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Abstract

Adaptive language-learning systems often
model progress through correctness in con-
strained exercises, where the target response
is predefined. In dialogue-based tutors, by
contrast, learners can respond appropriately
in many ways, making evidence of progress
harder to interpret. This raises a learner-
modeling problem: determining whether
learner production provides useful evidence
of progress and how they might support adap-
tation. We address this problem using pilot
data from an LLM-based dialogue system for
English grammar practice, comprising 40 pre-
and post-test tasks, treatment interactions, and
2,406 learner messages. We propose a coding
scheme for learner production in dialogue and
explore how the resulting evidence types can
support adaptive decisions. Findings show that
simple use traces of the target constructions
were informative for predicting independent
productive use in the next task, while finer-
grained evidence helped interpret the robust-
ness of learners’ developing productive control.
We discuss implications for adaptive grammar-
based dialogue systems that use learner produc-
tion to support communicative practice.

1 Introduction

With the rise of large language models (LLMs),
dialogue-based computer-assisted language learn-
ing (DB-CALL; Hou and Min, 2026) has become
an increasingly active area of research (Du and
Reynolds, 2025; Panagiotidis, 2024). For gram-
mar practice, these systems are especially promis-
ing, as they can support interactive exchanges in
which learners can encounter target constructions
in context, be encouraged to use them in their own
responses, and receive immediate feedback.

This makes LLM-based dialogue systems well
suited to support productive grammar use, under-
stood here as a learner’s ability to use the grammat-
ical structures of a second language to express their

own meanings (Larsen-Freeman, 2003). However,
making such practice adaptive remains difficult:
learners differ in what they know, how they use lan-
guage, and how much practice they need (Malovrh
and Lee, 2023; Ruiz et al., 2023; Skehan, 1991).

Adaptive dialogue-based tutors, therefore, need
systematic ways to infer a learner’s state from com-
plex data and use this evidence to decide what kind
of support or practice should come next (Katz et al.,
2021). In structured practice environments, such
as exercise-based tutoring systems, a specific re-
sponse is usually expected, and performance can
often be evaluated through pattern matching. In
dialogue, however, a learner may either respond
appropriately without using the expected grammat-
ical pattern, use it only after support, reuse it only
in a familiar context, or, ideally, produce it inde-
pendently across contexts. The challenge is thus
not just to detect whether the expected pattern is
present or not, but to interpret what it reveals about
the learner’s developing grammatical control.

In this paper, we investigate this issue in the con-
text of Aisla (Chen et al., 2022), a task-based dia-
logue system for targeted grammar practice. The
current version of the system has been designed to
model and elicit a given target construction in every
turn. As a next step, we aim to support adaptive
practice, which requires a better understanding of
how learner progress can be modeled from interac-
tion data. We therefore ask: what aspects of learner
production in dialogue provide useful evidence of
productive grammar use, and do different evidence
types support different modeling goals?

Drawing on pilot data comprising 2,409 learner
messages, we propose and explore a coding scheme
for learner production in dialogue, examining how
its categories function as candidate signals of inde-
pendent productive use, partial evidence of control,
and continued need for practice or support.
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2 Background

Usage-based approaches to second language ac-
quisition (SLA) view language knowledge as
organized around constructions: learned form-
function mappings ranging from morphemes and
specific expressions to abstract grammatical pat-
terns (Behrens, 2009; Bybee, 2006; Schmid, 2015).
From this perspective, learning involves strength-
ening associations between forms and functions
through repeated exposure and use, making con-
structions more accessible and stable over time
(Suzuki, 2024). With growing experience, learn-
ers may also generalize beyond specific exemplars,
moving from expressions such as “I walked” to-
ward more abstract patterns such as “I [VERB]-ed”
(Goldberg, 2009; Schmid, 2018).

In addition to repetition, meaningfulness has
been argued to play an important role in the devel-
opment of productive grammar (Lightbown, 2007;
Larsen-Freeman, 2013; DeKeyser and DeKeyser,
2007). When learners use language to express
meaning across situations, they are pushed beyond
repeating memorized rules, toward adapting forms
to communicative needs. This makes dialogue a
promising setting for grammar practice as it creates
opportunities to use target constructions in con-
text. For DB-CALL systems, however, this also
creates a practical challenge: If repeated, contextu-
alized use helps build productive control, adaptive
systems need principled ways to interpret learner
production as evidence for pedagogical decisions.

