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Abstract

We propose a dialogue system for second lan-
guage learning that dynamically adjusts the dif-
ficulty of its utterances by adapting to changes
in the learner’s utterance difficulty across dia-
logue topics. Recent studies have advanced sec-
ond language learning dialogue systems based
on large language models (LLMs) grounded
in the Input Hypothesis. However, although
learners’ language proficiency varies based on
their familiarity with a given topic, conven-
tional fixed-difficulty dialogue systems do not
adequately account for this variability. In this
study, we propose a dialogue system for sec-
ond language learning that minimizes the diffi-
culty gap between the system and a user model.
The user model dynamically varies utterance
difficulty based on the topic during dialogue.
Our LLM-based dialogue system controls ut-
terance difficulty by prompt engineering and
Direct Preference Optimization (DPO). Exper-
imental results in both Japanese and English
demonstrate that the proposed method is effec-
tive in tracking utterance difficulty for second
language learners.

1 Introduction

The increasing globalization of communication has
led to a growing demand for second language learn-
ing. However, learners often have limited access
to opportunities for conversational practice. This
is due not only to the high financial cost but also
to learners’ anxiety when speaking a second lan-
guage with others (Papi and Khajavy, 2023). Re-
cently, large language models (LLMs) have become
widely available and provide conversational inter-
faces, which may reduce the cost of conversational
practice and alleviate learners’ anxiety in interper-
sonal communication.

In second language learning, it is crucial that
the input provided to learners remains within a
comprehensible range that is neither too easy nor
too difficult (Krashen, 1985). In prior work on
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Figure 1: Overview of a dialogue system that adapts to
changes in user utterance difficulty. The order of simple
and complex user utterances is randomly determined.
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dialogue systems for second language learners,
methods have been proposed to control system
outputs in order to satisfy a predetermined, fixed
level of utterance difficulty (Jin et al., 2025; Almasi
and Kristensen-McLachlan, 2025; Glandorf et al.,
2025). However, it has been shown that learners’
utterance difficulty varies depending on their famil-
iarity with the topic (Qiu, 2020; Abdi Tabari and
Wang, 2022), and existing dialogue systems based
on fixed-difficulty control (Jin et al., 2025; Almasi
and Kristensen-McLachlan, 2025; Glandorf et al.,
2025) do not account for this variation. To pro-
vide comprehensible input that is appropriate for
learning, it is necessary to dynamically adapt to the
learner’s utterance difficulty during the dialogue.
In this setting, the learner’s current proficiency rel-
ative to the topic may be approximated from the
difficulty of their utterances.

In this study, we aim to develop a dialogue sys-
tem that adapts to the learner’s varying utterance
difficulty and provides appropriate input (Figure 1).
We also propose an evaluation task and methods
for controlling the difficulty of system responses.
In the evaluation task, we generate dialogue histo-
ries using a user model constructed with an LLM
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and assess the difficulty difference for each pair
of utterances. The user model randomly switches
between topics with high and low familiarity in
the first and second halves of the dialogue, simu-
lating changes in utterance difficulty. We extract
utterance pairs from the generated dialogue his-
tories and evaluate the system’s ability to adapt
to utterance difficulty from both lexical and syn-
tactic perspectives. These aspects are considered
key components of linguistic complexity in sec-
ond language learning research (Bulté and Housen,
2012). Our evaluation task is related to the self-
chat approach, which assesses dialogues between
LLMs (Almasi and Kristensen-McLachlan, 2025),
but it is novel in that the user model’s utterance dif-
ficulty changes dynamically during the dialogue.

We propose methods for controlling utterance
difficulty using prompts and a DPO-based ap-
proach (Rafailov et al., 2023) to improve a dialogue
system’s ability to adapt to varying utterance dif-
ficulty. As prompt-based methods for controlling
utterance difficulty, we propose two approaches:
the Detailed method and the Single-Block method.
The Detailed method assigns instructions to the
system role and the dialogue history to the user and
assistant roles in the LLM chat template, whereas
the Single-Block method provides both the instruc-
tions and the dialogue history in a single user role.
In the DPO-based method, utterances from multi-
ple models are automatically evaluated, and pref-
erence pairs are created for training. In experi-
ments in both Japanese and English, we showed
the effectiveness of the proposed methods for mul-
tiple LLMs using automatic evaluation. In both
languages, the proposed methods achieved higher
average scores than simple dialogue instructions.
The results showed that, for prompt-based con-
trol, the Single-Block method was effective, while
DPO was effective when training was feasible. Fur-
thermore, to verify the reliability of the automatic
evaluation, we conducted a human evaluation in
Japanese and observed a high Spearman rank cor-
relation as well as a reasonable Cohen’s k.

The main contributions of this work are as fol-
lows:

1. We propose a novel evaluation task and re-
sponse generation methods for dialogue sys-
tems that adapt to learners’ varying utterance
difficulty.

2. We propose prompt-based control methods
(Detailed and Single-Block) and a DPO-based
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approach, and demonstrate their effectiveness
through experiments in both Japanese and En-
glish.

3. We show the effectiveness of the proposed
methods and the reliability of the evaluation
using both automatic and human assessments.

Our code is available at https://github.com/
EhimeNLP/DiAL2.

2 Related Work

With the advancement of large language models
(LLMs), research on dialogue systems for second
language learners has progressed rapidly. Many
prior studies are grounded in the Input Hypothesis
(Krashen, 1985), which posits that comprehensible
input facilitates language acquisition, and aim to
generate utterances tailored to learners’ proficiency
levels.

The Common European Framework of Refer-
ence for Languages (CEFR) is widely used as a
benchmark for utterance difficulty. CEFR is an
international standard that defines language pro-
ficiency across six levels (A1-C2), with higher
levels corresponding to greater linguistic compe-
tence. In some cases, language-specific proficiency
scales are employed. For example, in Japanese, the
Japanese Language Proficiency Test (JLPT) serves
as a commonly used benchmark. JLPT defines five
levels (N5—-N1), where N1 represents the highest
proficiency. Prior work (Jin et al., 2025; Almasi
and Kristensen-McLachlan, 2025; Glandorf et al.,
2025) assumes a target learner proficiency level in
advance and proposes dialogue systems that gener-
ate utterances corresponding to a designated diffi-
culty level.

Almasi and Kristensen-McLachlan (2025) ana-
lyze adherence to CEFR-based prompting in Span-
ish and report a phenomenon termed alignment
drift, in which compliance with CEFR instruc-
tions deteriorates as the number of dialogue turns
increases. They evaluate difficulty control per-
formance using readability metrics and measures
of syntactic complexity. Some studies introduce
Future Discriminators for Generation (FUDGE)
(Yang and Klein, 2021) to explicitly control the
generation process (Jin et al., 2025). FUDGE regu-
lates decoding by employing a future discriminator
that estimates the probability that the next token
will lead to an output satisfying a desired target at-
tribute. Jin et al. (2025) combine a lexical difficulty
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USER : No, not every day. I forget. It is basil. Is basil easy?

Basil is easy to care for. It just needs some sunlight

Tt : N
CHA and water. Do you put it near a window?

Step 1: CHAT Quality Check

(a) The English is unnatural Yes - {No
(b) The USER’s utterance is ignored Yes - (No
(c) The USER's utterance is merely repeated Yes - (No
Step 2: USER-CHAT Difficulty Gap

(1) Vocabulary User harder (Samp - Chat harder
User harder - Same) Chat harder

(2) Lexical & Syntactic
mm) Label (4-class): Same

Figure 2: Overview of the evaluation task. Dialogues are collected from interactions between the user model and
the dialogue system, and the difficulty gap is evaluated for the utterance pair at a target turn.

dictionary with BERT-based sentence difficulty es-
timation to evaluate the effectiveness of FUDGE
for difficulty control in Japanese. Glandorf et al.
(2025) train an automatic grammar detector and
combine it with FUDGE to control the occurrence
of specific grammatical constructions in generated
outputs. They evaluate whether the instructed gram-
matical items appear in the generated outputs using
a trained classifier. All of these studies assume
a setting in which the target level is fixed in ad-
vance, and utterances are generated to conform to
the given difficulty level. However, in real-world
dialogue, a learner’s utterance difficulty may vary
depending on the topic and context. Consequently,
fixed-difficulty control is insufficient to fully adapt
to such fluctuations during interaction. In contrast
to prior work, this study focuses on a dialogue sys-
tem that dynamically adjusts its response difficulty
according to the learner’s utterances, and evalu-
ates its ability to adapt to variations in the learner’s
utterance difficulty throughout the dialogue.

Self-chat, in which a user model and a system
model engage in dialogue as LLMs, is commonly
used to evaluate dialogue systems for second lan-
guage learners (Almasi and Kristensen-McLachlan,
2025; Jin et al., 2025; Glandorf et al., 2025). Self-
chat is a framework for evaluating a system model’s
control performance using dialogue histories gener-
ated through interactions between a user model and
a system model. In this study, we extend the self-
chat framework by introducing dynamic changes
in the user model’s utterance difficulty and use it
to design our evaluation task.

