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Abstract

Proficiency levels in the Common European Framework of Reference for Languages constrain overall difficulty
but do not identify what an individual learner should practise next. We propose a curriculum-graph pipeline
that uses learner state, scenario relevance, and graph-encoded prerequisites to select two lexical targets and one
grammar target for dialogue generation. We evaluate it with eight synthetic learner profiles at CEFR A2 and B1
across ten scenarios. In 40 stress-test instances with an unmastered prerequisite, the graph selector made no
graph-encoded violations, whereas a ranker without prerequisite filtering selected a violating grammar target
in every instance. We generated 800 dialogues and analyzed all of them automatically; a balanced sample of 80
also received human ratings. In the human-rated sample, explicit target conditioning increased paired-profile
target selectivity by 0.733 (95% CI [0.558, 0.917]). The naturalness difference was —0.113 points (95% CI [—0.363,
0.150]), with its lower bound above the prespecified —0.5-point margin. Together, the results show that encoded
prerequisites can be enforced during selection and that target conditioning provides profile-specific dialogue
control without materially reducing naturalness.
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1. Introduction

Large language models can produce an A2 or B1 dialogue on demand, but a proficiency label does not
say which items a particular learner should practise next. In the CEFR scale used here, A2 belongs to
the Basic User band and B1 to the Independent User band [1]. Two learners at the same CEFR level may
have different lexical weaknesses, grammatical gaps, and prerequisite knowledge. Giving both learners
the same level prompt controls difficulty; it does not personalize the practice content.

Retrieval-augmented generation (RAG) grounds generation in external evidence [2]. For language
practice, a curriculum graph can also represent prerequisites among learning items, allowing retrieval
to account for what a learner is ready to practise. Target realization is meaningful only if the upstream
selector chooses pedagogically appropriate items: the system must choose appropriate same-level items
without skipping graph-encoded foundations.

The proposed pipeline separates selection from generation. It combines learner mastery, flagged
weaknesses, scenario relevance, and grammar prerequisites to choose two lexical targets and one
grammar target. The generator receives only these targets, not graph paths, relation text, or mastery
values. This boundary permits the selector to be evaluated independently and makes its decision
inspectable.

We ask three questions. First, does prerequisite-aware retrieval prevent encoded violations in
controlled learner-state stress tests? Second, do selected targets redirect dialogues toward one member
of a same-level profile pair? Third, is target-conditioned generation non-inferior in naturalness to a
CEFR-only null control? The null control tests whether level plus scenario alone distinguishes paired
profiles; it is not intended as a complete personalization baseline.
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This work contributes (i) a deterministic, prerequisite-aware target selector; (ii) a controlled evaluation
over eight synthetic learner profiles and ten scenarios; and (iii) paired-profile target selectivity (PTS),
which measures whether generated practice realizes one profile’s targets rather than those selected for
its same-level counterpart. Together, these components connect an inspectable curriculum decision to
personalized dialogue generation.

2. Related Work

The CEFR provides a common proficiency scale but not an individual learner model [1]. Our lexical
inventory uses the CEFR-J English vocabulary profile distributed by Open Language Profiles [3];
grammar nodes draw on proficiency-graded English constructions [4, 5]. The source graph also
contains an upper-level lexical extension that is ineligible in the A2/B1 study [6].

Personalized text retrieval has used estimated learner vocabulary to select suitably challenging reading
material [7]. Graph-based knowledge tracing estimates proficiency from response histories [8], while
recent dialogue systems control difficulty through linguistic features or beginner-oriented generation
methods [9, 10]. Personal multilingual graphs with adaptive LLM activities provide an adjacent system
design [11]. We address the action step after learner modelling: given mastery values and flagged
weaknesses, which targets should be practised next?

RAG evaluation commonly measures retrieval relevance, answer faithfulness, and answer rele-
vance [12, 13]. These outcomes are incomplete here: a fluent dialogue can practise unsuitable content,
while explicit prompt targets can make coverage easy. Stage-specific graph-QA evaluation likewise
shows how final answers can hide upstream failures [14]. We therefore evaluate target selection before
generation and compare each dialogue with the targets selected for another synthetic profile at the
same CEFR level.

3. System

Given a synthetic learner state and a lesson scenario, the selector returns three curriculum nodes—two
lexical items and one grammatical construction—whose labels serve as dialogue-generation targets.

