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Abstract

We analyse the cross-lingual transferability of
a dialogue evaluation framework that assesses
the relationships between micro-level linguistic
features (e.g. backchannels) and macro-level
interactivity labels (e.g. topic management),
originally designed for English-as-a-second-
language dialogues. To this end, we develop
CNIMA (Chinese Non-Native Interactivity
Measurement and Automation), a Chinese-as-
a-second-language labelled dataset with 10K
dialogues. We found the evaluation frame-
work to be robust across distinct languages: En-
glish and Chinese, revealing language-specific
and language-universal relationships between
micro-level and macro-level features. Next,
we propose an automated, interpretable ap-
proach with low data requirement that scores
the overall quality of a second-language dia-
logue based on the framework. Our approach is
interpretable in that it reveals the key linguistic
and interactivity features that contributed to the
overall quality score. As our approach does not
require labelled data, it can also be adapted to
other languages for second-language dialogue
evaluation.

1 Introduction

In the context of second language (SL) assessment,
speaking has always been considered an essential
ability (Smith et al., 2022; Allwood, 2008; Huang
et al., 2020), but prior studies have predominantly
focused on written correction (Paiva et al., 2022)
or pronunciation from ASR (McGhee et al., 2024).
Given the lack of researches that capture the unique
linguistic features of SL speakers in dialogues (es-
pecially in open-domain interactive conversations),
this leaves conversational interaction assessment
under-explored and ultimately contributes to a lim-
ited understanding of conversational fluency and
interactivity for SL speakers from different lan-
guages.

An exception is Gao et al. (2025), who propose
a two-level framework for assessing the interactiv-
ity ability of English-as-a-second-language (ESL)
speakers in open-domain conversations. The frame-
work introduces micro-level word/utterance fea-
tures (e.g. backchannels) and macro-level interac-
tivity labels (e.g. topic management) and they find
that the micro-level features are highly predictive of
the macro-level labels. However, they conduct the
study only in the context of ESL, raising questions
about the transferability of the evaluation frame-
work to other languages besides English. Further-
more, they do not introduce an automated approach
for this evaluation, as the analysis relies on human
annotations.

Our work aims to address these shortcomings
by: (1) testing the cross-lingual transferability of
the evaluation framework by validating it on an
annotated Chinese-as-a-second-language (CSL) di-
alogue dataset; and (2) introducing an automated,
interpretable approach with low data requirement
that scores the overall quality of a second-language
dialogue. Our automated approach is interpretable
as it highlights the key features that lead to the
overall score, and it has a low data requirement
because it does not require labelled data. As it can
be adapted to other languages easily, our method
paves the way for a new tool for assessing SL con-
versations.! To summarise our contributions:

* We release CNIMA (Chinese Non-Native
Interactivity Measurement and Automation),
an annotated CSL dialogue dataset with 10K
dialogues, based on the evaluation framework
of Gao et al. (2025) originally designed for
ESL dialogues.

* We evaluate the cross-lingual transferability of
the evaluation framework and find it to be ro-

!The dataset and related codes can be accessed at https:
//github.com/RenaGao/CSL2024
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bust across different languages. We further re-
veal language-specific and language-universal
relationships between micro-level and macro-
level features, highlighting the subtle differ-
ences between CSL and ESL dialogues.

* We introduce an automated, interpretable ap-
proach that predicts the micro- and macro-
level features and the overall quality scores of
second-language dialogues. Our best method
demonstrates strong performance, creating a
new tool for second language assessment. Im-
portantly, the method can be adapted to other
languages as it does not require labelled data.