3 Task Definition

We propose a novel evaluation task for measuring
how well a dialogue system adapts to changes in
the difficulty of a second language learner’s utter-

ances across different dialogue topics. The task
is constructed in a self-chat setting using a user
model that simulates a learner. An overview of
the evaluation framework is shown in Figure 2.
First, we select a large language model (LLM) that
demonstrates strong adherence to difficulty-level
instructions as the user model. We then construct
a dataset consisting of dialogue topics, personas,
and difficulty-level instructions provided to the user
model. Each dialogue is conducted as a multi-turn
interaction. By changing the dialogue topic and dif-
ficulty instructions given to the user model between
the first and second halves, we create a scenario in
which the user’s utterance difficulty varies during
the dialogue. The dialogue system interacts with
the user model under this dynamic setting. Evalua-
tion is performed at the turn level. From the final
turn of both the first and second halves of the di-
alogue, we extract pairs of user-model utterances
(USER) and system utterances (CHAT), and assign
labels according to the evaluation criteria described
below.

3.1 Evaluation Criteria

Step 1: Quality Assessment We first assess
whether the CHAT utterance is suitable for diffi-
culty comparison using three binary criteria. (a) un-
natural Japanese, (b) ignoring the USER utterance,
and (c) simple repetition of the USER utterance. If
any criterion is positive, the pair is labeled Reject
and excluded from Step 2.

Step 2: Difficulty Comparison We then com-
pare USER and CHAT utterances in terms of lexi-
cal and syntactic complexity. For each dimension,
we assign one of three labels: U (USER harder), S
(same), or C (CHAT harder).
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3.2 Label Aggregation

To facilitate analysis, we aggregate the five eval-
uation results into four final labels: Reject, User-
Harder, Same, and ChatHarder. Reject is assigned
if any Step 1 criterion is positive. UserHarder (resp.
ChatHarder) is assigned when both perspectives
are U (resp. C), or when one is U (resp. C) and
the other is S. Same is assigned when both are S or
when U and C labels conflict.

4 Proposed Method

We propose three difficulty control methods: two
training-free prompt-based approaches (Detailed
and Single-Block) and one training-based approach
using DPO, together with a simple instruction-
based baseline for comparison.

Baseline (comparison) Baseline uses only a sim-
ple dialogue instruction. Following the LL.M chat
template, the instruction prompt is placed in the
system role, and the dialogue history is provided in
alternating user and assistant roles. The Japanese
prompt and its English translation are shown in
Figures 16 and 17, respectively.

Prompt-Based Methods The Detailed method
extends the baseline by explicitly instructing the
system to match the user’s vocabulary, syntax, and
utterance length. The Japanese prompt and its En-
glish translation are shown in Figures 18 and 19,
respectively. The Single-Block method provides
similar instructions but places both the prompt and
the dialogue history within a single user message.
In addition, it enforces JSON-formatted output to
avoid generating extraneous text. The Japanese
prompt and its English translation are shown in
Figures 20 and 21, respectively.

DPO We define responses with high difficulty
alignment as preferred responses and optimize
the LLLM using Direct Preference Optimization
(DPO) (Rafailov et al., 2023). Preference pairs
are automatically constructed. For each dialogue
history x, multiple response candidates are gener-
ated and evaluated using the automatic evaluation
criteria described in Section 3.1. A penalty score
is computed as the sum of quality violations and
the number of difficulty labels that are not Same.
When a candidate with zero penalty exists, it is
selected as the positive example 3T, and the can-
didate with the highest penalty is selected as the
negative example y~. The model is then optimized

using (z,y",y7).

Model Mean Error |
Ja En
gpt-0ss-20b 1.192 1.317
Qwen3-14B 1.386  1.565
gemma3-12b  1.168 0.885
Llama-3.1-8B  1.496 1.352
Swallow-9b 1.552 -

Table 1: Results of the user model selection experiment.
Mean error represents the absolute difference between
the instructed difficulty level and the estimated difficulty
label of the generated utterance.

5 Evaluation Experiments

5.1 Experimental Setup

We evaluate the proposed methods in both Japanese
and English using the evaluation task. We use
vLLM (Kwon et al., 2023) for LLM inference.

User Model Selection To select the user model
for the evaluation experiments, we evaluated
the difficulty control ability of several LLMs.
Difficulty was represented using the five-level
JLPT scale for Japanese and the six-level CEFR
scale for English. We sampled 200 dialogues
with associated personas from JPersonaChat
for Japanese (Sugiyama et al., 2023) and Per-
sonaChat (Zhang et al., 2018) for English, using
the first five utterances of each dialogue as con-
text. For each dialogue history, we generated re-
sponses under different difficulty levels, resulting
in 1,000 utterances per model for Japanese (200 X
5 levels) and 1,200 for English (200 x 6 levels).
Following Miyata et al. (2025), we estimated utter-
ance difficulty via pairwise classification. For pair-
wise comparison, we used ModernBERT (Warner
et al., 2025) fine-tuned on MATCHA (Miyata et al.,
2024) for Japanese and on Newsela-Auto (Jiang
et al., 2020) for English. Further details are pro-
vided in Appendix A. We compared the follow-
ing models: gpt-0ss-20b! (OpenAl, 2025), Qwen3-
14B? (Qwen Team, 2025), gemma3-12b® (Gemma
Team, 2025), and Llama-3.1-8B* (Llama Team,
2024). For Japanese, we additionally included
Swallow-9B> (Fujii et al., 2024) in the compari-

"https://huggingface.co/openai/gpt-oss-20b

2https://huggingface.co/Qwen/Qwen3—14B

3https://huggingface.co/google/gemma—3—12b—it

4https://huggingface.co/meta—llama/Llama—3.
1-8B

5https://huggingface.co/tokyotech—llm/
Gemma-2-Llama-Swallow-9b-it-v@.1
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son. All models are publicly available LLMs with
no more than 20B parameters. Mean Error was
defined as the average absolute difference between
the instructed and estimated difficulty labels and
used to evaluate difficulty controllability. As shown
in Table 1, gemma3-12b achieved the lowest mean
error in both Japanese and English, and was there-
fore selected as the user model.

Construction of the User Model Instruction
Dataset We construct a user instruction dataset
to control the user model with respect to topic
interest and utterance difficulty, consisting of (i)
persona, (ii) dialogue themes, (iii) specific topics,
and (iv) target difficulty labels. Personas were ex-
tracted from JPersonaChat (Sugiyama et al., 2023)
for Japanese and from PersonaChat (Zhang et al.,
2018) for English. Using each persona as input,
we employed an LLM to automatically generate
dialogue themes and topics likely or unlikely to in-
terest the persona. Dialogue themes were generated
using the GPT-5 API®. The generation prompts are
shown in Figure 22 for Japanese and Figure 23
for the translated English version. Each dialogue
is divided into two parts, where themes that the
persona is likely or unlikely to be interested in are
randomly assigned. This allows us to evaluate diffi-
culty control under changes in topic interest within
a single dialogue. As our target application is a
dialogue system for second language learners, we
use N3 and N5 for Japanese and B1 and A1l for
English to avoid excessively large difficulty gaps
while maintaining clear differences in proficiency
levels. N3 was assigned to topics likely to interest
the persona, and N5 to topics unlikely to interest
them. In total, we constructed 4,897 training dia-
logues and 100 evaluation dialogues for Japanese,
and 5,100 training dialogues and 100 evaluation
dialogues for English.

Dialogue Generation To evaluate difficulty con-
trol, we generated six-turn dialogues between the
user model and the target system. Different topics
and difficulty levels were assigned to turns 1-3 and
turns 4—6 to induce changes in the user model’s
behavior. To satisfy the user model’s input format,
dialogues were initiated with a dummy utterance:
"ZAZBIE, BEE D TY A 7" in Japanese
and "Hello! How are you these days?" in English.
At turn 4, the topic and difficulty were explicitly

6h'ctps ://platform.openai.com/docs/models/
gpt-5, accessed between 2025/12/07 and 2026/01/30

switched, and to prevent influence from the pre-
vious context, the user model was not given dia-
logue history from the first three turns. User model
prompts are provided in Appendix F.

Implementation of Methods For Baseline, De-
tailed, and Single-Block, we provided the corre-
sponding prompts to the LLM. Since Swallow-9b
does not support system prompts, the instruction
prompt and the first turn utterance were included
in the user prompt for the Baseline and Detailed
methods. Because DPO training is computation-
ally expensive, it was applied only to Qwen3-14B.
First, initial dialogues were generated with Qwen3-
14B using the Single-Block method, and additional
response candidates were generated with the Base-
line method using gpt-oss-20b, Llama-3.1-8B, and
Swallow-9B (Japanese only). The candidate re-
sponses were automatically evaluated to construct
6,066 preference pairs for Japanese and 6,698 for
English. The model was trained using LoRA (Hu
et al., 2022) via the trl library’. The LoRA hyper-
parameters are provided in Appendix D. During
inference, the Baseline prompt was used.