3.1. Curriculum graph and learner state

The source graph contains 9,847 lexical nodes, 47 grammar nodes, and five scenario nodes, for 9,899
nodes and 9,675 edges. The lexical data are the CEFR-] Vocabulary Profile v1.5 distributed by Open
Language Profiles and the Octanove Vocabulary Profile v1.0 C1/C2 extension [3, 6]. Lexical nodes store
lemma, part of speech, level, gloss, and Zipf frequency from wordfreq [15]. The 47 grammar nodes and
their 57 prerequisite edges are curriculum relations authored for this prototype, with level assignments
informed by the English Grammar Profile and CEFR-J Grammar Profile 20180315 [4, 5]. They are design
choices, not claims of universal linguistic dependency. A prerequisite edge p — g means that grammar
item p is treated as a foundation for grammar item g, while a lexical scenario link marks a vocabulary
item as relevant to that practice scenario.

For this study, we replaced the five original scenarios with ten English-practice scenarios and 79
lexical links. The evaluated view contains 9,904 nodes and 9,728 edges. The selector uses scenario
relevance for lexical choice and transitive prerequisite edges for grammar filtering; other source-graph
relation types do not affect the reported comparison. The longest grammar prerequisite chain has depth
five, while grammar targets selected in the experiment have closure depths of two or three.

Here, retrieval returns structured curriculum nodes rather than document passages, and generation
conditions on the retrieved node labels.

Each synthetic learner profile supplies a CEFR ceiling L,, mastery b,(n) € [0, 1], and flagged weak-
nesses. A candidate must satisfy

level(n) < L, 0.15 < b,(n) < 0.65. (1)
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Figure 1: Curriculum-graph retrieval and generation pipeline. The generator receives target labels and a short
grammar description, but no mastery values, graph paths, prerequisite nodes, or relation text.

Both selectors build the same candidate pool and rank it by flagged weakness, lower mastery, higher
word frequency, and a deterministic tie-break. The prerequisite-unaware ranker takes the first two
scenario-linked lexical candidates and the first grammar candidate. The graph selector removes a
grammar candidate if any node in its transitive prerequisite closure has b,(p) < 0.70, then applies the
same target budget. The 0.15, 0.65, and 0.70 thresholds were fixed as prototype operating points before
full generation; they are not presented as generally optimal pedagogical thresholds.

3.2. Paired-profile learner states and generation

Eight synthetic profiles form four same-CEFR pairs: a regular pair and a prerequisite-gap pair at each
of A2 and B1. Pair members share a level and mastery template but differ in lexical and grammatical
weaknesses. Items below, at, and above the ceiling begin at 0.90, 0.80, and 0.05 mastery; flagged
weaknesses are set to 0.25. These profiles are controlled test cases, not estimates fitted to learner data.

In regular profiles, all prerequisite items remain mastered. In each gap profile, a grammar weakness
at 0.20 depends on a prerequisite set to 0.05, while a suitable alternative remains at 0.30. The 40 gap
instances comprise four profile-level grammar substitutions crossed with ten scenarios. Across the
80 profile—scenario cells, scenario-specific lexical selection yielded 80 distinct three-target sets. The
selectors should agree for regular profiles and differ only in the gap profile’s grammar target.

For generation, cefr_only and graph_targets receive the same scenario, CEFR ceiling, role guid-
ance, and 12-turn format. The latter also requests one natural use of each selected target, but includes
no node identifiers, mastery values, support nodes, or graph relations. DeepSeek deepseek-v4-pro
generated the dialogues through api.deepseek. com, with thinking enabled, high reasoning effort,
temperature and top_p unset, and an 8,192-token limit. A structure-only validator checked turn count
and speaker alternation. Across 800 accepted outputs, 41 (5.1%) required a structural retry; 43 attempts
were rejected, giving 843 calls in total and at most three attempts for any output. The validator did not
inspect target use, correctness, naturalness, or scenario content.

4. Evaluation

4.1. Selector comparison

Both selectors ran over all 8 x 10 = 80 profile-scenario cells and returned three targets per cell. A target
violates the encoded constraint if any prerequisite in its transitive closure has mastery below 0.70. We
recorded target yield, lexical scenario coverage, and target-set overlap separately for 40 regular and 40
gap instances.

Using seed 20260610, we selected one profile from each pair per scenario, yielding 40 anonymous
A/B comparisons. Two convenience-recruited annotators, trained on written rubrics and practice items,
saw the flagged weaknesses and foundations, rated appropriateness and scenario fit (1-5), marked any
obvious missing prerequisite, and preferred A, B, or neither. Option and item order were randomized
independently, and selector identity was hidden. We used a —0.5 non-inferiority margin for both ratings
and required no confirmed graph prerequisite errors.



