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Abstract

The Finite Verb Morphology Composite (FVMC) is a clinically
validated metric for identifying Developmental Language Dis-
order (DLD), yet its computation requires labor-intensive man-
ual annotation of obligatory tense contexts. Since no annotated
corpora exist for training, large language models (LLMs) have
been the only approach to automated FVMC annotation. Rather
than prompting LLMs end-to-end, we present the first zero-shot
framework that decomposes the task into grammar correction
and obligatory context detection, followed by alignment to label
each context as correct, incorrect, or omitted. Evaluated on the
ENNI child narrative dataset, our best configurations achieve
F1 scores of 97.05%, 60.15%, and 70.23% for correct, incor-
rect, and omitted contexts, improving by 1.99, 4.72, and 6.21
points over the strongest LLMs as of February 2026 (GPT 5.2
and Sonnet 4.6 Reasoning Models). The proposed paradigm
enables scalable, cost-efficient automated language assessment.
Index Terms: Developmental Language Disorder, Automated
Language Assessment, Grammatical Error Correction, Large
Language Models

1. Introduction

Language sample analysis (LSA) is widely regarded as the gold
standard for evaluating children’s language development in clin-
ical and research settings [1, 2]. Automating such clinical lan-
guage measures could enable scalable assessment from speech
data [3] and support Al-driven screening tools [4]. Among
various metrics derived from LSA, the Finite Verb Morphol-
ogy Composite (FVMC) has emerged as a particularly sen-
sitive metric for identifying Developmental Language Disor-
der (DLD). FVYMC calculates the accuracy of four tense mor-
phemes, including third-person singular —s, past tense —ed, cop-
ula be and auxiliary be [5, 6]. Research has demonstrated that
children with DLD are more likely to have difficulty with tense
and agreement morphemes compared to their typically devel-
oping peers [7, 8], and FVMC has been validated as a clinically
effective measure for differentiating children with DLD across
a range of ages and narrative elicitation tasks [9, 5]. However,
computing FVMC requires trained professionals to manually
identify whether the target morpheme is correctly used, incor-
rectly used, or omitted, and aggregate these judgments across an
entire language sample. This labor-intensive process has sub-
stantially limited both the clinical adoption of FVMC and its
large-scale validation in research. To our knowledge, no prior
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work has provided a practical automatic pipeline for FVMC la-
beling and scoring.

Currently, automated methods for detecting grammatical
errors have been explored in the Natural Language Processing
(NLP) field, including rule-based approaches [10, 11, 12] and
sequence labeling models [13, 14, 15]. However, directly ap-
plying these techniques to FVMC annotation presents several
fundamental challenges. First, beyond identifying morpholog-
ical errors on existing verbs, FVMC requires detecting omit-
ted elements that are entirely absent from the utterance. Such
omissions cannot be straightforwardly captured by sequence la-
beling models that operate over observed tokens. Second, the
limited availability of FVMC-annotated corpora precludes the
supervised training of task-specific models.

Recent advances in large language models (LLMs) offer an-
other potential avenue, whereby FVMC annotation rules could
be provided as prompt to guide the model in labeling FVMC
directly. However, direct FVMC labeling requires multi-step
reasoning over child utterances that often contain grammatical
errors and disfluencies, which can destabilize inference and in-
crease hallucination even in advanced reasoning models. The
extent to which even state-of-the-art LLMs can reliably perform
this task remains an open question. This makes reliable direct
annotation difficult without additional task structuring.

In this work, we propose a zero-shot framework for FVMC
labeling that requires no task-specific training. Our approach
introduces a novel task decomposition paradigm: rather than
attempting to label FVMC contexts directly from raw text that
contain possible errors or omissions, we first apply a grammar
error correction (GEC) model constrained to verb-related ed-
its, and then detect obligatory contexts from the corrected out-
put using a morphosyntactic parser. An alignment between the
original and corrected utterances then determines whether each
FVMC context was correctly produced, incorrectly produced,
or omitted. This two-stage design reduces the complexity re-
quired of any single model while avoiding the confounding ef-
fects of grammatical errors. Experimental results on the ENNI
dataset [16] (a narrative language corpus for children) demon-
strate that our method substantially outperforms direct LLM-
based annotation, achieving higher performance than the cur-
rent reasoning models.