Automatic Evaluation We conducted automatic
evaluation using LLM-as-a-Judge with the follow-
ing models: gpt-o0ss-20b, Qwen3-14B, gemma3-
12b, Swallow-9B (Japanese only), Llama-3.1-8B,
and GPT-5.18(reasoning effort: medium). We used
gemma3-12b as the user model and collected 100
dialogues using the evaluation instruction dataset.
One utterance pair was extracted from both the
first and second halves of each dialogue, resulting
in 200 pairs. For automatic evaluation, we used
the largest local model, gpt-oss-20b, with reason-
ing effort set to medium and temperature set to
0.3. Each utterance pair was evaluated three times,
and the final label was determined by majority vot-
ing. For the ensemble, the majority label among
the four classes was selected; if all labels differed,
the Same label was assigned. For Japanese, the
prompts shown in Figures 10, 11, and 12 were used
for Step 1, lexical evaluation, and syntactic eval-
uation, respectively. The English prompts were
translated from the Japanese prompts. However,
because translation may alter the intent of the few-
shot examples, we verified the effect of removing
them in Japanese (Appendix B). The prompts used
are shown in Figures 13, 14, and 15.

"https://github.com/huggingface/trl
8https: //platform.openai.com/docs/models/
gpt-5.1, accessed between 2025/12/07 and 2026/02/28
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Japanese English
Method  Model Same?T User>Chat] Chat>User] Samel User>Chat| Chat>User]
GPT-5.1 0.100 0.065 0.750 0.185 0.000 0.760
gpt-oss 0.270 0.155 0.550 0.560 0.010 0.420
Baseline Qwen3 0.205 0.265 0.505 0.670 0.030 0.260
gemma3 0.375 0.380 0.155 0.680 0.050 0.225
Llama3.1  0.325 0.260 0.310 0.155 0.010 0.795
Swallow  0.370 0.335 0.230 - - -
GPT-5.1 0.235 0.130 0.590 0.455 0.005 0.490
gpt-0ss 0.285 0.260 0.435 0.625 0.020 0.335
Detailed Qwen3 0.280 0.270 0.405 0.740 0.015 0.230
gemma3 0.400 0.365 0.175 0.695 0.020 0.235
Llama3.1  0.225 0.220 0.435 0.325 0.020 0.610
Swallow  0.270 0.240 0.475 - - -
GPT-5.1 0.235 0.150 0.555 0.340 0.005 0.600
gpt-oss 0.315 0.300 0.355 0.710 0.055 0.220
S-Block Qwen3 0.320 0.380 0.260 0.765 0.030 0.195
gemma3 0.360 0.390 0.150 0.715 0.045 0.205
Llama3.1  0.285 0.335 0.195 0.710 0.040 0.165
Swallow  0.320 0.475 0.130 - - -
DPO Qwen3 0.420 0.295 0.240 0.795 0.080 0.090

Table 2: Automatic evaluation results on 200 utterance pairs for Japanese and English. S-Block denotes the
Single-Block method. User>Chat and Chat>User indicate the UserHarder and ChatHarder labels, respectively.

Mean Same Rate 1

Method

Ja En
Baseline 0.274 0.450
Detailed 0.283 0.568
Single-Block  0.306 0.648

Table 3: Average Same rates for Baseline, Detailed, and
Single-Block in the automatic evaluation.

Human Evaluation on Japanese To validate the
automatic evaluation, we randomly sampled 100 ut-
terance pairs from the 200 pairs collected via auto-
matic evaluation and conducted a human evaluation.
The evaluation covered five conditions: Baseline,
Detailed, Single-Block, and DPO for Qwen3-14B,
and Baseline for GPT-5.1. Three native Japanese-
speaking university students each annotated 500
utterance pairs. The final label was determined
by majority voting; if all annotators assigned dif-
ferent labels, Same was assigned. The annotation
guidelines were designed to be equivalent to the
LLM-as-a-Judge prompt.

5.2 Experimental Results
5.2.1 Automatic Evaluation

Automatic evaluation results are shown in Table 2.
Higher Same rates are desirable, whereas lower
values are preferred for the other metrics. Except
for Detailed and Single-Block in English, gemma3-
12b-it achieves the best performance for most set-
tings, likely because its self-chat partner is also
gemma3-12b-it. Overall, DPO with Qwen3-14B
achieves the highest Same rate in both Japanese
and English. Label conflicts do not account for
this gain (Appendix E). For Qwen3-14B, DPO in-
creased the Same rate compared to the Baseline,
improving from 0.205 to 0.420 in Japanese and
from 0.670 to 0.795 in English. GPT-5.1 shows rel-
atively low Same rates in both languages, mainly
due to the high proportion of ChatHarder labels.

The average Same rates for each method are
shown in Table 3. Performance improves in the
order of Baseline, Detailed, and Single-Block, sug-
gesting that the single-turn prompting format in
Single-Block improves controllability. These re-
sults indicate that DPO is effective when training
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Method Model Human Evaluation LLM-as-a-Judge
Baseline GPT-5.1 0.35 0.13
Baseline Qwen3-14B 0.80 0.24
Detailed Qwen3-14B 0.68 0.31
Single-Block Qwen3-14B 0.77 0.32
DPO Qwen3-14B 0.85 0.44

Table 4: Human evaluation results on 100 utterance pairs.

Method mean over

user chat diff | user chat diff |
Baseline 1.648 1.790 0.142 0.183 0.239 0.057
Detailed 1.608 1.588 -0.020 0.178 0.170 -0.009
Single-Block 1.626 1.616 -0.010 0.185 0.188 0.002
DPO 1.626 1.694 0.067 0.177 0.201 0.024

Table 5: Lexical-level analysis for each method of Qwen3-14B. mean denotes the average difficulty, and over
denotes the proportion of words exceeding the target difficulty.

is feasible, whereas Single-Block is suitable when
only prompt-based control is used. The effective-
ness of DPO was also confirmed in experiments
where the target difficulty levels instructed to the
user model in Japanese were changed to the N4—N2
and N3-N1 pairs (Appendix C).

5.2.2 Human Evaluation

Human evaluation results are shown in Table 4.
Although the Baseline score for Qwen3-14B is rel-
atively high in human evaluation, the overall trends
are similar to those observed in the automatic eval-
uation. At the instance level, Inter-annotator agree-
ment was moderate: Fleiss’ x among the three an-
notators was 0.31 and the average pairwise Cohen’s
x was 0.33. Cohen’s x between human labels and
LLM-as-a-Judge was 0.24. This suggests that exact
label matching for individual utterance pairs is only
moderate, which is reasonable given the subjective
nature of difficulty judgments. By contrast, at the
level of overall model comparison, the agreement
was stronger: the Spearman rank correlation was
0.70, indicating similar ranking tendencies. These
results provide support for the validity of the auto-
matic evaluation.

6 Analysis
6.1 Statistical Analysis

We analyze Japanese dialogues generated by
Qwen3-14B to examine the behavior of the pro-
posed methods. Among the 200 dialogues, 100 use

Method user chat diff |
Baseline 1.495 1.710 0.215
Detailed 1.492 1.621 0.129
Single-Block 1.479 1.649 0.171
DPO 1.465 1.581 0.116

Table 6: Syntactic complexity (MHD) analysis for each
method of Qwen3-14B.

an N5-to-N3 difficulty transition, while the remain-
ing 100 use an N3-to-N5 transition. All six turns
are analyzed from the perspectives of vocabulary
and syntactic structure.

Vocabulary For vocabulary analysis, we use jlpt-
anki-decks’, a dictionary that assigns JLPT labels
to words. The extracted vocabulary consists of
2,683 N1 words, 1,732 N2 words, 2,101 N3 words,
660 N4 words, and 702 N5 words. Each sentence
was tokenized using SudachiPy (Takaoka et al.,
2018) in mode C, and tokens found in the JLPT
dictionary were counted according to their diffi-
culty level. The average difficulty was computed as
(N5x14+N4x2+N3x3+N2x4+N1x5)/total,
where total is the sum of counts from N5 to N1.
We also computed the Over Rate, defined as the
proportion of words exceeding the target difficulty
(N4-N1 when the target is N5, and N2-N1 when
the target is N3). These values are computed for

*https://github.com/chyyran/jlpt-anki-decks
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Baseline Label: ChatHarder
First Half (Target: N5, Theme: home gardening)

DPO Label: Same

First Half (Target: N3, Theme: morning routine)

User MHD: 1.41, Avg. JLPT Level: 1.00
[FUL(N5), == hIYRZEBTEVTY, TE. f(NS)ZEXLSN, &FE
(N5)*>TWET . HIRE(NS)E. I(NSDETTNEITH ?
Yes, I want to grow mini tomatoes. But I am still unsure about what to
plant. Are you growing anything?