4.2. Dialogue evaluation

We generated five replicates for every profile, scenario, and condition: 8 x 10 x 2 x5 = 800 dialogues. All
800 underwent automatic target-matching, PTS, lexical-difficulty, and retry/runtime analysis. Automatic
lexical hits required lower-cased spaCy lemma and part-of-speech matches, which recognize inflected
forms; grammar hits used construction-specific regular expressions and spaCy dependency, tag, or
morphology heuristics rather than a model judge. Each target received one binary hit if any match
occurred. Lexical difficulty was the proportion of content-word lemmas at or below the profile’s CEFR
ceiling, with lexicon-OOV items treated as above level in the reported lower bound. For the primary
human evaluation, seed 20260610 selected one profile member and one replicate from each pair-scenario
combination and retained both conditions. The sample therefore contained 80 dialogues in 40 matched
units. Each dialogue was checked against its intended targets and the paired profile’s targets, yielding
480 target decisions per reviewer.

The same two annotators independently scored differently randomized, condition-blind packets using
written instructions. They judged whether each target appeared correctly and naturally, then rated
naturalness, coherence, scenario fit, and level appropriateness on five-point scales. Ordinal ratings
not requiring adjudication were averaged across annotators. A project author adjudicated the single
two-point level-appropriateness disagreement and the single binary target disagreement using a packet
that omitted condition labels. We report weighted x [16] and AC1 [17].

Let F, and F, be disjoint target sets for same-level profile pair members u and v, and H(y, t) the final
human target judgment. Paired-profile target selectivity is

PTS(y,u,v) = ﬁ Z H(y,t) - ﬁ Z H(y,1). (2)

teF, teF,

The primary effect is graph targets minus CEFR-only PTS. Naturalness has a —0.5-point non-inferiority
margin. Ten thousand crossed bootstrap resamples over four profile pairs and ten scenarios preserve
the matched conditions; the 40 pair—scenario units, not individual dialogues or target labels, are the
analysis units. For the full-grid automatic analysis, we first averaged the five replicates within each
profile-scenario—condition cell, then averaged the two profile effects within each pair—scenario unit
before applying the same crossed bootstrap. Automatic PTS replaces H with the binary matcher hit
and supplies secondary evidence over all 800 dialogues. Code, prompts, targets, dialogues, and ratings
accompany the paper.

5. Results

5.1. Prerequisites change target selection

Each selector returned all 240 expected targets: 160 lexical and 80 grammar targets. All lexical targets
were linked to the requested scenario. The target sets were identical in the 40 regular instances (Jaccard
1.00), with no encoded violations. In every gap instance, the prerequisite-unaware ranker chose the
deliberately exposed grammar target; across the resulting 130 prerequisite-node checks, 40 nodes were
below the mastery threshold. The graph selector made none of these violations because it substituted
an eligible grammar target. Gap-instance target-set Jaccard was 0.50 because only the grammar target
changed.

The human comparison showed the same pattern. Both annotators marked a missing prerequisite
for the prerequisite-unaware ranker in all 20 gap comparisons and for the graph selector in none. Both
selected neither option in all 20 regular comparisons and preferred the graph-selected targets in all 20
gap comparisons. Appropriateness favored the graph by 1.500 points (95% CI [0.000, 3.000]); scenario
fit differed by 0.163 (95% CI [—0.188, 0.575]). Both lower bounds exceeded the —0.5 margin.



5.2. Selected targets distinguish paired profiles

The 80 human-rated dialogues are the primary generation evidence. Target-conditioned dialogues
realized 0.983 of intended targets correctly and naturally (95% CI [0.900, 1.000]). Recall of intended
and paired-profile targets was 0.983 and 0.333, giving PTS 0.650. In the CEFR-only null control, the
corresponding recalls were 0.283 and 0.367, giving PTS —0.083. The PTS difference was +0.733 (95% CI
[0.558, 0.917]).

Mean naturalness was 4.725 with targets and 4.838 with CEFR only. The difference of —0.113 (95%
CI [-0.363, 0.150]) met the non-inferiority criterion. Mean coherence was 4.963 in both conditions,
scenario fit was 5.000 in both, and level appropriateness was 4.875 versus 4.938; these were secondary
outcomes.