2 Related work

2.1 Assessment of SL Spoken Conversation

Mainstream second language assessments in cur-
rent industrial practice have mainly focused on
grammatical accuracy, pronunciation standardiza-
tion and vocabulary richness; for example, in
TOEFL iBT, PTE Academic and Cambridge IELTS
test (Xu, 2018; Paiva et al., 2022; Xu et al., 2021).
However, few speaking assessments emphasised
the importance of interaction in dialogues for sec-
ond language speakers and learners (Khabbazbashi
et al.,, 2021) and aspects such as how speakers
manage the topics in communication (Shaxobid-
din, 2024), how speakers perform social roles from
speaking interactions (Chen et al., 2023), and how
speakers start and end a talk in an acceptable man-
ner (Yap and Sahoo, 2024). There are, however,
some exceptions. For example, Dai (2022) develop
a test rubric for Chinese Second Language speak-
ers. More recently, Gao and Wang (2024) introduce
an interactivity scoring framework inspired by the
IELTS speaking assessment. However, these stud-
ies only provide a theoretical framework for evalua-
tion and lack an automated pipeline for large-scale
assessments, human rating is still a major scoring
approach in mainstream industrial practice.

2.2 Automated Scoring System in SL

Automated scoring systems can improve the effi-
ciency of processing and scoring dialogues com-
pared to manual assessment methods, allowing for
real-time feedback (Evanini et al., 2017) and ex-
plainable suggestions. Some major second lan-
guage assessment organisations have employed
automated speaking scoring, including PTE Pear-
son (Jones and Liu, 2023), Duolingo English Test
(Burstein et al., 2021), and TOEFL (Gong, 2023),

but these automated systems failed to capture the
interactive nature of SL conversations. That is,
they struggle to offer detailed analyses and insights
on the common errors and language usage patterns
and where SL speakers struggle the most. This
motivates a more explainable framework for SL
assessment that can provide better feedback and
suggestions from the automated scoring.

The main challenge is to design an effective au-
tomated evaluation tool. Capturing the nuances
of spoken language, such as interaction, attitudes,
and cooperation in conversation, is challenging to
achieve (Gao and Wang, 2024). Automated scor-
ing systems must handle diverse patterns across
varied languages, which can vary widely among
different non-native SL speakers across distinct
languages, like Asian languages and European lan-
guages with distinct differences. Assessing inter-
active features like turn-taking, interruptions, and
response appropriateness further complicates the
process. Ultimately, the dynamic nature of conver-
sations makes it challenging for automated systems
to accurately evaluate interactive speaking, neces-
sitating sophisticated algorithms and continuous
refinement (Engwall et al., 2022; Cumbal, 2024).

3 Evaluation Framework

We extend the evaluation framework of Gao et al.
(2025) for assessing second-language dialogues,
which considers micro-level features and macro-
level interactivity labels. One addition we have
made is to introduce an overall dialogue quality
score. Figure 1 shows an example of CSL dia-
logue annotation with the evaluation framework.
The framework has 17 micro-level features, and
it can be further broken into token-level (such as
‘Reference Word’: she and ‘Backchannel’: hmm)
and utterance-level features (such as ‘Formulaic
response’: How'’s going). The micro-level features
are annotated as spans (i.e. annotators mark text
spans corresponding to a feature). For macro-level
interactivity labels, there are four: Topic Manage-
ment, Tone Choice Appropriateness, Conversation
Opening and Conversation Closing, and they are
annotated as (dialogue) labels. Briefly, Topic Man-
agement refers to the speaker’s ability to control
and navigate the flow of topics; Tone Choice the
suitability of the tone; and Conversation Opening/-
Closing the naturalness in the initial exchange and
conclusion of the discussion. A more elaborate defi-
nition can be found in Appendix Table 13. For each
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Micro-level Features
Reference Word

Speaker 1: REf, REF, 2
How are you, _'.7
Speaker 2: M8, PREIENS, FA—AMRKM R E.

Well, you know, I am in a big trouble.

Speaker 1: ?

Speaker 2:
Macro-level Features

Topic Management:

oW N

Tone Choice:

Speaker 2: {Eﬁﬁﬂ‘j_q
But 1 am [
Speaker 1: HRHR. 5FH.Lo, FRATEARY .

Oops, don’t worry, you can make it.