+0.55(MHD)
+0.75(JLPT)
Chat MHD: 1.95, Avg. JLPT Level: 1.75

FA(NS) (FHEYI(N3)Z B T TLBIDIFTEH DEEAN, RIE(NS)NFREXE
ZPOTNBDT, LFEESTRINARZE5\WFET L, SZRIMIBTR
FL(N4)TI K.

I am not growing any plants myself, but my friend does home
gardening, so I sometimes get advice from them. Mini tomatoes are

easy to grow.
N

User MHD: 1.79, Avg. JLPT Level: 1.5
NS EDRERZERFE U, I\SEED(N3)NETE(NS)BL(NI) T
e OREX(E FNS)ICIRB(NS) /=< SAKNT, BTULS Eib(N4)A
BBXET . HRAIZ(NS)FEAR(NS)IE(NS)HIMFE(NS) TIH ?
I planted roses and cosmos. The roses smell very nice. The cosmos
bloom a lot in autumn, and looking at them makes me feel calm. What
kind of flowers do you like?

+0.21(MHD)

Chat MHD: 2.00, Avg. JLPT Level: 1.18 l —0.31(JLPT)
NSEODRER, EBS5(N5)EETEH(NS)ELL(NAIE(NS) TI 1A, FA(NS)
FF21—YUvITHEFE(NS)TI . BH(NS)ICIRB(NS)EB(NS)E D EDDIE
(NS)PXWN T, [IFS(N)N BB <D FET,
Roses and cosmos are both very beautiful flowers. I like tulips. When
spring comes, colorful flowers bloom and it makes me feel cheerful.

Figure 3: Example outputs from Qwen3-14B with the Baseline and DPO methods. The Baseline example is labeled
ChatHarder, and the DPO example is labeled Same by both LLM-as-a-Judge and human evaluation.

both user and system utterances, and their differ-
ences are shown in Table 5. Baseline yields the
worst scores for both the average difficulty differ-
ence (mean) and the proportion of words exceed-
ing the target difficulty (over), whereas the pro-
posed methods achieve better scores. Moreover,
the Single-Block method achieves the best scores
for both mean and over. Compared with Base-
line, the Detailed, Single-Block, and DPO meth-
ods demonstrate improved performance. Baseline
shows the largest difficulty gap between user and
system utterances for both mean and over, whereas
the proposed methods reduce this gap. Among
them, Single-Block achieves the smallest differ-
ences, indicating the best lexical alignment with
the user utterances.

Syntactic Structure To evaluate syntactic com-
plexity, we compute the Mean Hierarchical Dis-
tance (MHD). MHD (Jing and Liu, 2015) mea-
sures the average dependency distance from the
main predicate. We adopt this metric as it has been
shown to be effective for measuring the complexity
of Japanese sentences (Komori et al., 2019). Sim-
ilar to the lexical analysis, we compute the MHD
of the user and system utterances and their differ-
ence, and summarize the results in Table 6. Com-
pared with Baseline, the Detailed, Single-Block,
and DPO methods yield smaller differences, indi-
cating improved syntactic alignment with the user
utterances. DPO achieves the smallest difference.

6.2 Case Study

From the outputs of Qwen3-14B, we extracted two
representative examples: one labeled ChatHarder

under the Baseline method and one labeled Same
under the DPO method, both agreed upon by hu-
man evaluation and LLLM-as-a-Judge. These ex-
amples are shown in Figure 3. Under the Baseline
method, the Chat utterance tends to be longer and
more complex than the User utterance. The differ-
ence in MHD scores is large (0.55). In contrast,
the absolute differences in MHD and JLPT vocab-
ulary difficulty between User and Chat utterances
are smaller under the DPO method, indicating im-
proved alignment compared with Baseline.

7 Conclusion

We proposed an evaluation task and difficulty con-
trol methods for a second language learning dia-
logue system that adapts to dynamically changing
learner utterance difficulty during dialogue. Exper-
iments in both Japanese and English show that the
proposed method outperforms a simple instruction-
based baseline on average. Among the prompt-
based approaches, Single-Block provides the most
stable performance, while DPO achieves the best
overall results when training is feasible. Human
evaluation shows a ranking trend similar to the au-
tomatic evaluation, providing support for the pro-
posed evaluation framework. These results indi-
cate the potential of dialogue systems that follow
changes in learner utterance difficulty depending
on the topic and provide appropriately leveled re-
sponses. Future work includes evaluation with real
learners, extension to more diverse dialogue set-
tings, and improvement of automatic difficulty eval-
uation methods.
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Limitations

Our study has several limitations. First, our evalua-
tion relies on a simulated user model in a self-chat
setting. While this framework enables low-cost
and scalable evaluation, it may not fully capture
the diversity and behaviors of real language learn-
ers. Therefore, future work should evaluate the
proposed method with real language learners.

Second, due to the high training cost of DPO,
we apply this method only to Qwen3-14B.

Third, we validate the evaluation task through hu-
man evaluation only in Japanese and do not directly
examine its relationship with human evaluation in
English. To avoid the influence of translation er-
rors in the Japanese prompts, we analyze the effect
of removing few-shot examples when introducing
automatic evaluation in English (Appendix B). The
English evaluation prompt is constructed by trans-
lating a Japanese prompt without few-shot exam-
ples, thereby minimizing cross-lingual effects.
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A Classifier for User Model Selection

We describe the training of a classifier used for user
model selection, which takes two sentences as input
and predicts which one is more difficult. For both
Japanese and English, the classifier was based on
ModernBERT (Warner et al., 2025). For Japanese,
we used MATCHA (Miyata et al., 2024). As pre-
processing, we removed English expressions in
parentheses and converted full-width alphabet char-
acters to half-width. The data were randomly split
into 14,000 training examples, 1,000 development
examples, and 1,000 test examples. For English,
we used the official Newsela-Auto split (Jiang et al.,
2020): 394,300 training, 43,317 development, and
44,067 test examples. The classifier was trained
for five epochs for both Japanese and English. The
test accuracy was 0.93 for Japanese and 0.96 for
English. We use HuggingFace Transformers (Wolf
et al., 2020) for training and inference.

B Effect of Removing Few-Shot Examples
from the Evaluation Prompt in
Japanese

When translating the Japanese evaluation prompt
into English, the intended meaning of the few-shot
examples may not be fully preserved. Therefore,
we translated the Japanese prompt without the few-
shot section into English and used it in the experi-
ments. In this section, we investigate the effect of
removing the few-shot section from the Japanese
evaluation prompt. The experiment was conducted
under the same settings as the human evaluation
(Section 5.1). Table 7 shows the results. Although
removing the few-shot examples leads to a decrease
in Cohen’s k, the impact is minor. In contrast,
Spearman’s p remains unchanged. Therefore, re-
moving the few-shot prompt results in only a slight
decrease in correlation, suggesting that translating
and using it in English does not pose a significant
problem.

C Experiment with Changes in Target
Utterance Difficulty

In the Japanese experiments (Section 5), we used
the N5-N3 difficulty pair. In this section, we con-
duct additional experiments using other difficulty
pairs, namely N4-N2 and N3-N1. The only differ-
ence from Section 5 is the difficulty specification in
the user model instruction dataset. We conducted
experiments with four methods using Qwen3-14B.
The results are shown in Table 8. DPO achieves
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Method  Model Human Evaluation LLM-as-a-Judge LLM-as-a-Judge (w/o few-shot)
Baseline GPT-5.1 0.35 0.13 0.05
Baseline Qwen3-14B 0.80 0.24 0.18
Detailed Qwen3-14B 0.68 0.31 0.28
S-Block Qwen3-14B 0.77 0.32 0.33
DPO Qwen3-14B 0.85 0.44 0.37
Spearman’s p - 0.70 0.70
Cohen’s K - 0.24 0.21

Table 7: Human evaluation results for 100 utterance pairs and the results of LLM-as-a-Judge with and without few-
shot examples. Spearman’s p and Cohen’s k are computed between the human evaluation and each LLM-as-a-Judge

setting.
Method N5-N31 N4-N21 N3-N17T
Baseline 0.205 0.200 0.220
Detailed 0.280 0.275 0.180
S-Block 0.320 0.210 0.170
DPO 0.420 0.340 0.230
avg 0.306 0.256 0.200

Table 8: Proportion of the Same label under different tar-
get difficulties of the user model. Experiments were con-
ducted with four methods of Qwen3-14B in Japanese.

the best performance across all difficulty pairs, in-
dicating that the model can generalize to adapt to
the partner’s difficulty even when the preference
dataset is constructed using the N5-N3 pair. The
Baseline also maintains its performance even when
the target difficulty increases. This may be because
LLMs are pretrained on native-level text, allowing
them to achieve reasonable performance even with-
out additional control. Furthermore, as the target
difficulty increases, the average score decreases,
suggesting that adapting to the partner’s utterance
difficulty becomes more difficult at higher target
difficulty levels.