2. FVYMC Rules & Calculation

FVMC measures the accuracy of four tense morphemes in
obligatory contexts: third-person singular -s, past tense -ed, and
copula and auxiliary be forms (e.g., am, are, is, was, were).
It specifically indexes grammatical tense marking ability rather
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than general language proficiency. And an obligatory context is
defined as an instance in which a particular tense morpheme is
required for the communication unit (C-unit) to be grammatical.
For example, in the C-unit “The rabbit walking on the street”,
the auxiliary be (e.g., “is”) is required for grammaticality but
has been omitted, creating an obligatory context for auxiliary
be. Only contexts in which the target morpheme is required for
grammaticality are included in FVMC scoring.

Several exclusion criteria constrain the set of obligatory
contexts. First, C-units containing verb forms but lacking an ex-
plicit subject are excluded because they do not establish obliga-
tory contexts for tense marking. Second, overgeneralizations of
third-person singular -s (e.g., “He haves an airplane”) or regu-
lar past tense -ed (e.g., “She just standed there”) are excluded,
as these verbs do not, by definition, require the past tense or
third-person singular morphemes in those contexts. Third, the
infinitive of be (e.g., “The rabbit will be sick”), present partici-
ple being (e.g., “She is being funny”), past participle been (e.g.,
“He has been trying to get the ball”), and gerund (e.g., “Be-
ing happy is easy”) are all excluded because these forms do not
themselves mark tense; instead, tense is expressed by another
element in the clause.

For each identified obligatory context, the target morpheme
is coded as one of three outcomes: correctly used, omitted, or
incorrectly used. FVMC is computed by dividing the total num-
ber of correctly used target morphemes by the total number of
obligatory contexts across all four morpheme categories in the
sample:

Ncorrect
FVMC = , 1
Ncorrecl + Nincorrecl + Nomi[ted ( )

where Neorrect, Nincorrect, aNd Nomived denote the number of cor-
rectly produced, incorrectly produced, and omitted obligatory
contexts, respectively, across all four categories.

3. Methodology

When human annotators identify FVMC labels, the typical
workflow involves first locating obligatory contexts based on
surrounding linguistic cues and contextual information and then
judging whether the target morpheme is correctly used, incor-
rectly used, or omitted. However, the grammatical errors in-
herent in the language samples of children with language dis-
orders frequently mislead annotators and even state-of-the-art
large language reasoning models. We propose a novel paradigm
that circumvents this difficulty by decomposing the FVMC an-
notation task into two simpler subtasks: grammar error correc-
tion followed by obligatory context detection. As illustrated in
Figure 1, the pipeline consists of three stages described below.

3.1. Stage 1: Grammar Error Correction

The first stage transforms each input utterance into a grammati-
cally correct version using a Grammar Error Correction (GEC)
model. Crucially, the scope of correction must be restricted to
verb-related morphological errors, specifically correcting verb
tense and form errors and inserting omitted copula, auxiliary, or
main verbs. Other modifications such as noun number changes,
article insertion, or word reordering are prohibited. This re-
striction is essential because the subsequent alignment stage re-
lies on minimal and interpretable edits; additional modifications
would introduce unnecessary differences between the original
and corrected sequences and propagate errors into FVMC label
recovery.

Conventional sequence-to-sequence GEC systems [17, 18,
19] based on Neural Machine Translation (NMT) approaches
are designed to freely rewrite sentences and cannot reliably con-
strain the categories of corrections they apply. Therefore, we
adopt two alternative GEC approaches that allow fine-grained
control over the correction scope.