Conversation Opening:

Conversation Closing:

Dialogue Label
Overall Dialogue Quality Score: 2

Figure 1: An example of a CSL dialogue annotated with
the micro-level features, macro-level interactivity labels
and overall dialogue quality score.

macro-level interactivity label, the score ranges
from 1 to 5 (categorical), and higher scores indicate
a more natural and active interactivity quality. Note
that for tone choice appropriateness, higher scores
denote a casual tone, and lower scores indicate a
formal tone.> In addition to micro- and macro-
level features, we introduce an overall score for
each dialogue to measure second language speak-
ers’ interaction abilities in open-domain conversa-
tion. Like the macro-level labels, it is scored from
1 to 5 (categorical). The overall score is designed
to capture the holistic quality of a conversation,
integrating elements like contextualisation, respon-
siveness, and communicative purposes across the
whole conversation, and a high score reflects the
speaker’s ability to engage in fluid and meaningful
interactions. The full description of each score is
detailed in Appendix Table 12.

4 CNIMA Development

4.1 CSL Dialogue Collection

We first extend the CSL dialogue dataset devel-
oped by Wu and Roever (2021), which has approx-
imately 8,000 dialogues. We followed a similar
process, where we recruited 20 learners of Chi-
nese Mandarin at four different proficiency levels.?
Each participant was assigned to a dyadic group
with a partner of a similar proficiency level. Each
pair of participants did one elicited conversation
task, in which they discussed an assigned topic,

The rationale of assigning higher scores to casual tone
is that in our experiments, the conversations are designed to
be informal discussions, and appropriate use of casual tone
signifies a more natural communicative interaction.

3Proficiency level can be categorized into beginner, lower,
intermediate, and high (Wu and Roever, 2021).

Statistic Count
#dialogues 10,908
#turns (average) 6
#turns (max) 13
#tokens /w token-level features 170,852
#tokens /w utterance-level features 94,516
Table 1: CNIMA Statistics.
Measure Micro-level Macro-level Overall
Features Labels Score
o 0.66 0.67 0.61
r 0.65 0.68 0.62

Table 2: Inter-annotator agreement for micro-level,
macro-level features and overall scores.

and two role-play activities (three tasks in total;
dialogue collection instructions can be found in
Appendix A.4).* After collecting the conversa-
tions, we recruited in-house workers to segment
the conversations based on the discussion topics.’
Including the original 8,000 dialogues from Wu
and Roever (2021), our extended CSL dataset has
10,908 dialogues in total as shown in Table 1.

4.2 Data Annotation

Given the dialogues, we annotate them for micro-
level features, macro-level interactivity labels and
overall quality scores based on the evaluation
framework introduced in Section 3. To this end,
we recruited twelve postgraduate students who are
native Chinese speakers. We (first author) first
trained the annotators and the annotator training
manual can be found in Appendix A.3. During
the training, annotators will see one dialogue as an
example to understand the requirements and learn
how to use the annotation platform (Appendix A.1).
After training, each annotator was assigned 950 dia-
logues, and each dialogue was annotated by two an-
notators.> The annotation was conducted over two
months, where in the first few weeks we (first au-
thor) checked for initial agreement, discussed feed-
back, and fixed any annotation errors (e.g. missing
values in the annotation results) before proceeding

*All participants have signed consent approved by an ethics
board to agree to audio recording.

SThe workers are undergraduate linguistics major students,
and they are native Chinese speakers.

®The assignment is created in a way such that we have the
same pair of annotators for every batch of 40 dialogues.
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with the full annotation. The annotation process
was guided by an annotation guide (Appendix A.3),
which provided definitions and examples for each
micro-level feature, macro-level interactivity label
and the overall dialogue quality score. For the
overall score, in addition to providing the score,
the annotators are also asked to write down their
reasons for justifying their label.

As explained in Section 3, the micro-level fea-
tures are annotated as spans, and the macro-level
labels and overall quality scores as document (dia-
logue) labels. To aggregate the span annotations by
the two annotators for the micro-level features, for
each dialogue and each micro-level feature, we iter-
ate through each turn and select the shorter (longer)
span between the two annotators if it is a token-
level (utterance-level) feature.” For the macro-level
interactivity labels, in dialogues where we have dis-
agreement between the two annotators, we use the
majority label from their larger unsegmented con-
versation as the ground truth label.® For the overall
dialogue quality scores, for each dialogue with dis-
agreement, we (two authors of this paper) manually
assess the justification provided by the annotators
to determine the ground truth.’