D DPO Training Hyperparameters

Table 9 lists the hyperparameters used for training.

E Label Conflicts

To examine whether the high Same rate of DPO is
an artifact of label conflicts, we analyze how often
such conflicts occur. Label conflicts fall into two
types: cross-dimension conflicts and three-way ties.
A cross-dimension conflict occurs when, within a
single run or annotation, the lexical and syntactic-
complexity dimensions disagree—one labeled U

Hyperparameter Value
LoRA rank 8
LoRA alpha 32
LoRA dropout 0.05
Batch size 2
Epochs 3
Learning rate 5x107°
Beta 0.1
RPO alpha 1.0
Warmup ratio 0.03
Weight decay 0.01
Evaluation steps 500

Table 9: Hyperparameters used for DPO training.

and the other C—and the Same label is conse-
quently assigned. A three-way tie occurs when, in
majority voting across the three runs or three anno-
tators, the votes split among the U, S, and C labels,
and the Same label is assigned. Table 10 shows
that the conflict rate is higher for Japanese than
for English. Among all methods, DPO yields the
lowest three-way-tie rate for Qwen3 in Japanese.
Moreover, the conflict rate of DPO is at or below
the overall average in every column except the En-
glish merge column. These results indicate that the
effectiveness of DPO observed in our experiments
is unlikely to be an artifact of label conflicts. The
same trend holds for the human-evaluation con-
flict rates in Table 11: DPO exhibits the fewest
three-way ties, so the impact of label conflicts on
its observed effectiveness is negligible.

F User Model Prompts

For the user model instruction prompts, we used
the prompts shown in Figure 4 for Japanese and
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Japanese English

Method  Model Runl Run2 Run3 merge Runl Run2 Run3 merge
GPT-5.1 0.035 0.050 0.025 0.045 0.000 0.000 0.000 0.005
gpt-0ss 0.105 0.085 0.070 0.035 0.000 0.000 0.000 0.000
Baseline Qwen3 0.030 0.055 0.035 0.025 0.000 0.005 0.000 0.005
gemma3  0.075 0.070 0.070 0.040 0.000 0.000 0.000 0.000
Llama3.1 0.050 0.040 0.015 0.055 0.000 0.000 0.000 0.005

Swallow  0.035 0.035 0.050 0.055 - - - -
GPT-5.1 0.055 0.015 0.060 0.015 0.000 0.000 0.000 0.000
gpt-0ss 0.035 0.055 0.020 0.045 0.000 0.000 0.005 0.010
Detailed Qwen3 0.030 0.020 0.030 0.045 0.000 0.000 0.000 0.000
gemma3  0.025 0.050 0.005 0.035 0.000 0.000 0.000 0.000
Llama3.1 0.030 0.030 0.045 0.015 0.000 0.000 0.000 0.000

Swallow  0.050 0.045 0.055 0.035 - - - -
GPT-5.1 0.070 0.045 0.045 0.055 0.000 0.000 0.000 0.015
gpt-0ss 0.050 0.045 0.055 0.05 0.005 0.005 0.005 0.010
S-Block Qwen3 0.030 0.020 0.010 0.035 0.000 0.000 0.000 0.000
gemma3  0.010 0.025 0.010 0.015 0.000 0.000 0.000 0.005
Llama3.1 0.005 0.015 0.015 0.025 0.005 0.000 0.005 0.010

Swallow  0.025 0.015 0.025 0.010 - - - -
DPO Qwen3 0.030 0.040 0.030 0.010 0.000 0.000 0.000 0.005
Average 0.041 0.040 0.035 0.034 0.001 0.001 0.001 0.004

Table 10: Label conflict rates over 200 utterance pairs in the automatic evaluation. Run 1-3 report the proportion of
cross-dimension conflicts in each of the three runs, where the lexical and syntactic-complexity dimensions disagree
with one labeled U and the other C. merge reports the proportion of three-way ties at the majority-voting stage
across the three runs, where the votes split among the U, S, and C labels.

Figure 5 for English. However, at the fourth turn,
we appended the prompts shown in Figure 6 for
Japanese and Figure 7 for English to clearly switch
the topic. In addition, for the third and sixth turns
used for evaluation, the user model was instructed
to produce utterances consisting of three parts: a
backchannel, the user’s opinion or impression, and
a question to the dialogue system, to avoid exces-
sive variation in conditions across dialogue systems.
For the evaluation turns, we appended the prompts
shown in Figure 8 for Japanese and Figure 9 for
English to the end of the instruction prompts.

G

In this section, we present the prompts used in this
study. For the evaluation prompts, we used Fig-
ures 10 for Step 1 and Figures 11 and 12 for Step
2 in Japanese. In English, we used Figures 13 for
Step 1 and Figures 14 and 15 for Step 2. For the
Baseline method, we used the prompts shown in
Figure 16 for Japanese and Figure 17 for English.

Additional Prompts
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For the Detailed method, we used the prompts
shown in Figure 18 for Japanese and Figure 19 for
English. For the Single-Block method, we used the
prompts shown in Figure 20 for Japanese and Fig-
ure 21 for English. For generating the user model
instruction data, we used the prompts shown in
Figure 22 for Japanese and Figure 23 for English.



Cross dimension conflicts

Method Model Annot. 1 Annot. 2 Annot.3 Three-way ties
Baseline GPT-5.1 0.00 0.00 0.03 0.03
Baseline Qwen3-14B 0.00 0.01 0.01 0.08
Detailed Qwen3-14B 0.00 0.00 0.00 0.04
Single-Block Qwen3-14B 0.00 0.00 0.00 0.03
DPO Qwen3-14B 0.00 0.00 0.01 0.02

Table 11: Label conflict rates over 100 utterance pairs in the human evaluation. Annot. 1-3 report the proportion of
cross-dimension conflicts for each of the three annotators, where the lexical and syntactic-complexity dimensions
disagree with one labeled U and the other C. Three-way ties reports the proportion of three-way ties in the majority
vote across the three annotators, where the votes split among the U, S, and C labels.
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Figure 4: Main user instruction prompt in Japanese

Please act as an English learner at CEFR {target_level}, where English
is your second language.

From now on, you will have a conversation with a partner to practice
English.

Your persona is as follows.
{persona_bulleted}

Please follow the rules below.

1. Ignore the difficulty of the conversation so far, and speak using only
vocabulary and grammar appropriate for CEFR {target_level}.

Do not use expressions that are too difficult or above this level.
However, do not use very easy, childlike English. Use sentences like
those found in a textbook for {target_level}.

2. The theme of the conversation is “{current_theme}". Please talk
with reference to the following topics.

{topics_bulleted}

Note: Do not stick to the vocabulary or grammar of the topics. Always
use expressions appropriate for CEFR {target_level}.

3. Always speak in English.

4. Always continue the conversation. Do not end it just because many
turns have passed.

5. Do not use expressions that end the conversation, such as
“goodbye” or “see you”.

6. Output only the spoken content. Do not include explanations or
symbols (for example, “:", “3x", “---", “#", line breaks, etc.).

7. Assume a real conversation and always speak in short English. Use
one to three sentences per utterance.

8. Respond naturally with backchannels or questions according to the
flow of the conversation. However, you do not need to ask a question
every time. Respond appropriately to the situation.

Figure 5: Main user instruction prompt in English

ZIhB5E. RiET—<N [{previous_theme}] M5 [{current_
theme}] (CEDDFT,

WMIFUWT—TICDNWTEIFEELTSIEE0,
A—Y—DBERIOREC(F—XLEFERCHEDEPRETRIG LTS, I3<
(C T{current_theme}] MF—ICERIRL T TZE0N,

Fle. TITHBEDIRTOFEEE. NFETDILPT {previous_level} TIE
7&<. JLPT {target_level} (CHREHUWEEESCEZED TEELTLZE
LY,

Figure 6: User instruction prompt for topic transition
turns in Japanese

From this point on, the conversation theme will change from
“{previous_theme}" to “{current_theme}".

Please talk only about the new theme.

First, respond to the user’s immediately previous utterance with a
single short sentence of acknowledgment or reaction, and then quickly
shift to the theme of “{current_theme}".

Also, from this point onward, use vocabulary and grammar appropriate
for CEFR {target_level}, not CEFR {previous_level}.

Figure 7: User instruction prompt for topic transition
turns in English
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CDF—2TE HIEPLRE. BHDOBRWHRA. HFADBRD3IDOR
BTIRELTZEL,

Figure 8: User instruction prompt for evaluation turns
in Japanese

In this turn, please respond using three components: brief
acknowledgments or reactions, your own opinions or explanations, and
questions for the other person.