3.1.1. GECToR.

GECToR [20] is a Transformer encoder based model that for-
mulates GEC as a sequence tagging problem rather than a
sequence-to-sequence generation task. Instead of generating
corrected text autoregressively, it predicts token-level trans-
formations that are then applied to the source tokens. The
model defines 5,000 transformations, including basic operations
such as $KEEP (retain the token), SDELETE (remove the to-
ken), SAPPEND _t (insert token ¢ after the current position), and
SREPLACE_t (substitute the current token with £), as well as
29 grammatical-transformations organized into five categories:
CASE, MERGE, SPLIT, NOUN_NUMBER, and VERB_FORM.
To restrict corrections to FVMC-relevant edits, we retain only
a subset of these transformations: REPLACE and APPEND op-
erations involving the copula and auxiliary forms am, is, are,
was, and were, together with 20 VERB_FORM grammatical-
transformations that permit conversions among five verb inflec-
tions: base form (VB), third-person singular present (VBZ),
past participle (VBN), regular past tense (VBD), and present
participle (VBG).

3.1.2. LLM-based GEC.

An alternative approach leverages large language models by
combining task-specific prompts with the input utterance to
guide the model to produce a grammatically corrected version
of the utterance. The prompt explicitly instructs the model to
correct only verb morphology errors and to insert any omitted
verbs, auxiliary or copula be forms, while strictly prohibiting
all other modifications. The model is further instructed to return
only the corrected utterance without explanations or additional
text.

3.2. Stage 2: Obligatory Context Labeling

The second stage identifies FVMC obligatory contexts from the
grammatically corrected utterance. We employ Universal De-
pendencies (UD) models from the Stanza NLP toolkit [21] to
extract the part-of-speech (POS) tags and morphological fea-
tures of each word. Using these linguistic annotations, we ap-
ply rule-based filters to identify four categories of obligatory
contexts: third-person singular present tense verbs, regular past
tense verbs, and copula and auxiliary be forms. Consistent with
the definitions in Section 2, clauses without explicit subjects,
infinitive be, present participle being, past participle been, and
gerund are excluded. Words involving irregular verb morphol-
ogy and overgeneralization errors are likewise excluded to en-
sure strict adherence to the FVMC criteria.

Because the input to this stage is a grammatically correct ut-
terance, the POS tagger and morphological analyzer operate un-
der ideal conditions, free from the confounding effects of gram-
matical errors that would otherwise degrade tagging accuracy.
This stage assigns each word in the corrected utterance a binary
label: obligatory context or non-obligatory context.
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Figure 1: Overview of the proposed FVMC annotation framework: The corrected utterance is aligned with the original utterance to
obtain two types of modification labels (Modified or Added). Obligatory context labels are then detected from the corrected utterance,
yielding binary labels (Obligatory Context or Non-obligatory Context). Based on the labels obtained from these two stages, the final
four FVMC labels are determined: Non-obligatory Context, Correct Obligatory Context, Incorrect Obligatory Context, and Omitted

Obligatory Context.

3.3. Final Stage: Alignment, Determination, and Calcula-
tion

The final stage maps the obligatory context labels from the
corrected utterance back onto the original utterance and deter-
mines the final FVMC labels based on the edit operations. We
first align the original utterance X = [z1, x2, ..., Z,] with the
corrected utterance Y = [y1,y2,. .., Ym| using the minimum
edit distance algorithm [22]. By tracing the edit operations in
the alignment path, we assign each original word one of four
FVMC labels according to the following rules:

1. Non-obligatory context. If a corrected word y; is labeled
as non-obligatory context and y; corresponds to an original
word x; (whether modified or unchanged), then z; is labeled
as non-obligatory context.

2. Correct obligatory context. If y; is labeled as obligatory
context and y; is identical to z; (i.e., no correction was ap-
plied), then x; is labeled as correct obligatory context.

3. Incorrect obligatory context. If y; is labeled as obligatory
context and y; was produced by modifying x; (i.e., a substi-
tution edit), then x; is labeled as incorrect obligatory context.

4. Omitted obligatory context. If y; is labeled as obligatory
context and y; was inserted after x; (i.e., an insertion edit),
then an omitted obligatory context label is appended follow-
ing the label of z;.

After applying these rules across all words in correct utter-
ances, we obtain the complete FVMC label sequence for the
original utterances. The FVMC score is then computed by di-
viding the total number of correct obligatory contexts by the to-
tal number of obligatory contexts (correct, incorrect, and omit-
ted combined).

