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Abstract

We present a minimal, fully open baseline for morphology-
aware evaluation in Plains Cree (néhiyawéwin) designed for
constrained settings. The goal is a recipe that community
partners and researchers can run on a single workstation with
a stock PyTorch plus Transformers environment and no ad-
ditional installs, while producing machine-readable artifacts
for audit and reuse. We treat a compact open causal language
model as a zero-shot probe and evaluate two tasks that reflect
real linguistic structure: (1) reinflection given a lemma and
a plus-delimited feature bundle, and (2) analysis that outputs
a plus-delimited segmentation with feature tags. Tag conven-
tions follow GiellaLT-style resources to keep outputs inter-
pretable. Decoding is greedy. Metrics are exact-match accu-
racy and average Levenshtein distance for reinflection, and
Jaccard overlap over tag sets for analysis.

Using a small curated gold set (reinflection n=6, analysis
n=~6), we find limited morphology competence. Reinflection
reaches accuracy 0.17 with average edit distance 3.17. By
mood, Ind outperforms Cnj (accuracy 0.33 vs 0.00; AvgED
2.00 vs 4.33). By person, only 3Sg yields any exact matches
(accuracy 0.50, AvgED 1.50). Analysis averages Jaccard
0.00 overall and in both Ind and Cnj, driven by lemma copy-
ing, missing conjunct morphology, and prompt echo that re-
places structured analyses with meta-text. These results es-
tablish a clear, reproducible baseline and pinpoint failure
modes to target with format-constrained prompting, a few
in-context exemplars, and lightweight FST-assisted checks
while maintaining an open-only constraint.

Background
Context

Work on Canadian Indigenous languages in NLP has con-
centrated where aligned corpora and shared tasks exist.
Inuktut has seen the most traction due to the Nunavut
Hansard parallel corpus and its inclusion in the WMT20
news translation task. Together these established a widely
used IU<EN benchmark and surfaced issues with script
handling and domain shift (Joanis et al. 2020; Barrault
et al. 2020; wmt 2020; Knowles et al. 2020; Hernandez and
Nguyen 2020).

Industry deployments and limits

Platform deployments increased visibility and access.
Google Translate added Inuktut support, and Microsoft in-

troduced Inuktitut in Translator and later publicized TTS
voices (Caswell 2024; Microsoft News Center Canada 2021,
Kirk 2024). These releases matter for users, yet they rarely
ship with reusable baselines, detailed error analyses, or arti-
facts that are easy for community partners to audit and ex-
tend.

Multilingual MT at scale

Large multilingual efforts such as No Language Left Behind
expanded coverage to 200 languages and released widely
used checkpoints with public documentation of data curation
and evaluation (NLLB Team et al. 2022; Costa-jussa et al.
2024). These projects optimize for sentence-level MT qual-
ity. They offer limited insight into morphological compe-
tence for polysynthetic families like Algonquian and Inuit,
and robust evaluation beyond Inuktut remains sparse.

Morphology resources and community
infrastructure

Rule-based and community-aligned infrastructure makes
morphology evaluation feasible. For Plains Cree, the Giel-
1aLT ecosystem provides finite-state analyzers and genera-
tors with shared engineering conventions (Moshagen et al.
2023; GiellaLT 2025). The itwéwina dictionary anchors lex-
icographic practice used by speakers and educators (ALT-
Lab, University of Alberta 2021). For Ojibwe, recent FST
work lowers the barrier to analysis and generation (Ham-
merly et al. 2025). For Inuktitut, neural-augmented analyz-
ers illustrate coverage challenges in polysynthetic morphol-
ogy (Micher 2017). Separately, ReadAlong Studio shows
practical, licensed alignment workflows for Indigenous au-
diobooks that can support future evaluation sets (Littell et al.
2022).

Underserved-language perspective

Broader surveys highlight structural inequities in data, com-
pute, and evaluation for low-resource and Indigenous lan-
guages (Joshi et al. 2020). Indigenous-focused modeling
such as IndT5 shows promise under sparse data, but compre-
hensive, reproducible LLM evaluations for Canadian Indige-
nous languages remain uncommon (Nagoudi et al. 2021).