Figure 9: User instruction prompt for evaluation turns
in English

BAGEFBE(USER) EXEEETJL(CHAT) DRI EEN St LTz, CHATE
USERDFFED2X N 57323/ R T7 &AL T IZE 0N,

# 1 CHATODSREHRERR
CHATORGEDBER S [CDVWTIHIEL T IEE0N.
UTOEERICHT(EFEDMtruehfalseTEIEL T IZE,

## A. BAENMTBEARTSHD

- BSHVRSCEZ AN S B

- BFEPYATIZINE L BHRAERD IS0

- BIRRBA/RBEEEDFRS (C/2D TVT, X EUTRIZLTLVRLY
- XICAAREE LU TORBNEN S D

151

CHAT: (3L, BEIZKETARDIENTEH UL, FHIC. DZHADENE
THEARELT, BETLE.

— yes (BIEAHNTBER)

CHAT: BhERTE U CEIE I VIREFASE TINR. RBICHSATTE LU
NEZELDOEVWNTIR, EARBOTYANFETIN?
— no (HAGEE L CRIRERLY)

## B. USERDFGEEZHEEAL TN
- USERDNA & BMRDIRVGERAICEATI DB D> TS
- RIFEORNHDIRN D TLVRL

1 :

USER: BREINMFE T,

CHAT: SHOXKIEBEN TI N,

— yes (BEMFIREERE(CEDD TULD)

USER: Z5TYH.. RCTH2LKDFTDIDENNTIR. FAld. DI TITTE
EWTY, SR ATTHMFETIN ?

CHAT: BT LWW\TYR. FAld. ZHRICHTEXFT K. EARNDITTITHT
FWTIh?

- yes (DI TMFETINENDRNCEX T (ICEEZEDHTLD)

USER: 8IS — L% UET, BEIORKISHUET ., HREEEAR
GF—LMFETIMN?

CHAT: )XY — ASEEDKIR(CERBDTLNWT IR, ThldHEDT—LA
FURWTIH, BMOEERRDIOEIFETY,

— no (USERDY — ADEEN S BRACEMNOEEDZEB(CBITLTND)

## C. USERDFEXBICRELTWBRITTHS

- CHATOFEEN' . USERODABZEZWVEWEDFEHRDIRLU TSRS T,
UUVEIRDS X DR

-HB(C [~RATIRL [~TIR] BRERGITZRRIIT, TORICERYH
LU VBEERA R

i

USER: 25 T9M. o (EDERTRHEEBRDZON—FLNTT LR, T
B IRWIHELWT T, FFRELHNS. BLAEZRE,

CHAT: BRZENDDFAETY, FEZULRNSEZXDDENNTETY
.

— yes (USERDFEFEZ SV AX TIRDIEL TWLD)

USER: EHS —X>ZBARE U,
CHAT: ERS —X>ZBATZA TR, ECORETLREN?
— no (RIBICIX TERNSDD. KERLIFELSELTD)

## AHIX
USER: [{user_utt}]
CHAT: [{chat_utt}]

## HHTA—<w b(json)
S

"A": true or false,

"B": true or false,

"C": true or false,

"explain": "Z ZICEZEIRFEDIBHZHAETHAL T ZE0, "
3>

Figure 10: Step 1 evaluation prompt in Japanese

BAEFBE(USER) &M FEETIL(CHAT) DRI EEN SH LTz, CHATE
USERDFEZED2X N 572D/ T &2l L T IZE0N.

# MBEDT ) T—23>

USER&ECHATDOAR T DRDBEAFEDEH U Z DL ANILEZTHE L T ZE0N,
BREVE - BXOBRNS 2 XOEESH# UV BEULEBEVWZWVE
UnhvasHiiL T <2,

## FEROMUS

2 DX THENDN TV DERDEH LS ZEMECLER LTI R0,
- SARAICRIE I M iR EDOBERREHERT D

- BAREBFBECEOTELSOANHUVNZHICLER YT D

AEXIHY (CCHATHY USERDESSHAEL LD, FFRWELWEUHMEIZEL T
[ /=={AN

A. USERDAHBASIMNTEBRNE L LY

B. USERECHATDERDE L EHTZWLVEWLED

C. CHATOFA MBSO FERNE L LY

FI#)LNEBT. USERECHATOH#BEENBASMCAZTVMEE(CANCE
BIRLUTLIZELN,

HEoTZBBEBRL T IZE,

## Bl
BUFISRIBH ESANILICHED THHI L TS0,

USER: HDOMESTTNET, XX, TIREWVNWTIR, Fhld [ALEXT
TR [—HECHEEDFLELD] EEVFET, BMERCREDETLDS
[C. EDFET,

CHAT: ETEHBEENMVEETINR, [—HECERDELL D] [FARBTO
BONERBWVWET., FDRHNSEZREUTVDRAT,. BMICEET>EENOT
WEITR. BRFIC. EAREMNZEZDZENZNTIN,

SN)L: C

B L0V (FHRN, (28] (F 23] KOERNLRERSTORE
T . USEREDCHATDALE LU

USER: 2#&DIRTINR. Uo < DEIKDE, FEEN(CHSHIZWNG A TID
T, HIRI(FREHBFESRATINR, TODFE, BHVNTY K1,
CHAT: 2D IRIFED. BHFEHS U< TH> ZTLWWT IR, TODEHE
[F—FDEHN T T, BEENBANIEFET LN, FEAEIP. K<
B3940 NS> THDEIH.

SN)L: C

e [RHR0IR] v [T (FEEEICEHET DEEEFARDTERL T
HOERETLE TS E. CHATD [—FDEH]  [BIHID] (ELeizEF]
A UHRNIIRA TH DD TCHATOAHEE LU

USER: Z5T3R! #FR. FLET [l ASvF—H5—-EE>TLED
T, RORTIAZLELUZ. BLoE WWKDTUR. R, @0
SYF—AS—PMEFETIN?

CHAT: FAFBENFETY. BEBEVTWT, BAZYSYIRSESNDR
neB3N5TY.

SN)L: B

Bl [SyF—H35—] & [USYyIR] ® TLnwasl & EEE< A
ENTNRWZWE UH#BEIRDTCHAT EUSERBEEDHBE THD

USER: SF BREl, MHZ>TIR ! KRDOHR, BEHZERBSITONET L
Re RFHDHE. BERNICIERTO> DB UET, 2HIC. KERARL

D, FLEZREDUET K. Hafcd. BREARFCUSYIRULET

2

CHAT: 25 T91, Fhld. BFELTUSYIRLET, BROHFTHLL
ENETEREINFE T, E<ICAENH DT, BT ZENKLHBDF

ER

SAIL: A

BH: MBFHZREITLTCD] MKW TEERRIRTH D2, USERDA
NE#BENBN

## AHIX
USER: [{user_utt}]
CHAT: T{chat_utt}]

## HHTA—< W B(json)
St

"choice": AorBorC,
"explain": " Z (TR OEBHZHAETHRAL T ZEL. "
i

Figure 11: Step 2 lexical difficulty evaluation prompt
in Japanese
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BAGEFBE(USER) EFEETIL(CHAT) DRIDMEEN Sl Uiz, CHATE
USERDFFED2X N S/2 DR &AL TS,

# MBEDFY ) T—23>
USERECHATDAR T DD B AREDE L DLAILEZEHE L T<IZE0,
BREE - BYXOBENS 2 XOEESHELLD BULEBRVWZWLE
UnvEsHiiL T <2,

## 3TE - IBXOHULE

2 DOXTHEDN TWVDSCERE DR S Z I (CHR LT IZE0,
- BREZEE(CEODTESSOANB UL EBICIEE T D

- MR Z S DIEEMEIE PN DERICER T3

ABSHEY (CCHAT USERD ESSHEE L LN, FIZ@FRWeLWEUMEZEL T
<TEELN,

A. USERDADEMIR 1S

B. USER&ECHATO#MEE (FIZVWVELWAL

C. CHATDA O MR 1S

4L NEBT. USERECHATO#SZEZNBISMNIAZTVSE(CANCE
BIRLTLIZELN,

HoOEBBEBRL T IZE),

## B
HUFISRIBHESNILICHD THHIL TS0,

USER: ¥ TS—ELWWTIR ! ETEAYTY, BLI3FRMFEDEE, &L
RDFEIR. BOVERAHM(IENFETTIN?

CHAT: SR WIOFHKFETY,

SN A

B [SREI3IFEMEDEE] EVLWSEHERIEHNMEDNTHS D USERDHH
#BENEL)

USER: 25 T39M. LURREMDELEN. TELCHLEFEZDEDT
Fo AMILFEDFELEEN, ZRIFFHLIRATT, BRICTE. Bo>THEW
EBOTVET.

CHAT: BBERO=RZED, tEFO—FM>TRUTELAHTIR. YI7HD
[CFDN Yy NMTTRINEESROTNEIN.