2.1 Prior Work

Existing adaptive tutoring systems often model
learners from structured evidence, such as response
correctness or estimated mastery (Amaral and
Meurers, 2007; Portnoff et al., 2021). Recent work
has begun to incorporate dialogue interaction into
learner modeling, mostly outside language learn-
ing. For example, Katz et al. (2021) describe a
physics tutoring system that builds a learner model
during dialogue and uses it to guide adaptive sup-
port. Borchers et al. (2024) combine dialogue-act
classification with skill modeling in mathematics
to examine which interaction types are associated
with learning rates. In language learning, Cornillie
et al. (2025) predict task completion in adaptive
spoken dialogue systems from process data in func-
tional L2 speaking tasks.

Together, these studies show that dialogue inter-
action can inform learner modeling and adaptation.

However, they do not directly address how learner
production in grammar-focused dialogue should be
interpreted. In particular, prior work offers limited
guidance on how to interpret different patterns of
learner production in grammar-focused dialogue,
such as whether learners use the practiced gram-
matical pattern independently or only after support,
and whether non-use still reflects meaningful par-
ticipation or not.

3 System Context

The Aisla system uses LLMs to generate targeted
communicative tasks in which learners are encour-
aged to use target construtcions while engaging
in meaning-focused exchange to achieve a non-
linguistic goal. During these tasks, the system pro-
vides feedback with increasing explicitness, mov-
ing from recasts to explicit grammar tips, upon
persistent failure to accurately use the target form
given a licensed opportunity.

The system is structured over a graph-based do-
main model (Ribeiro-Flucht and Chen, 2026) that
links forms, functions and the authentic contexts in
which they can be practiced, tasks. The graph pro-
vides an explicit representation of the instructional
space, allowing the system to organize practice op-
portunities in a way that reflects both pedagogical
structure and communicative relevance.

Learner behavior is intended to update a learner-
specific overlay over this graph. The purpose of
that overlay is to represent the learner’s developing
control over different targets and, ultimately, to sup-
port adaptive progression through the pedagogical
space. Yet such updates depend on a core unre-
solved issue: which aspects of learner production
should count as evidence.

4 Methodology

We analyze 2,409 learner messages produced by 20
adult A2-level learners of English with diverse first-
language backgrounds, most commonly Chinese,
Portuguese, and Spanish. Over three weeks, learn-
ers completed 20 ten-turn dialogue tasks in Aisla,
targeting two English constructions: the present
perfect and the present continuous. The tasks were
practiced in an interleaved sequence.

The study included two task types. Treatment
tasks followed a short Q&A dialogue format in
which the system modeled and elicited the target
construction on each turn, with incremental feed-
back when learners did not produce the target form.

934



The first two and last two tasks served as pre- and
post-tests. These tasks used an information-gap
format: they strongly licensed the target construc-
tion through context setting and resources, but did
not model it or provide turn-level feedback. This
allowed us to examine whether learners produced
the target construction independently in a commu-
nicative context where the form was useful but not
supplied by the system. More details on the task
types and task-generation procedure are reported
by Ribeiro-Flucht et al. (2025).

Learner messages were first annotated for ac-
curate inclusion of the target construction using
POLKE (Sagirov and Chen, 2025), an English
Grammar Profile annotator. We then derived addi-
tional rule-based features, including recurrent tar-
get inclusion, lexical diversity, response length, and
feedback uptake, defined as target inclusion imme-
diately after feedback. An excerpt of the annotated
data can be found in Appendix A. All analyses
were conducted in Python 3.10. The annotated data
and analysis scripts can be found in the study’s
Github repository 1.

4.1 Evidence Classification

To examine how learner production may inform fu-
ture adaptive decisions, each learner message was
assigned to one of five mutually exclusive evidence
categories. The categories were designed as a theo-
retically motivated operationalization of learner ev-
idence in dialogue. They draw on three distinctions
that are central to learner modeling for productive
use: whether the target construction is produced
at all, whether production occurs independently
or with immediate support, and whether responses
without the target construction nevertheless provide
evidence of meaningful task engagement.