To measure the annotation quality, for the micro-
level features, we calculate agreement between the
annotators at the token level for each micro-level
feature, i.e., we compute agreement statistics based
on the presence or absence of the feature as marked
by the annotators for each word token.!’ We calcu-
late Pearson correlation coefficient r (Cohen et al.,
2009) and Krippendorff’s o (Krippendorft, 2018)

"We do this because token-level features (e.g., ‘Reference
word’ (She, her, he) or ‘Tense Choice’ (is doing, done, did)
tends to be very short and limited to 1 or 2 words and so the
shorter spans are likely to be more accurate (Greer, 2023).
The same reasoning applies to utterance-level spans.

8Recall that these dialogues are segmented from a larger,
longer conversation. The majority label is the most frequent
label when we pool together all the labels from the segmented,
smaller dialogues that belong to the same original conversa-
tion. Our rationale for deferring to this majority label is that
these are cases where it is difficult to determine the correct
dialogue level label using the smaller segmented dialogue
(this happens more with topic management than other inter-
activity labels), and so we look at all the labels across all
the segmented dialogues collection that belong to the same
conversation.

°Note that when resolving the disagreement, we only con-
sider the justification without looking at their macro-level
interactivity labels. This is so we create an unbiased ground
truth for the overall score that is independent of the macro-
level labels.

'%In other words, the unit of analysis here is a word token,
and the output is a binary value for each annotator indicating
whether it has been marked for the feature.

4 N
Input: Raw Dialogue

Speaker 1: RPN, d5if fnifi ?
Hello, how are you?
Speaker 2: #ELF (¥, Wz T IH{R?

Nice, did you have lunch?

Step 1: Macro-level Features Prediction ]

Reference word: [“PRIFI"; “iz T 1 {R")
Routinized resources: [“{/RUFI, -'-’ "1,

<qeri. IR

Feedback in next turn: [“#E4F (¥, Mz T IE{R?”]

Step 2: Macro-level Features Prediction ]

Topic Management: 2
Tone Choice: 4
Conversation Opening: 3
Conversation Closing: 2

Output: Overall Dialogue Quality Score

\_ Overall Dialogue Quality Score: 3

J

Figure 2: Pipeline for automated scoring of the CSL
dialogue on three steps

and summarise the results in Table 2. The agree-
ment is above 0.6 over all the features/labels, indi-
cating a good consensus between annotators.

5 Automated Pipeline

We now propose automating the prediction of the
micro-level features (step 1), macro-level interac-
tivity labels (step 2), and overall score (step 3);
see Figure 2 for an illustration. We experiment
with classical machine learning models (Logistic
Regression (LR), Random Forest (RF), and Naive
Bayes (NB)), fine-tuned Chinese BERT (Clui et al.,
2021), and GPT-40 (OpenAl, 2024) with prompts
to automate these steps. Note that these predictions
are done in sequence, where the output from the
previous step is used as input for the next step (e.g.
when predicting the macro-level labels, we use the
predicted micro-level features as input). We parti-
tion CNIMA into train, development and test sets
(ratio = 7:1:2) for these experiments.

Step 1 This step predicts the spans of the 17
micro-level features given an input dialogue, and
we experiment with BERT and GPT-40 here. For
BERT, we fine-tune 17 span classifiers (one for
each feature) to classify the presence or absence
of a feature for each word in the dialogue. For
GPT-40, we do one-shot prompting (i.e. 1 dialogue
with the expected output as a demonstration) with
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Models Topic Tone Opening Closing
LR 0.829 0.859  0.821 0.810
RF 0.831 0.816  0.858 0.852
NB 0.846 0.783 0.811 0.846

Table 3: F1 performance of predicting the macro-level
features using human-annotated micro-level features.

instructions to generate spans for the token-level
and utterance-level features separately.'!