4. Experiments & Results
4.1. Dataset

We evaluate our method on the Edmonton Narrative Norms
Instrument (ENNI) dataset [16], which contains narrative lan-
guage samples from 377 children, including both typically de-
veloping (TD) children and children with Developmental Lan-
guage Disorder (DLD). Each child narrated three independent

stories based on pictures, yielding a story-telling language sam-
ple. The transcripts are publicly available through TalkBank
[23], and all FVMC annotations were performed by certified
speech-language pathologists (SLPs), ensuring professional-
grade ground truth labels. The dataset contains 17,163 correct
obligatory context, 507 incorrect obligatory context, and 272
omitted obligatory context labels. We segment the input at the
story level rather than the sentence level, so that models have ac-
cess to sufficient discourse context when inferring the intended
tense of each utterance.

4.2. Evaluation Metrics

Since the FVMC score is entirely determined by the accuracy
of its labels, we evaluate performance using standard sequence
labeling metrics. Specifically, we report the precision, recall,
and F1 score for each of the four label types: non-obligatory
context, correct obligatory context, incorrect obligatory context,
and omitted obligatory context. Because the non-obligatory
context class dominates the label distribution and is trivially
easy to identify, we focus our analysis on the remaining three
obligatory context categories, which are critical to FVMC com-
putation.

4.3. Baselines

We compare our correction-then-detection approach against a
direct LLM baseline. In this baseline, the LLM is tasked with
performing FVMC annotation end-to-end: the prompt explic-
itly specifies the complete FVMC annotation rules described in
Section 2, and instructs the model to output the positions and
categories of correct, incorrect, and omitted obligatory contexts
in a structured output format. This use of LLMs is fundamen-
tally different from their role in our proposed pipeline. In our
method, the LLM performs only grammar error correction, a
well-defined and constrained generation task. In contrast, the
baseline requires the LLM to simultaneously infer obligatory
contexts, evaluate morpheme correctness, and detect omissions
within a single inference step, substantially increasing reason-
ing complexity and susceptibility to errors when processing
grammatically noisy child language.



Table 1: Precision (%), Recall (%), and F1 (%) for three obligatory context categories across all methods. GPT 5.2-R denotes GPT
5.2 Reasoning models, where (L), (M), and (H) indicate Low, Medium, and High reasoning levels, respectively. Sonnet 4.6-AT denotes

Sonnet 4.6 with Adaptive Thinking.

Correct Obligatory Context Incorrect Obligatory Context Omitted Obligatory Context

Type Method Precision Recall F1 Precision Recall F1 Precision Recall F1

LLM-only Sonnet 4.5 43.97 58.13 50.07 20.88  43.25 28.17 38.20  54.60 44.95
LLM-only Sonnet 4.6-AT 91.43 94.30 92.84 46.85 67.86 55.43 56.28  74.23 64.02
LLM-only GPT5.2 15.08 23.60 18.40 3.76 5.56 4.49 2.53 16.56 4.39
LLM-only GPT 5.2-R (L) 91.72  93.63 92.67 52.97 38.89 44.85 33.62  73.01 46.03
LLM-only GPT 5.2-R (M) 9328  95.73 94.49 55.38  40.87 47.03 3376  80.98 47.65
LLM-only GPT 5.2-R (H) 93.99  96.16 95.06 43.80  47.62 45.63 37.60  84.66 52.08
Ours GECToR + Stanza 96.18  97.36 96.77 43.79  50.40 46.86 90.32 17.18 28.87
Ours GPT 5.2 + Stanza 96.87  97.23 97.05 44.00  78.57 56.41 77.21 64.42 70.23
Ours Sonnet 4.5 + Stanza  96.92  96.79 96.85 48.43 79.37 60.15 89.11 55.21 68.18

4.4. Experimental Setup

For the baseline approach, we evaluate six LLMs via their APIs:
ChatGPT 5.2 and ChatGPT 5.2 Reasoning (Low, Medium, and
High) from OpenAl, and Claude Sonnet 4.5 and Claude Sonnet
4.6 Adaptive Thinking from Anthropic. All LLM API calls used
default decoding parameters (temperature = 1.0, top_p = 1.0)
without explicit configuration. For our proposed pipeline, we
test three GEC configurations in Stage 1: the GECToR model
with a RoBERTa [24] encoder, and Claude Sonnet 4.5 prompted
for grammar correction, as well as ChatGPT 5.2 prompted for
grammar correction. Stage 2 uses the Stanza UD model for
obligatory context labeling in all configurations. All experi-
ments use identical input data segmented at the story level.