S~N)L: B

B USERIC(E TS URREEMMDFE LN > TAILIEFEDELE
1 EVWDSEEORRNGDIN,. CHATOE [WYHDICTDIN] LS5
DORBRN G D ILHHBEZEFNEN

USER: 5T H. ETEAUITY., FRIE. CARFRNMFETIN?
CHAT: ENHE 391 THFETY. SEZRDTIVNSTY,

SNRIL: B

B USER(FS > FIVIstiEiEz= L TH D, CHATEE [BEZRD™IVNS
TY] EWSEADKR(EHDZIEDD, 1 XOBEELTEFICTILTHBE
DHHBEE (/N

USER: XIEDEWNT. EATERVEIEWVWZ LT, STEICRBENTITZSL
WATY, EEF. EXLIZ2A=5 -3 0EBREEZDLDR. D
WORB(CLIEWEBOTVWET.

CHAT: 7123(F&. mBRUVTTR. BULWLWSADEE. F#FUHEHSZWTT ! &
ATRENBWVE LIZATIN ?

SARIL: A

I¥i#: USER(G 1 XBT 3 DOEID#ES. 2 XET BXEd=a1="5—->3
SOBEBEUELEZ DL EODSRVMESHEERRF> TH D, CHATLDH
Ly

## AHIX
USER: [{user_utt}]
CHAT: T[{chat_utt}]

## HHTA—<w B(json)
RS

"choice": AorBorC,

"explain": " C(CEIRROBRZEBAARECHAL T ZEW, "
1

Figure 12: Step 2 syntactic difficulty evaluation prompt
in Japanese

Please evaluate pairs of utterances that consist of two sentences, one
from CHAT and one from USER, which are extracted from dialogues
between an English language learner (USER) and a conversational
model (CHAT).

# 1 CHAT Quality Check

Evaluate the naturalness of CHAT'’s utterance.

For each of the following criteria, answer true or false depending on
whether it applies.

## A. The English is unnatural

- There are clear grammatical errors.

- There are many misspellings or typos, making the meaning hard to
understand.

- It is a meaningless sequence of words and does not function as a
proper sentence.

- The sentence sounds unnatural or awkward as English.

## B. The USER’s utterance is ignored

- The topic suddenly shifts to something unrelated to the USER'’s
content.

- The flow of the conversation is disconnected.

## C. The USER's utterance is merely repeated

- CHAT's utterance mostly repeats the USER'’s content as is, without
adding new information or paraphrasing.

- It only adds phrases like “I see” or “That's right,” without following up
with a question or new information.

## Input Sentences
USER: “{user_utt}”
CHAT: “{chat_utt}"

## Output Format(json)

"A": true or false,
"B": true or false,
"C": true or false,
"explain": "Explain the reasons for each choice here in English."

3>

Figure 13: Step 1 evaluation prompt in English

Please evaluate pairs of utterances that consist of two sentences, one
from CHAT and one from USER, which are extracted from dialogues
between an English language learner (USER) and a conversational
model (CHAT).

# Difficulty Annotation

Evaluate the difference in English difficulty level between the USER and
CHAT utterances.

From the perspectives of vocabulary and grammar/syntax, assess
which of the two sentences is more difficult, or whether they are
roughly the same.

## Vocabulary Difficulty

Relatively compare the difficulty of the vocabulary used in the two
sentences.

- Ignore proper nouns such as titles of works or place names related to
the topic.

- Compare them based on which would be more difficult for an English
learner.

Answer whether the USER'’s or CHAT's vocabulary is relatively more
difficult, or whether they are roughly the same.

A. The USER’s vocabulary is clearly more difficult

B. The USER’s and CHAT's vocabulary difficulty is roughly the same
C. The CHAT's vocabulary is clearly more difficult

The default choice is B.

Select A or C only when the difference in difficulty between USER and
CHAT is clearly large.

If you are unsure, choose B.

## Input Sentences
USER: “{user_utt}"”
CHAT: “{chat_utt}”

#4# Output Format(json)
RS

"choice": AorBorC,
"explain": "Explain the reason for your choice here in English."

3

Figure 14: Step 2 lexical difficulty evaluation prompt
in English
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Please evaluate pairs of utterances that consist of two sentences, one
from CHAT and one from USER, which are extracted from dialogues
between an English language learner (USER) and a conversational
model (CHAT).

# Difficulty Annotation

Evaluate the difference in English difficulty level between the USER and
CHAT utterances.

From the perspectives of vocabulary and grammar/syntax, assess
which of the two sentences is more difficult, or whether they are
roughly the same.

## Grammar and Syntactic Difficulty

Relatively compare the complexity of the grammar and sentence
structures used in the two sentences.

- Compare them based on which would be more difficult for an English
learner.

- Pay particular attention to complex noun modification structures and
sentence connections.

Answer whether the CHAT’s or USER'’s sentence is relatively more
complex, or whether they are roughly the same.

A. The USER has a more complex sentence structure

B. The USER’s and CHAT's complexity is roughly the same

C. The CHAT has a more complex sentence structure

The default choice is B.

Select A or C only when the difference in difficulty between USER and
CHAT is clearly large.

If you are unsure, choose B.

## Input Sentences
USER: “{user_utt}"”
CHAT: “{chat_utt}”

## Output Format (json)
e
"choice": Aor BorC,
"explain": "Explain the reason for your choice here in English."

3

Figure 15: Step 2 syntactic difficulty evaluation prompt
in English

RDIL—IUCHES> TRFELTLEELY

1. I EAREBETELTIZE,

2. - —D R EY ISR TELTLLEEW. FILLGEBEZRELEZD.
=D LIRWTLIZE 0,

3. [E&XKB5] A TFZ2WEUL D] REDMBEZEERDSE DL DRFE
Z UV T L IZE0N,

4, HAFRERABOHE L, HAXWES (Bl : 1 X1 T---1 T#]
WITO— RIXE) (FEHRNTLZE,

5. REORFEEEEL. BHIRVBEARBTELTIIZSW, 1REHZOLN
53X TELTLZE,

6. HFDRFECH LT, REDORNICENETERCHEDBYERZLTL
ZEW, REUBHEMITIMNEF R, RRICHU TERREZ LT Z
=0,

Figure 16: Japanese prompt for the Baseline method

Please follow the rules below when engaging in conversation:

1. Always speak in English.

2. Stay on the user’s topic. Do not introduce or recommend new topics.
3. Do not use utterances that end the conversation, such as “goodbye”
or “see you again.”

4. Output only the spoken content. Do not include explanations,
symbols, or formatting such as colons, notes, separators, headings, or
line breaks.

5. Assume a real conversation and keep your English short. Each
utterance should be one to three sentences.

6. Respond naturally with appropriate backchannels or questions that
fit the flow of the conversation. You do not need to ask a question
every time; react appropriately to the situation.

Figure 17: English prompt for the Baseline method

SIRACFARBFBEDSBBF T . BFOBABENDICEDET. BAR
REEEHUTTIZZ0N,

[EARIL—IL]

ROIL—=)VCR D> TS IZEW :

1. MTEARBTELTZE,

2. I-H—DREY IR TELUTLEEW. FILUWGEBEERELRZD.
#eHIZD LIdWVTLIZE0,

3. T&XKB5] W TFERWELL S REDMWEEERNDS B DL DRFE
Z UIRWNT KIS0,

4. EBRORFEZREL. BIBOEARBTELTIZE, 1REHZDIN
53X TELTLREE0N,

5. FOREICH LT, REORNICEDETERICHDEPERZ LT
ZEW, ErEUBHERTIMNEFR<. RRICEU TERAREZ LT
AN

[BBEREDOHA RS1A>]

ROAA RSA2(CH> T, BFOBAREBEADICEDE TREOHSE =2
LTLIZE0:

1. BFOEVAZZOFEFFEMDIADLRL@ULBNTLIZE 0,

2. BFOBERIOFEEICSTIEU. TOEBELANLVICEDRLEREZED> THEL
TLEZEW, BFPBEERFETIKHIR I IHEEEZES> TLDIHBEE. BERD
LANLOEEEREATLIZEN. KDBERMRIAEEZED TLDIHEE
& DLEBEZ LIF B8z @R LTS,

3. BFDERIORE(CEE L. TOSTE - KHBELANILICEDEZRRZE
DTELUTLEE N, BFIMEEMBEIEIERN M T/RVVEBEISCEZES T
WBIEEE. EFROLANILOICEZERAL T EEN, KDEHLESCEPRN
NEED> TNDIHER>. TNICEDE TEMMEMMBEIERZE> T 2E
(AN

4. BFORFELLZVWVEVWRAURSTREL T IZE W,

Figure 18: Detailed prompt in Japanese

You are a conversation partner for an English learner. Adjust to the
other person’s English ability and keep the conversation natural.