Step 2 This step predicts the macro-level interac-
tivity labels for topic management, tone choice ap-
propriateness, and conversation opening and clos-
ing. Here, we experiment with classical models
(LR, RF and NB), BERT and GPT-40. For each of
them, we train four (one for each interactivity label)
5-class classifiers (each label has 5 classes). For
the classical models, we follow Gao et al. (2025)
and convert the micro-level feature spans into nor-
malised counts and use them as input features to
train LR/RF/NB to predict the interactivity labels.
For BERT and GPT-40, the input is the dialogue
concatenated with the micro-level feature spans.
BERT is fine-tuned as a document classifier, and
GPT-4o0 is one-shot prompted with instructions.

Step 3 This step predicts the overall dialogue
quality score. As this is a document classification
task like step 2, we follow the same process for
building LR, RF, NB, BERT and GPT-40. Note
that the classical models (LR, RF, NB) use only
the normalised macro-level interactivity score as
input features (in other words, they have only 4
input features), while BERT and GPT-40 uses a
concatenation of the dialogue, micro-level feature
spans, and macro-level interactivity scores as input.

For more details on configurations and prompts,
see Appendix A.5 for BERT and A.6 for GPT-40.

6 Experiments

We first replicate the ESL experiments of Gao et al.
(2025) for CSL and compare their results in Sec-
tion 6.1. We then assess the performance of our
proposed automated approach for SL assessment
in Section 6.2.

"In other words, we have 2 prompts for each dialogue.

6.1 Transferability of the Evaluation
Framework from ESL to CSL

For the human-annotated micro-level features, Gao
et al. (2025) convert them into normalised counts
and use them as input features to train an LR, NB
and RF classifiers to predict macro-level interac-
tivity labels. They found: (1) strong prediction
performance; (2) high-impact micro-level features
that are common across all interactivity labels (by
interpreting feature importance given by the trained
classifiers); and (3) high-impact micro-level fea-
tures that are specifically predictive for an inter-
activity label. In the following, we replicate the
experiments using our annotated CSL data (CN-
IMA), to see whether the results transfer across
languages; details can be found in Appendix A.10.

For (1), we present the F1 performance of pre-
dicting macro-level interactivity labels for CNIMA
in Table 3. We see a strong performance, where
F1 is over 0.8 in most models over the 4 interac-
tivity labels. These results echo the ESL results
in Gao et al. (2025),'? providing evidence that the
evaluation framework is robust across languages.

For (2), we present the results in Table 4. We
found that micro-level features such as ‘Feedback
in Next Turn’ and ‘Reference Word’ are high-
impact features for both ESL and CSL — this
underlines their fundamental role in impacting di-
alogue interactive dynamics, and it is language-
universal. Interestingly, however, we also found
some differences. For example, ‘Noun & Verb Col-
location’ and ‘Routinized Resources’ are strong
features only for CSL, and this might be because, in
Chinese, these fixed terms of expressions are often
used to show social closeness in open-domain con-
versations (Roever and Dai, 2021). ‘Code Switch-
ing’ and ‘Tense Choice’, on the other hand, are two
strong features only for ESL. This is intuitive, as
Chinese has no tenses while English tenses corre-
late with the social expression in communications
(Lam, 2018). For the full comparison results, see
Appendix Table 14.

For (3), Table 5 and 6 present the CSL and ESL
results, respectively. We found that for topic man-
agement, ‘Negotiation of Meaning’ and ‘Question-
Based Responses’ are high-impact micro-level fea-
tures for both ESL and CSL, demonstrating that
these are language-universal features important to

2Gao et al. (2025) found marginally higher performance
for conversation opening/closing (F1 scores are over 0.9) and
lower performance for topic management and tone choice
appropriateness (F1 scores are a little below 0.8).
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Language LR RF NB
Code Switching Code Switching Feedback in Next Turn*
Reference Word* Feedback in Next Turn* Formulaic Responses
ESL Feedback in Next Turn* Question-based responses Reference Word*

Formulaic Responses
Tense Choice

Non-factive Verb
Reference Word*

Negotiation of Meaning
Tense Choice

Feedback in the Next Turn
Noun & Verb Collocation
Tense Choice
Reference Word*
Subordinate Clauses*