Across all 800 dialogues, automatic PTS was 0.596 with graph targets and 0.007 with CEFR only, a
difference of 0.589 (95% CI [0.487, 0.687]). The conservative lexical in-level rate was 0.888 with graph
targets and 0.889 with CEFR only; the difference was —0.001 (95% CI [—0.018, 0.019]). Against the final
human labels for 480 target decisions, the matcher achieved 0.910 precision and 0.945 recall overall.
Lexical precision/recall were 0.994/0.972, whereas grammar precision/recall were 0.700/0.860; the human
result therefore remains the primary conclusion.
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Figure 2: Human-rated paired-profile target selectivity (PTS). Open circles show 40 pair-scenario units; diamonds
and horizontal lines show means and crossed-bootstrap 95% Cls. Positive paired differences favor target-
conditioned generation.

Table 1
Main selector and human dialogue results. The selector control is prerequisite-unaware ranking; the generation
control is the CEFR-only null control. Count differences are exact; intervals are crossed-bootstrap 95% Cls.

Stage Measure Graph / targets  Control Difference [95% Cl]
Selector Violating grammar selections 0 40 —40
Selector Missing prerequisites 0 20 -20
Selector Appropriateness (1-5) 5.000 3.500 +1.500 [0.000, 3.000]
Selector Scenario fit (1-5) 4.100 3.938 +0.163 [—0.188,0.575]
Generation PTS 0.650 —0.083 +0.733 [0.558,0.917]
Generation  Naturalness (1-5) 4.725 4.838 —0.113 [—0.363,0.150]

The reviewers agreed on 479 of 480 target judgments (AC1 0.996). Naturalness scores agreed exactly
in 66.3% of cases and were within one point in every case. Weighted k was 0.288 because ratings were
concentrated at the top of the scale.



6. Discussion

The selector changes the shared ranking only when graph-encoded readiness requires it. With mastered
foundations, both selectors agree. With an unmastered prerequisite, traversal postpones the exposed
grammar weakness and returns the next eligible target. Reviewers found these substitutions appropriate
and compatible with the scenario, suggesting that prerequisite filtering can refine a broad weakness
ranking without disrupting the lesson context.

The generation experiment tests whether the selected targets are reflected in the generated dialogues.
The CEFR-only condition serves as a null control because level and scenario do not identify the intended
member of a same-level profile pair. Adding the three selected targets redirected dialogue content while
preserving naturalness. Together, the two stages support the proposed pipeline: learner state informs
graph retrieval, and the retrieved target set guides practice generation. This interpretation does not
attribute the generator’s instruction-following ability to graph traversal itself.

PTS complements raw target recall by supplying a same-level negative comparison. A dialogue
receives a high score only when it realizes the intended profile’s targets more than those of its paired
counterpart. The near-zero automatic PTS and slightly negative human PTS under CEFR-only prompting
are therefore expected under the null control, whereas the target-conditioned result shows profile-
specific control. The automatic analysis covers the complete grid and averages five replicates per cell;
its lower grammar precision explains why the human judgments carry the main inferential weight.

The information boundary in Figure 1 also preserves inspectability. Instructors can examine selected
or postponed items, and curriculum editors can revise scenario links or prerequisite relations without
exposing learner-state data to the generator. An observed learner model or a different generator could
later replace either side of this interface.

Limitations. The learner profiles are synthetic rather than inferred from learning histories, and the
study evaluates generated practice rather than learning gains. Scenario links and prerequisite relations
were authored rather than learned from learner data. Both evaluations used two convenience-recruited,
trained annotators; neither had formal language-teaching credentials. Target agreement was high,
but naturalness ratings concentrated near the top of the scale. The experiments cover one English
graph, A2/B1 profiles, ten scenarios, and one generator; extension to other languages would require
language-specific proficiency inventories and prerequisite relations. Classroom studies with observed
learner states and longitudinal outcomes are needed before making claims about learning effectiveness.

7. Conclusion

The proposed pipeline links graph-constrained curriculum retrieval to target-conditioned dialogue
generation. Across 80 selector cells, prerequisite filtering removed all 40 deliberately exposed violations
while still returning all requested targets. Five replicates per profile, scenario, and condition produced
800 dialogues for automatic target-realization, PTS, lexical-difficulty, and runtime analyses; blinded
human evaluation of 40 paired units showed strong profile-specific content control without a material
loss in naturalness. These controlled findings support the proposed personalized-practice pipeline while
leaving learning gains and classroom effectiveness to future work.
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