The distinction between independent and scaf-
folded production is motivated by research on cor-
rective feedback, where learner responses follow-
ing feedback are treated as informative but not
equivalent to unassisted production (Lyster and
Ranta, 1997). The distinction between initiated
and sustained independent use further separates
first retrieval of a target construction from contin-
ued use once the construction has become active
in the dialogue (Ellis et al., 2015; Pannell et al.,
2017). Finally, the distinction between engaged
responses not containing the target construction
and underuse reflects the ambiguity of non-use in

1https://github.com/luisards/productive_grammar_signals

open-ended dialogue: a learner may respond mean-
ingfully without using the target, or they may pro-
vide a minimal response that offers little evidence
for learner modeling. We therefore propose the
following categories:

• Independently initiated: the learner pro-
duced the target construction without scaffold-
ing after a previous learner message that did
not contain the target. This was treated as evi-
dence that the learner could initiate use of the
construction without immediate support.

• Independently sustained: the learner pro-
duced the target construction without scaffold-
ing after having previously used it. This was
treated as evidence that the learner could con-
tinue using the construction once it had be-
come active in the dialogue.

• Scaffolded: the learner produced the target
construction after receiving support from the
system, such as a recast or a grammar tip. This
was treated as partial evidence of productive
control, since the learner used the form but
did so with immediate support.

• Engaged non-target: the learner did not pro-
duce the target construction, but gave a re-
sponse with more than two words. This was
treated as evidence of task engagement with-
out target-form use.

• Underuse: the learner did not produce the
target construction and responded with two
words or fewer. This was treated as the weak-
est evidence for productive control, since the
response provided little opportunity to ob-
serve target-form use.

In addition, we tracked lexical diversity as the cu-
mulative number of different lemmas used within
the target construction. As discussed in Section
2, from a usage-based perspective, varied lexical
content in a construction may indicate more robust
productive control than repeated use of a single ex-
emplar, making lexical diversity a complementary
signal of constructional development.

4.2 Task-Level Prediction
Our first analysis examined whether prior learner
evidence could predict independent target use in
the next task. This analysis was motivated by the
adaptive use case of the learner model: at each task
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boundary, the system needs evidence for deciding
whether a learner is likely to use the target construc-
tion independently, or whether further practice and
support may be needed. We therefore treated next-
task independent use as a short-term prediction
problem.

The unit of analysis was the learner-task pair.
For each of the 20 learners, performance on tasks
2-20 was predicted from all preceding interaction
data, yielding 380 observations. Because this was
a small pilot dataset, the two target constructions
were pooled for this analysis rather than modeled
separately. This allowed us to estimate whether
the proposed evidence encodings carried predictive
signal across target constructions, while leaving
construction-specific analyses to future work with
larger samples.

The outcome was binary: whether the learner
produced the target independently at least once
during the task, defined as any turn classified as
Independently initiated or Independently sustained.
At each task boundary, features were computed
from all prior turns as either cumulative or recency-
weighted proportions, with exponential decay (λ =
0.85). Underuse served as the reference category.

We compared seven nested logistic regression
models: an intercept-only baseline, binary target-
use traces, typed evidence profiles, and typed pro-
files with lexical diversity, in cumulative or recency-
weighted form where applicable. This allowed us
to test whether richer evidence representations im-
proved on a simple target-use trace and whether lex-
ical diversity added predictive value. Models were
evaluated with leave-one-user-out cross-validation
using AUC-ROC, accuracy, balanced accuracy, and
log-loss.

All models used L2-regularized logistic regres-
sion (C = 1.0). For recency-weighted mod-
els, decay sensitivity was also tested across λ ∈
{0.75, 0.80, 0.85, 0.90, 0.95}. Coefficients from
typed models fit on the full sample were used to
interpret the relative contribution of each evidence
type, including scaffolded use, engaged non-target
responses, and lexical diversity.