CSL

Subordinate Clauses*
Routinized Resources
Reference Word*
Code-Switching
Feedback in Next Turn

Negotiation of Meaning
Noun & Verb Collocation
Routinized Resources
Subordinate Clauses*
Reference Word*

Table 4: High impact common micro-level features over the three classifiers for predicting macro-level features with
overlapping features in two/three classifiers by Bold/asterisk. ESL results are reproduced from Gao et al. (2025).

drive the flow of topics in conversation. For tone
appropriateness, we generally see less common-
ality (exceptions: ‘Feedback in Next Turn’, and
‘Routinized Resources’ which appear in both lan-
guages), suggesting that languages tend to use dif-
ferent features for managing tones (Zilio et al.,
2017). For conversation opening, we see some
similarities (e.g. ‘Question-Based Responses’) and
also divergences (e.g. ‘Subordinate Clauses’ and
‘Adj./Adv. Expressing’ for ESL and ‘Epistemic
Copulas’ and ‘Epistemic Modals’ for CSL). One
explanation is that English tends to use adjec-
tives and adverbs to extend a topic (e.g. Totally, I
think...), while Chinese prefers modals and copulas
“ROZME, BCFUR” (translation: possibly yeah) to
control topic change (Alduais et al., 2022). For
conversation closing, we see a more similar trend,
where ‘Collaborative Finishes’ and ‘Backchannels’
are strong features across both ESL and CSL. De-
spite some language-specific variations, the strate-
gies of ending a conversation are largely similar in
human communication (Lam, 2021).

6.2 Evaluation of Automated Pipeline

We now evaluate our automated 3-step approach
to predicting the overall dialogue quality score as
results in Table 7. Our pipeline predicts micro- and
macro-level features and dialogue overall quality
scores. In terms of model names, each component
denotes the model used in a particular step, e.g.
“BERT+LR+LR” means we use BERT for step 1
and LR for steps 2 and 3. Also, “GPT4” refers to
GPT-40. For brevity, we only include LR results for
the classical models as they all have similar perfor-
mances. In addition to our 3-step approach, we also
include 2 baselines that predict the overall dialogue
quality score directly based on the input dialogue:
(1) fine-tuned BERT (“BERT (One-step)”); and (2)

one-shot GPT-40 with instructions (“GPT4 (One-
step)”). We also include a variation where the first
step uses human-annotated micro-level features
(e.g. “Human+LR+LR”) to understand how much
performance degrades when substituting them with
predicted features.

Interestingly, the baselines (“BERT (One-step)”
and “GPT4 (One-step)”) perform quite poorly,
achieving F1 scores of 0.379 and 0.585, respec-
tively. This indicates using the raw dialogue di-
rectly for predicting the overall quality is difficult
(most studies in NLP, however, follow this setup for
dialogue evaluation (Finch et al., 2023; Zhao et al.,
2022; Yang et al., 2024)). For the variation where
we use human-annotated micro-level features (‘“Hu-
man+LR+LR”, “Human+BERT+BERT”, and “Hu-
man+GPT4+GPT4”), we see that BERT is gener-
ally the best model and LR the worst, which is no
surprise, given that BERT is pre-trained. GPT4,
however, is not far from BERT, even though it is
not fine-tuned. Overall, the performance is encour-
aging, and we see that the best models achieve over
0.80 F1.

When we look at the fully automated pipeline
(bottom 4 rows in Table 7), “BERT+BERT+BERT”
and “GPT4+GPT4+GPT4” perform very strongly
(0.807 and 0.791), demonstrating that we have a
fully automated system that can reliably assess the
quality score of a dialogue. We also notice an
interesting trend: When we use either BERT or
GPT4 for predicting the micro-level features, LR
(i.e. “BERT+LR+LR” and “GPT4+LR+LR”) per-
forms very poorly for predicting the overall score,
even though the span prediction performance of
BERT and GPT4 for the micro-level features is
not poor (we will revisit this in Section 6.3). This
suggests that the classical machine learning models
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Topic Tone

Opening Closing

Logistic Regression

Negotiation of Meaning
Epistemic Copulas
Collaborative Finishes
Question-Based Responses
Backchannels*