Gaps
* Coverage beyond Inuktut. Public, standardized evalua-

tion concentrates on [U<+EN MT. Systematic assessment
for Cree and Ojibwe is limited (Barrault et al. 2020).

¢ Morphology-aware evaluation. Sentence-level MT
metrics do not test whether models generate or ana-
lyze the correct inflectional feature bundles used by
speakers. Finite-state resources exist, yet they are rarely
paired with LLMs in open, compute-constrained probes
(Moshagen et al. 2023; GiellaLT 2025; Hammerly et al.
2025).

* Open, runnable baselines. Many demonstrations de-
pend on closed APIs or heavy stacks. Community part-
ners need artifacts that run locally with permissive li-
censes and minimal environment friction (NLLB Team
et al. 2022).

Scope of this paper

We target a narrow, high-signal objective that prioritizes
reproducibility. We focus on Plains Cree morphology and
operate under an open-only, no-new-installs constraint. We
evaluate two tasks:

1. Reinflection given a lemma and a plus-delimited feature
bundle, scored by exact match and average edit distance.

2. Analysis given a surface form, producing a plus-
delimited segmentation and features, scored by Jaccard
overlap over tag sets.

We treat a compact open causal LM as a black-box probe.
We align tag conventions with the GiellaLT ecosystem and
community dictionaries to keep outputs interpretable by
practitioners (Moshagen et al. 2023; GiellaLT 2025; ALT-
Lab, University of Alberta 2021). The goal is not state of
the art. The goal is a clean, runnable baseline that labs and
community partners can re-run, critique, and extend.

Summary Prior work gives strong MT resources for Inuk-
tut and mature finite-state morphology for Cree and Ojibwe.
What is missing is open, reproducible, morphology-aware
evaluation for Cree. We fill that by running an offline probe
on reinflection and analysis with open weights and simple,
auditable metrics tied to community conventions.

Methodology
Study design and constraints

e Scope: evaluate morphology for Plains Cree
(n€hiyawéwin) only. We do not train or fine tune
models.

¢ Open only: weights and data must be publicly available
under permissive licenses. No closed APIs.

* No new installs: rely on a stock PyTorch + Transformers
environment.

« Single machine: inference on one workstation with de-
terministic decoding.

¢ Community alignment: tag conventions follow Giel-
IaLT style resources for Cree (Moshagen et al. 2023;

Task Input  Output Primary score

Reinflection /¢, b
Analysis T

surface ¢
analysis @& Jaccard over tag sets

exact match, avg edit distance

Table 1: Tasks and scores. Plus delimited bundles fol-
low GiellaLT conventions (GiellaLT 2025; Moshagen et al.
2023).

GiellaLT 2025); lemmas are grounded in community lex-
icography where possible (ALTLab, University of Al-
berta 2021).

Tasks

We evaluate two morphology tasks that expose complemen-
tary behavior.

Reinflection Given a lemma ¢ and a plus delimited feature
bundle b (e.g., V+AI+Ind+Prs+1Sg), generate a surface
form g.

(4,0) — g

Analysis Given a surface form x, produce a plus delim-
ited analysis a, which may contain morphemes and tags in a
single linearization.

T a=mi+mo 44T 4

Data

Gold items We curate compact test items for both tasks
that are non sacred and reflect widely taught paradigms.
Each reinflection item is a triple (¢, b, y*) with one gold sur-
face form y*. Each analysis item is (z, A*) where A* =
{a1,...,ax} is asmall set of acceptable analyses to accom-
modate orthographic or tagging variants used in practice.

Tagging conventions Feature bundles and segmentation
use the same atom names and ordering patterns as the Cree
resources in GiellaLT to make outputs legible to practition-
ers and compatible with future automated checks (GiellaLT
2025; Moshagen et al. 2023). Lemma spelling and example
forms are cross checked against itwéwina (ALTLab, Univer-
sity of Alberta 2021).