4.3 Post-test Prediction
A second analysis examined which encoding best
predicted independent target use on the post-
treatment probe tasks, our closest measure of
less scaffold-dependent productive ability. These
probes were information-gap communicative tasks
with no modeling of the target form and no feed-

back.
The unit of analysis was the learner-construction

pair, yielding 40 post-tests (20 learners × 2 con-
structions). The outcome was binary: whether the
learner produced the target independently on the
post-test probe task for that construction (task 19
for present perfect, task 20 for present continuous).

Predictors were derived from the treatment phase
only (tasks 3-18) for the corresponding construc-
tion. These included the binary target-use rate, the
rates of each evidence type, and lexical diversity.
Because the sample was too small for reliable mul-
tivariate logistic regression, each feature was eval-
uated separately using AUC-ROC. This allowed a
direct comparison of simple binary traces, typed ev-
idence measures, and lexical diversity as candidate
signals of post-treatment productive use.

4.4 Results
Across all learner messages, non-target responses
were most common. Underuse accounted for
33.2% of messages and engaged non-target re-
sponses for 32.0%. Among target-containing mes-
sages, independently sustained use was most fre-
quent (14.2%), followed by independently initiated
use (11.5%) and scaffolded use (9.0%). At the task
level, learners produced the target independently in
68.2% of tasks overall, although this varied widely
across tasks (30%-95%) and across learners.

4.5 Task-Level Model Comparison
Table 1 reports leave-one-user-out cross-validation
results. All evidence-based models outperformed
the intercept-only baseline (ΔAUC > .23), but dif-
ferences among the substantive models were mod-
est. The best performance was obtained by the
recency-weighted typed model with lexical diver-
sity (M6, AUC = .751), followed closely by the
cumulative and recency-weighted binary models
(M1: .746; M2: .741). The main finding is that
a simple binary trace of prior target use captured
most of the predictive signal. Typed evidence pro-
files did not improve performance on their own,
slightly underperforming the binary models in both
cumulative and recency-weighted form. Their main
contribution was therefore interpretive rather than
predictive.

At the same time, coefficients from the typed
models revealed a clear evidence hierarchy (Table
2): scaffolded production was the strongest posi-
tive predictor of later independent use, followed
by Independently sustained and Independently ini-
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Model k AUC Acc. BAcc. Log-loss
M0: Intercept only 0 .500 .682 .500 .626
M1: Binary cumulative 1 .746 .671 .523 .548
M2: Binary recency 1 .741 .703 .608 .541
M3: Typed cumulative 4 .736 .682 .500 .569
M4: Typed recency 4 .732 .682 .500 .555
M5: Typed cumulative + diversity 5 .749 .689 .576 .547
M6: Typed rec. + diversity 5 .751 .705 .608 .538

Table 1: LOUO-CV results for all seven models.

tiated production, while engaged non-target re-
sponses were close to neutral relative to underuse.
Adding lexical diversity produced small but consis-
tent gains, and cumulative and recency-weighted
encodings performed similarly overall.

Rank Evidence type β OR
1 Scaffolded +2.978 19.65
2 Independently sustained +2.739 15.47
3 Independently initiated +1.166 3.21
4 Engaged non-target +0.157 1.17

Table 2: Logistic regression coefficients (β) and odds
ratios (OR) for typed evidence categories. Coefficients
are interpreted relative to underuse, which served as the
reference category.

4.6 Post-test Validation
Across all probe task observations, independent
target production increased from 62.5% on the pre-
probe to 80.0% on the post-probe. Table 3 reports
the predictive value of each treatment-phase feature
for post-probe independent production in terms of
area under the curve (AUC) and p-value.

Feature AUC p
Lexical diversity .979 < .001
Binary target rate .959 < .001
Independently initiated .957 < .001
Scaffolded rate .893 < .001
Independently sustained .877 .001
Engaged non-target .510 .934
Underuse .049 < .001

Table 3: Predictive value of features for post-test inde-
pendent target production.

Lexical diversity was the strongest predictor
(AUC = .979, ρ = +.665, p < .001), outperform-
ing the binary target rate (AUC = .959, ρ = +.637,
p < .001). Unlike in the task-level analysis, where
it added only modest value, it was highly informa-
tive here, suggesting that lexical variation is more
closely related to broader productive control than
to next-task performance.