4.5. Results

Table 1 presents the performance of all evaluated methods
across the three obligatory context categories. Several observa-
tions emerge from these results. First, non-reasoning LLMs are
largely incapable of performing FVMC annotation when used
directly. Both Sonnet 4.5 and GPT 5.2, despite being frontier-
class models, achieve poor F1 scores across all three categories
in the direct annotation setting. GPT 5.2 performs particularly
poorly, with F1 scores below 5% for both incorrect and omit-
ted obligatory contexts, suggesting that the model struggles to
follow the complex, multi-step annotation rules specified in the
prompt.

Second, enabling reasoning capabilities yields substantial
improvements across all models. GPT 5.2 Reasoning models
dramatically outperform their non-reasoning counterpart, and
Claude Sonnet 4.6 with Adaptive Thinking similarly surpasses
Sonnet 4.5, achieving the best performance among LLM-only
baselines with F1 scores of 92.84%, 55.43%, and 64.02% on the
three categories. This confirms that FVMC annotation requires
multi-step reasoning over linguistic context, which standard au-
toregressive generation alone cannot reliably perform.

Third, our proposed correction-then-detection pipeline out-
performs all LLM-only baselines. GPT 5.2 + Stanza achieves
the highest F1 for correct (97.05%) and omitted (70.23%) oblig-
atory contexts, while Sonnet 4.5 + Stanza achieves the high-
est F1 for incorrect contexts (60.15%) Compared to the best
reasoning LLM baselines, our approach improves F1 by 1.99,
4.72, and 6.21 percentage points for the three categories, re-
spectively. Notably, this superior performance is achieved using
a non-reasoning model for grammar correction, which is sub-

stantially less computationally expensive than reasoning-mode
inference.

Finally, the results validate the core insight of our approach:
by decomposing the complex FVMC annotation task into two
simpler, well-defined subtasks, each handled by a model operat-
ing within its strengths, we achieve performance that surpasses
even expensive reasoning-augmented LLMs applied to the full
task directly.

5. Discussion

This work presents the first automated pipeline for FVMC label-
ing and scoring, addressing a longstanding bottleneck in clinical
language assessment.

Clinical and Research Impact. Manual FVMC annotation
by certified SLPs is time-consuming and costly, limiting its clin-
ical adoption and large-scale research validation. By automat-
ing this process, our pipeline could enable scalable DLD screen-
ing for telehealth [25] and school-based assessment, while al-
lowing researchers to validate FVMC norms across diverse pop-
ulations and elicitation contexts [26]. Combined with Auto-
matic Speech Recognition (ASR), it could further serve as a
component of end-to-end, Al-driven language assessment tools
for broader real-world clinical and educational deployment.

Insights on LLM Ultilization. Recent research shows that
SLPs are increasingly exploring the use of LLMs to support
LSA and decision making [27, 28]. However, our findings show
that prompting LLMs to perform complex linguistic annotation
directly remains unreliable. In contrast, decomposing the prob-
lem into well-scoped subtasks is more effective. In our pipeline,
the LLM and GEC model handles only grammar correction,
while structured linguistic analysis is delegated to specialized
models that offer greater precision. This principle of combin-
ing flexible generation from LLMs with task-specific analytical
tools may generalize to other complex annotation tasks in clin-
ical NLP and beyond.

Limitations and Future Work. First, our evaluation is
limited to a single narrative dataset (ENNI); generalization to
conversational or other contexts remains to be validated. Sec-
ond, although performance on correct obligatory contexts is
near ceiling, the F1 scores for incorrect and omitted contexts
still leave room for improvement. Future work will integrate
ASR to enable a speech assessment pipeline and extend the
framework to grammar-related metrics beyond FVMC.
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