Model and prompting

Probe model We treat a compact open causal LM as a
black box probe. No gradient updates are applied. Decod-
ing is greedy with temperature 0 and no sampling.

Prompts We use short instruction style prompts that elicit
a single line answer.

* Reinflection prompt: You are a morphological genera-
tor for Plains Cree. Given a lemma and a feature bundle
in plus delimited tags, output only the inflected surface
form. Lemma: ¢ Tags: b Form:

e Analysis prompt: You are a morphological analyzer for
Plains Cree. Segment the word into morphemes using ‘+’
and include tags. Output only one line. Word: x Analysis:



No few shot examples are included. We strip any model
preamble by taking the first line following the cue token
(Form: or Analysis:).

Normalization
Before scoring we apply a minimal normalization function

* Unicode NFC, trim leading and trailing whitespace.

* Preserve diacritics and Cree orthography; no lowercas-
ing.

* Collapse internal runs of spaces to a single space. No
punctuation stripping.

All metrics operate on N (+).

Metrics
Let  {(¢;,bi,y)}Y, be reinflection items and
{(x;, A%)}}L, be analysis items.

Reinflection Model prediction ¥; is compared to y after
normalization.

Acc = NZI{N Ny}

ED — fZLev No)

where Lev(+, -) is unit cost Levenshtein distance.

Analysis Let S(a) map a plus delimited string to a set of
atoms by splitting on + and removing empties. We compute
best overlap against any acceptable analysis:

B IS(N (@) N SN (a))|
Jaccard; = 52?4)5 IS(N(a)) USN(a))]

M
E Jaccard;

Jaccard =

Failure handling
¢ Empty or multi line outputs: treat as empty after nor-
malization.
* Prompt echo: if the model repeats part of the prompt, we
take the substring after the final cue token.
* Out of alphabet: we do not penalize diacritics; otherwise
all Unicode code points count toward edit distance.

Reproducibility

¢ Determinism: greedy decoding, fixed random seeds, and
stable tokenization. If GPU kernels require non determin-
istic cuBLAS paths, we record the environment override
in the artifact metadata.

* Artifacts: the notebook writes per item predictions and
JSON summaries for each task, plus a machine readable
config capturing library versions, device, and decode set-
tings.

¢ Licensing: only public or curated gold items are used. No
sacred or restricted content. Tagging conventions match
open resources (GiellaLT 2025; Moshagen et al. 2023).

Task Input  Output Primary score

Reinflection /¢, b
Analysis T

surface ¢
analysis @& Jaccard over tag sets

exact match, avg edit distance

Table 2: Tasks and scores. Plus delimited bundles fol-
low GiellaLT conventions (GiellaLT 2025; Moshagen et al.
2023).

Limitations

This probe is a black box stress test under strict constraints.
It does not replace analysis with finite state tools, nor does
it claim representativeness across dialects. The small cu-
rated sets should be expanded with community input and
checked against analyzer outputs in future work (GiellaLT
2025; Moshagen et al. 2023).

TLDR We evaluate Cree morphology with two tasks. In-
puts and outputs use plus delimited conventions aligned with
GiellaLT. A compact open causal LM generates one line an-
swers with greedy decoding. We score reinflection by ex-
act match and average Levenshtein, and analysis by Jaccard
overlap against a small set of acceptable gold analyses. Ev-
erything runs in a stock PyTorch plus Transformers environ-
ment with recorded artifacts for reproducibility.

Methodology
Study design and constraints

* Scope: evaluate morphology for Plains Cree
(n€hiyawéwin) only. We do not train or fine tune
models.

* Open only: weights and data must be publicly available
under permissive licenses. No closed APIs.

* No new installs: rely on a stock PyTorch + Transformers
environment.

* Single machine: inference on one workstation with de-
terministic decoding.

* Community alignment: tag conventions follow Giel-
1aLT style resources for Cree (Moshagen et al. 2023;
GiellaLT 2025); lemmas are grounded in community lex-
icography where possible (ALTLab, University of Al-
berta 2021).