The remaining binary and typed measures were
similar in predictive power, again indicating that a
simple target-use trace captures most of the useful
signal. Among non-target measures, underuse was
a strong negative predictor (p < .001), whereas
engaged non-target was uninformative (p = .934).
The two constructions also differed: present per-
fect improved from 30% to 70%, while present
continuous remained near ceiling (95% to 90%).
Treatment-phase evidence was therefore more in-
formative for present perfect, where there was
greater room for measurable change.

4.7 Conclusion

This study examined how learner behavior in LLM-
based L2 grammar practice can inform learner mod-
eling. The findings suggest that different evidence
types serve different purposes: prior target use
was most useful for predicting immediate next-task
performance, while finer-grained evidence helped
characterize the robustness of developing produc-
tive control. Scaffolded production emerged as a
strong positive signal, suggesting that system mod-
eling and timely clarification may help make the
practiced pattern available for use. Lexical diver-
sity appeared to capture broader control over that
pattern, pointing to the value of grammar practice
with varied lexical fillers.

These findings suggest that less constrained com-
municative grammar practice may be made system-
atically tractable for adaptive decisions. Rather
than treating learner production as too noisy to sup-
port principled adaptation, the results indicate that
it can be encoded in ways that are both practically
usable and theoretically meaningful. These find-
ings are especially important for language learning,
where development is gradual and linguistic knowl-
edge is strengthened and extended through use.
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Limitations

This study should be interpreted in light of several
limitations. First, the sample was small, which lim-
its the strength and generalizability of the conclu-
sions. Second, the analysis could not fully address
cross-context tracking or cleanly separate item-
specific reuse from more general productive con-
trol, beyond the lexical diversity measure. Third,
the logistic regression treated observations as inde-
pendent rather than modeling tasks as nested within
learners, which would be preferable in a larger
dataset. Finally, three learners showed ceiling-level
target use across tasks, leaving little variation to
explain at the individual level.

Future work should test these patterns in larger
samples and with more lexically open tasks, espe-
cially to clarify whether scaffolded success reflects
emerging generalization or continued dependence
on practiced forms.
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A Appendix

(a) Present perfect – Learner 95, treatment task 9

# Message Evidence type

1 S: Hello! What is something you have always wanted to learn?
2 L: to ride a bike ENGAGED NON-TARGET

3 S: Cool! I have always wanted to ride a bike, too. Have you ever tried to learn before, or is
it something you have always wished to do but never started?

4 L: i have tried to learn but i failed INDEP. INITIATED

5 S: I see. Where have you practiced riding a bike?
6 L: i haven’t practiced since 2015 INDEP. SUSTAINED

7 S: Oh, ok. What is something else you have always wanted to try?
8 L: i have always wanted to travel abroad INDEP. SUSTAINED

9 S: That is a wonderful wish. Which country have you always dreamed of visiting the
most?

10 L: probably canada UNDERUSE

11 S: I have visited Canada before. I hope you get to visit there one day, too. Talk to you
later!

(b) Present continuous – Learner 22, treatment task 12

# Message Evidence type

1 S: Hello. I am always watching movies in my free time. What is something that you are
always doing?

2 L: I’m always watching short videos. INDEP. INITIATED

3 S: I am usually working on my computer in the evenings. What are you usually doing at
that time?

4 L: I’m usually doing my homework and reading books in the evenings INDEP. SUSTAINED

5 S: That sounds productive. I am often reading in the evenings too. What kind of books are
you reading these days? r

6 L: I’m reading a book by a Chinese female writer. The words of the book are very delicate. SCAFFOLDED

7 S: That sounds interesting. I am currently reading a novel too. What is the writer’s name? r

8 L: Soy tea. UNDERUSE

9 S: Oh, you mean Su Tong? I am enjoying his writing style as well. [. . . ] r

10 L: I think so. See you later! ENGAGED NON-TARGET

11 S: Yes, I am thinking his stories are very powerful. Talk to you later!

Figure 1: Annotated dialogue excerpts illustrating the
five evidence types. (a) The “Discussing long-standing
wishes” task, targeting the present perfect affirmative.
(b) The “Describing habits” task, targeting the present
continuous affirmative form.
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