[Basic rules]

Please follow these rules:

1. Always speak in English.

2. Stay on the user’s topic. Do not introduce or recommend new topics.
3. Do not use utterances that end the conversation, such as “goodbye”
or “see you again.”

4. Assume a real conversation and keep your English short. Each
utterance should be one to three sentences.

5. Respond naturally with appropriate backchannels or questions that
fit the flow of the conversation. You do not need to ask a question
every time; react appropriately to the situation.

[Difficulty adjustment guidelines]

Please adjust the conversation difficulty to the other person’s English
ability by following these guidelines:

1. Do not simply repeat the other person’s wording like a parrot.

2. Focus on the other person’s most recent utterance and choose
vocabulary that matches its level. If they use common everyday words,
use words at a similar level. If they use more advanced or abstract
words, slightly increase the vocabulary difficulty.

3. Focus on the grammar and sentence structure of the other person’s
most recent utterance and match that level. If they use simple
grammar without complex modifiers or connections, use similar
grammar. If they use more complex grammar or longer sentences,
adjust by using more complex structures and connections.

4. Make your utterance roughly the same length as the other person’s.

Figure 19: Detailed prompt in English
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HRIZIFAREFBEORFRF CI. BFOAREENCEDET. BAR
REZEHUTTIIZEN,

[ EERERE]
BIRTZ(FCHATTY . USEREMEEL TULET
USERDFEGE (CH T DIEZEMRL T ZE,
{history}

[BEARIL—)L]

RDIL—)UCHES TS

1. MIFEARBTELTIZE,

2. I-H—DREY IR TELTLIES W, FILWGEBERRELEZD.
ez LI T IZ&E L,

3. T&XR5] W [FeRWELL D] REDHEZENDSE DL SRRE
Z U T L IZE0N,

4. ERORKFEZREL. BIEONEARBTELTLIZEW, 1REHZODIN
B3XTELTLIEE,

5. HFOFFE(CH LT, RFEOTRNICEDE TERICHEDEPEMELTL
ZEW, RRUBEERMTIHEFRL, RRCHL CEtlaRiEE LT
(AN

[BBERARDOHA RS1>]

ROFA RSA (ST, BFOBARERENCEDE TCRFBOHSE =L
LTLIZEL:

1. FOEVWVAZTDEFEMDIATLARUGUIRNTIZE0N,

2. BFOBERIOREISEIE U, TOEELANVCEDEEREZED THEL
TLEZEW., BFHEHEKRETIKHRIRITIHEEZED TLDIHEEEF. FRD
LNLVDOEEEEA T ZEWN, KDBERMRNQEEEED> TLRIHS
& DUEBBEZ LIFIeEBR&2ERALTREN,

3. BFOBERIOREIEE L. TOXE - GBELNVICEDRIZRRZE
DTEL TS, HFIMEEMEIEEFRNIEH TRVEBEIRSCEZE> T
WBIBE(E. EHROLANILOSGEZFEAL T ZEWN, KDEHISCEPRN
XZED TLBDIHER>. ZNCEDE TEMIMEMMBEERZHE> T<12E
(AN

4. BFORFEELLZVWEVWAURS THREL T IZE 0,

[EATA—Y ]

BErjm{last_user}

BERIMUSEREE(CH T BIEEZ. ISONFEERTHA LTI ZE,
RDISONZVFEBT I U TLIZE W, SAPERE—IENINTLZE
LYo

H

"utterance": <EFOFRFENET>
I

Figure 20: Single-Block prompt in Japanese

You are a conversation partner for an English learner. Adjust to the
other person’s English ability and keep the conversation natural.

[Dialogue history]

You are CHAT. You are having a dialogue with USER.
Generate a response to USER’s utterance.

{history}

[Basic rules]

Please follow these rules:

1. Always speak in English.

2. Stay on the user’s topic. Do not introduce or recommend new topics.
3. Do not use utterances that end the conversation, such as “goodbye”
or “see you again.”

4. Assume a real conversation and keep your English short. Each
utterance should be one to three sentences.

5. Respond naturally with appropriate backchannels or questions that
fit the flow of the conversation. You do not need to ask a question
every time; react appropriately to the situation.

[Difficulty adjustment guidelines]

Please adjust the conversation difficulty to the other person’s English
ability by following these guidelines:

1. Do not simply repeat the other person’s wording like a parrot.

2. Focus on the other person’s most recent utterance and choose
vocabulary that matches its level. If they use common everyday words,
use words at a similar level. If they use more advanced or abstract
words, slightly increase the vocabulary difficulty.

3. Focus on the grammar and sentence structure of the other person’s
most recent utterance and match that level. If they use simple
grammar without complex modifiers or connections, use similar
grammar. If they use more complex grammar or longer sentences,
adjust by using more complex structures and connections.

4. Make your utterance roughly the same length as the other person’s.

[Output format]

Most recent {last_user}

Output a response to the most recent USER utterance in JSON format.
Be sure to output only the following JSON. Do not write any
explanations or reasoning.

K

"utterance": <the actual utterance content>

3>

Figure 21: Single-Block prompt in English
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HREF. 5X 5N persona (AR H5.
TDOANINEERZRFS T SRFT—< (first_half) &.

R (CHFEDEENIRETEDSIENREE UTEREBER<KRIITEIT—Y
(second_half) ZH#EL.

TNTNICEI DEMRNREERE (topics) ZEKT DAY KT,

HH(E Y ISON DHTRL T IZE0N,
# First_half / Second_half ®JL—)L

## first_half (ELKA'SHDED)

- persona DFFHEBRICDIIN DT —IZEN,

- topics (&, BADRER - TS - 1FH & BRINICREDIT 3,
- RN TR, ERICKRFETHER DEARNIREERICT D,

## second_half (EXHEED)

- persona EEEBEDH DT —XEIESN. BESEE U THKIITDEFRICT
Do

- topics (& [#)0E - IEBPIRNGE T MALAIL] (CIRET B,

- BPIFEE - O - R - FPINRIERDOFEEINTEL,

- persona OMHIEIFH & WD < BET DIEE D, KL - —ARIREEREICT
Do

# BH DR

BlELTUTDOLESRT - ENEYOEEBELTIREE0,
ZDRIE - BRI - RIADL AL ZBE(CEM O THEAL T IZE W,

{
"first_half": {{
"theme": "EERR",
"topics": [
"BENLVWAREIRD ESOBICDNT,
" NRAHE T TEEDVMBPAI TR 3 2 BIBICDNT,
"BECVEEICL IR TULEBRDSER®(ICDNT"
1

T
"second_half": {{
"theme": "BRIEEE",
"topics": [
"EROVABREIRE % 2 SNEH (CDULTY,
"EAREENEIS T BREDBYRECDONT,
"ith7e CORBEEDEVE(CDNT"
]
13
3y

# HRFIDIENTA—TY b~
a8
"first_half": {{
"theme": ",
"topics™: [, " "]

h
"second_half": {{
"theme™: ™
"topics”: [ ™ "]
1>
3

# A7 persona
{"¥n"join(personas)}

Figure 22: Prompt for generating user model instruction
data in Japanese

You are an assistant that, given a persona (character profile),
infers a theme the person is likely to be interested in (first_half),
and a theme they are likely not very interested in but that can still
naturally work as a conversation topic (second_half),

and then generates concrete conversation topics for each.

You must output ONLY valid JSON.
# Rules for First_half / Second_half

#4# first_half (Likely interests)

- Choose a theme that naturally connects to the characteristics of the
persona.

- Topics should be concretely linked to the person’s experiences,
personality, or preferences.

- Avoid abstract ideas; make them specific topics that can actually be
discussed in conversation.

#4# second_half (Less likely interests)

- Choose a theme that is somewhat distant from the persona, but still
acceptable for casual daily conversation.

- Topics must be limited to a “beginner / non-expert small-talk level.”
- All technical terms, analyses, industry knowledge, and specialized
theories or methods are strictly forbidden.

- Topics should be shallow, general, and only loosely related to the
persona’s personality or preferences.

# Ideal output example
Assume themes and topics like the following.

Closely imitate this level of granularity, concreteness, and style in your
output.

{
"first_half": {{
"theme": "Photography",
"topics": [

"The appeal of photographing sand dunes and wide-open
landscapes",
"The habit of choosing quiet places to avoid crowds when taking
photos",
"Natural scenery that they often photographed while living in my
hometown"
]
h
"second_half": {{
"theme": "Movie theaters",
"topics": [
"Reasons for choosing quiet movie theaters",
"The visual beauty of movies featuring vast landscapes",
"Memories of local movie theaters in my hometown"

]
)3
I}
# Expected output format
«

"first_half": {{
"theme": "
"topics": [ " "]

Th

"second_half": {{
"theme": "
"topics": [ " "]

)3

I}

# Input persona
{"¥¥n"join(personas)}

Figure 23: Prompt for generating user model instruction
data in English
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