Tasks

We evaluate two morphology tasks that expose complemen-
tary behavior.

Reinflection Given a lemma ¢ and a plus delimited feature
bundle b (e.g., V+tAI+Ind+Prs+1Sg), generate a surface
form g.

(£,0) = 9

Analysis Given a surface form z, produce a plus delim-
ited analysis a, which may contain morphemes and tags in a
single linearization.

r — d:m1+m2+...+7-1+...



Data

Gold items We curate compact test items for both tasks
that are non sacred and reflect widely taught paradigms.
Each reinflection item is a triple (¢, b, y*) with one gold sur-
face form y*. Each analysis item is (x,.A*) where A* =
{a1,...,ax}is asmall set of acceptable analyses to accom-
modate orthographic or tagging variants used in practice.

Tagging conventions Feature bundles and segmentation
use the same atom names and ordering patterns as the Cree
resources in GiellaLT to make outputs legible to practition-
ers and compatible with future automated checks (GiellaL'T
2025; Moshagen et al. 2023). Lemma spelling and example
forms are cross checked against itwéwina (ALTLab, Univer-
sity of Alberta 2021).

Model and prompting

Probe model We treat a compact open causal LM as a
black box probe. No gradient updates are applied. Decod-
ing is greedy with temperature 0 and no sampling.

Prompts We use short instruction style prompts that elicit
a single line answer.

* Reinflection prompt: You are a morphological genera-
tor for Plains Cree. Given a lemma and a feature bundle
in plus delimited tags, output only the inflected surface
form. Lemma: ¢ Tags: b Form:

* Analysis prompt: You are a morphological analyzer for
Plains Cree. Segment the word into morphemes using ‘+’
and include tags. Output only one line. Word: x Analysis:

No few shot examples are included. We strip any model
preamble by taking the first line following the cue token
(Form: or Analysis:).

Normalization
Before scoring we apply a minimal normalization function

* Unicode NFC, trim leading and trailing whitespace.

* Preserve diacritics and Cree orthography; no lowercas-
ing.

» Collapse internal runs of spaces to a single space. No
punctuation stripping.

All metrics operate on NV (+).

Metrics
Let  {(4;,bi,y)}Y, be reinflection items and
{(x;, A%)}}L, be analysis items.

Reinflection Model prediction §; is compared to y; after
normalization.

N
Ace = = S UN() = N )
=1

N
D - ;;wa@a,fwyzn

where Lev(+, -) is unit cost Levenshtein distance.

Analysis Let S(a) map a plus delimited string to a set of
atoms by splitting on + and removing empties. We compute
best overlap against any acceptable analysis:

IS (@) N S
Jaceands = R 1SV (@) U SV ()

M
Jaccard = MZJaccardj
j=1

Failure handling

* Empty or multi line outputs: treat as empty after nor-
malization.

* Prompt echo: if the model repeats part of the prompt, we
take the substring after the final cue token.

* Out of alphabet: we do not penalize diacritics; otherwise
all Unicode code points count toward edit distance.

Reproducibility
* Determinism: greedy decoding, fixed random seeds, and
stable tokenization. If GPU kernels require non determin-
istic cuBLAS paths, we record the environment override
in the artifact metadata.

* Artifacts: the notebook writes per item predictions and
JSON summaries for each task, plus a machine readable
config capturing library versions, device, and decode set-
tings.

* Licensing: only public or curated gold items are used. No
sacred or restricted content. Tagging conventions match
open resources (GiellaLT 2025; Moshagen et al. 2023).

Limitations

This probe is a black box stress test under strict constraints.
It does not replace analysis with finite state tools, nor does
it claim representativeness across dialects. The small cu-
rated sets should be expanded with community input and
checked against analyzer outputs in future work (GiellaLT
2025; Moshagen et al. 2023).

