim 0.555 0.595 0.610 0.488 0.616 0.574 0.627 0.689 0.679
BLEU 498 5.95 10.12 3.88 8.03 5.31 7.65 14.75 13.67
Teez chrE . 35.55 36.69 40.51 22.67 33.85 32.59 37.59 42.66 42.23
CosineSim 0.678 0.703 0.740 0.356 0.627 0.645 0.705 0.774 0.776
BLEU 293 7.34 9.57 6.91 9.64 7.65 6.54 13.60 14.75
Natiigu chrF 29.42 33.57 33.87 30.19 33.23 32.56 31.01 37.88 32.79
CosineSim 0.552 0.658 0.668 0.593 0.621 0.602 0.598 0.731 0.708
BLEU 478 12.18 23.13 5.97 13.76 13.40 9.33 34.11 22.44
Lezgi chrF 30.35 36.66 47.94 30.59 37.24 38.47 35.18 50.50 42.66
CosineSim 0.576 0.615 0.749 0.586 0.536 0.606 0.620 0.707 0.679
BLEU 3.61 6.79 6.82 566 5.61 5.89 430 7.26 8.98
Gitksan chrF 33.40 34.43 37.23 34.65 32.42 35.45 35.71 38.07 41.16
CosineSim 0.544 0.551 0.585 0.558 0.518 0.584 0.583 0.636 0.657
BLEU 7.86 28.81 29.69 6.79 20.10 30.35 7.54 29.56 31.29
Kanyen'kéha chrF 27.00 46.75 47.95 27.67 35.17 45.44 29.76 40.74 48.67
CosineSim 0.61  0.740 0.763 0.600 0.690 0.733 0.625 0.716 0.762
BLEU 2.06 65.99 66.00 3.72 62.35 63.23 4.67 67.54 65.34
Michif chrF 16.46 78.34 78.34 15.86 77.85 78.01 16.98 78.89 79.02
CosineSim 0.303 0.901 0.901 0.312 0.894 0.899 0.325 0.912 0.912
BLEU 12.19 50.38 52.75 12.96 51.23 52.21 14.64 53.10 53.95
Oneida chrF 36.51 65.05 65.89 36.98 65.42 66.10 37.60 66.30 65.95
CosineSim 0.644 0.865 0.872 0.652 0.871 0.885 0.666 0.879 0.899

Table 3: Evaluation across all languages with metrics as rows and models/settings as columns. G= basic
gloss setting; ICL = In-context learning; MA = Multi-Agent.

through consent-based and ethically aligned col-
laborations in the future.
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