Results
Evaluation setup

We evaluate Plains Cree morphology under the constraints
in Section Methodology: open weights, no additional in-
stalls, single workstation, greedy decoding, and two zero
shot tasks. The curated test sets contain n=6 items for rein-
flection and n=6 items for analysis. Results are exact match
accuracy and average Levenshtein distance for reinflection,
and average Jaccard overlap over plus delimited tag sets for
analysis. All scores are computed on normalized text.

Overall metrics
Breakdowns by mood and person
Findings

Accuracy for reinflection is 0.17 with AvgED 3.17 on this
compact set. By mood, Ind outperforms Cnj (Acc 0.33 vs



Task Score 1 Score 2

Reinflection (n=6)
Analysis (n=6)

Acc=0.17 AvgED=3.17
Avg Jaccard = 0.00

Table 3: Overall Cree morphology metrics. Acc is exact
match. ED is Levenshtein distance.

Subset n Acc AvgED
Reinflection: Ind 3 0.33 2.00
Reinflection: Cnj 3 0.00 4.33
Reinflection: 1Sg 2 0.00 4.00
Reinflection: 2Sg 2 0.00 4.00
Reinflection: 3Sg 2 0.50 1.50
Analysis (Avg Jaccard)

Analysis: Ind 3 0.00

Analysis: Cnj 3 0.00

Table 4: Breakdowns by mood and person.

0.00) and shows lower AvgED (2.00 vs 4.33). By person,
only 3Sg reaches any exact matches (Acc 0.50, AvgED 1.50)
while 1Sg and 2Sg remain at Acc 0.00 with AvgED 4.00.
Analysis averages Jaccard 0.00 overall and within both Ind
and Crj, indicating that the model either copies the surface
form or emits meta text rather than a plus delimited analysis.

Error patterns

* Lemma copying The model frequently returns the bare
lemma micisow instead of realizing person prefixes ni-,
ki- or conjunct morphology, which drives errors in 1Sg
and 2Sg and across Cnj.

* Missing conjunct markers Gold é- plus person suffixes
are often absent, leading to large edit distances for Crj.

* Prompt echo in analysis Outputs include English meta
text or unsegmented copies of the input, yielding Jaccard
0.00.

Takeaways

e A compact open causal LM is not morphology compe-
tent for Cree under zero shot prompts on this minimal
set. The gap between Ind and Cnj aligns with the extra
morphological load in conjunct forms.

e Failure is about content selection rather than spelling.
The model ignores feature bundles and prefers the
lemma, which inflates edit distance and collapses anal-
ysis scores.

* Immediate next steps that keep the same constraints: add
a few in context exemplars, enforce output format in
prompts, and apply light post checks that normalize hy-
phenation and diacritics before scoring.

Reinflection reaches Acc 0.17 with AvgED 3.17; only
3Sg shows any exact matches. Analysis averages Jaccard

0.00 due to prompt echo and unsegmented copies. This base-
line cleanly exposes failure modes to target with format con-
trol, minimal few shot conditioning, and simple post checks
while staying fully open and reproducible.

Discussion
Reading the numbers

The probe exhibits weak morphology competence on this
compact Cree set. Reinflection accuracy is 0.17 with AvgED
3.17. The gap between Ind and Cnj suggests that the model
defaults to the lemma and struggles to realize conjunct mor-
phology. Person marking shows the same pattern: only 3Sg
yields any exact matches while 1Sg and 2Sg miss the ni and
ki prefixes. Analysis scores average Jaccard 0.00, indicating
that the model either copies the surface form or emits meta
text rather than a plus delimited analysis.

Why the probe failed

* Objective mismatch: the model is trained for conversa-
tional text and instruction following. Morphology gener-
ation and analysis require compositional constraints that
are not reinforced by general chat data.

* Formatting sensitivity: without examples or hard for-
mat constraints, the model often returns explanations or
echoes instructions rather than the requested one line out-
put.

* Polysynthesis pressure: Cree bundles several grammat-
ical categories. Small deviations from prefix or suffix re-
alization produce large edit distances and zero Jaccard
even when the output is close in surface form.

» Zero shot setting: no few shot context means the model
must infer both the tag semantics and the output lin-
earization from a single instruction.

What worked and what did not

* Worked: a simple, auditable pipeline. Greedy decoding
with minimal prompts plus deterministic text normaliza-
tion gave stable measurements that are easy to replicate.

* Did not: analysis prompts without format constraints.
Instruction leakage dominated, producing fluent English
sentences instead of structured analyses.

* Mixed: reinflection for 3Sg. The model occasionally re-
turned the lemma correctly where the gold surface equals
the lemma, but failed to realize person and conjunct mor-
phology elsewhere.

Improvements that keep the same constraints

We list changes that preserve open weights, no new installs,
and single machine operation.

Low effort

* Output shaping in prompts: enforce a leading token
and an explicit stop, for example Form: . followed by
<eos>, and reject any output containing spaces or punc-
tuation for reinflection.



* One or two exemplars: add one in context example per
task using the same plus delimited conventions. This of-
ten suppresses instruction leakage and narrows the output
space.

* Strict post filtering: trim to the first non empty token
after the cue, strip quotes, normalize hyphenation, and
drop residual English letters beyond the first token for
reinflection.

Moderate effort

* Constrained decoding at the character level: mask out
non Cree alphabet characters during generation by reject-
ing tokens outside a whitelist. This can be implemented
with a simple logits processor in Transformers.

* FST assisted veto as a checker: without invoking ana-
lyzers at inference time, use small regex style acceptors
that reject outputs lacking ni or ki when person tags de-
mand them, or lacking the conjunct prefix when mood is
Cnj.

e Minimal few shot templates: one example each for
{Ind, Cnj} and for {1Sg, 2Sg, 3Sg} covers the combi-
natorics without expanding the context window signifi-
cantly.

Higher effort, still open

* Synthetic augmentation from FSTs: generate small in-
flection tables for a few lemmas using open analyzers
and sample balanced subsets for evaluation and in con-
text priming.

» Lightweight adaptation: LoRA on a small open seq2seq
model using the synthetic tables. This remains feasible
on a single GPU but breaks the strict zero train rule.

Threats to validity

* Sample size: n=6 is a smoking gun diagnostic set, not a
benchmark. Scores are sensitive to item choice.

¢ Orthography and diacritics: we preserve diacrit-
ics. Different classroom or community practices could
change exact match and edit distance.

* Tag conventions: plus delimited bundles follow one ana-
lyzer style. Alternative conventions would need mapping
to compare scores.

e Zero shot bias: results understate what is possible with
light task conditioning. That is a design choice for repro-
ducibility rather than an upper bound on capability.

Ethics and community considerations

* Content selection: only non sacred, pedagogically com-
mon forms are used. Expansion should continue under
community guidance.

¢ Interpretability: aligning outputs with community an-
alyzer conventions keeps the results legible to speakers
and instructors.

¢ Deployment caution: poor morphology harms user trust.
These results argue for gating morphology heavy features
behind community QA, even when models appear fluent
in English prompts.

Reproducibility notes

* Environment: stock PyTorch and Transformers. Deter-
ministic decoding. cuBLAS determinism was disabled
for generation and recorded in the run config.

* Artifacts: per item JSONL files and summaries are writ-
ten for both tasks so that independent teams can recom-
pute every number in this section.

 Portability: the notebook runs without additional in-
stalls and its outputs are paths and JSON files rather than
screenshots or dashboards.

Outlook

The immediate next step is to add minimal in context exam-
ples and strict output shaping, then scale to a dozen lemmas
and a few more feature bundles. The same template can be
replicated for Ojibwe with parallel tag conventions. Longer
term, pairing this probe with FST assisted checks and small
open finetunes would provide a tractable path toward com-
munity usable morphology features while keeping licensing
and compute accessible.

The probe is reproducible and informative but not mor-
phology competent: it copies the lemma, misses conjunct
morphology, and fails to produce structured analyses. Tight
output control and a few exemplars are the fastest fixes
within the same constraints. Larger curated sets and FST
assisted checks are the next leverage points for a credible
community baseline.
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