Feedback in Next Turn
Collaborative finishes
Routinized Resources

Formulaic Responses

Question-Based Responses

Epistemic Copulas
Formulaic Responses
Question-Based Responses*
Epistemic Modals
Collaborative finishes

Backchannels
Collaborative Finishes*
Epistemic Copulas
Subordinate Clauses
Formulaic Responses

Naive Bayes

Non-factive Verb Phrase
Collaborative Finishes
Code-switching
Backchannels*
Epistemic Copulas

Epistemic copulas
Collaborative finishes

Backchannels

Impersonal subject + non-factive verb

Question-Based Responses

Code-switching
Feedback in Next Turn
Epistemic Modals
Epistemic Copulas
Question-Based Responses*

Code-switching
Epistemic Modals
Epistemic Copulas
Collaborative Finishes*
Question-Based Responses

Random Forest

Noun & verb collocation Tense choice

Negotiation of Meaning Backchannels
Backchannels* Negotiation of Meaning
Question-Based Responses Feedback in Next Turn

Collaborative Finishes Routinized Resources

Feedback in Next Turn
Noun & Verb Collocation
Collaborative Finishes
Question-Based Responses*
Formulaic Responses

Backchannels
Subordinate Clauses
Formulaic Responses

Collaborative Finishes*
Question-based Responses

Table 5: CSL: High impact interactivity-specific micro-level features. For each interactivity label, bold/asterisk

indicates overlapping features in two/three classifiers.

Topic Tone

Opening Closing

Logistic Regression

Negotiation of Meaning*
Subordinate Clauses*
Noun& Verb Collocation
Question-Based Responses
Subordinate clauses*

Routinized Resources*
Adj./Adv. Expressing
Feedback in Next Turn*
Formulaic Responses*
Reference Word

Epistemic Modals
Formulaic Responses
Question-Based Responses*
Subordinate Clauses*
Adj./Adv. Expressing*

Backchannels*
Adj./Adv. Expressing
Formulaic Responses
Collaborative Finishes*
Epistemic Copulas

Naive Bayes

Non-factive Verb Phrase
Question-Based Responses
Adj./Adv. Expressing
Negotiation of Meaning*
Subordinate clauses*

Routinized Resources™*
Feedback in Next Turn*
Epistemic Copulas

Subordinate Clauses*

Question-Based Responses

Adj./Adv. Expressing*
Routinized Resources
Subordinate Clauses*
Epistemic Copulas
Question-Based Responses*

Adj./Adv. Expressing
Epistemic Modals
Backchannels*
Collaborative Finishes*
Question-Based Responses

Random Forest

Negotiation of Meaning*
Formulaic Responses
Subordinate Clauses*
Epistemic Copulas
Question-Based Responses

Epistemic Copulas
Backchannels
Feedback in Next Turn*
Negotiation of Meaning
Routinized Resources*

Feedback in Next Turn
Subordinate Clauses*
Adj./Adv. Expressing*
Question-Based Responses*
Formulaic Responses

Feedback in Next Turn
Subordinate clauses
Collaborative Finishes*
Formulaic Responses
Backchannels*

Table 6: ESL: High impact interactivity-specific micro-level features (reproduced from Gao et al. (2024)). For each
interactivity label, bold/asterisk indicates overlapping features in two/three classifiers.

are less tolerant of noise.!3

Taking all these results together, we show that
when it comes to assessing SL dialogue quality, it
is important to take a pipeline approach to predict
important intermediate features (i.e. micro- and
macro-level) before predicting the overall quality
score. This design also has another advantage: it is

*Note that LR does not use the dialogue as input, so any
noise in the intermediate features (micro-level or macro-level)
will have a bigger impact.

more interpretable as given an overall score, we can
also look at the intermediate results to understand
what and where went wrong, providing more mean-
ingful feedback that can benefit both teachers and
second language students. Lastly, the strong per-
formance of GPT4 also has another important im-
plication: we can adapt our SL assessment system
to another language without requiring large-scale
manually-annotated data.
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Models F1

BERT (One-step) 0.379
GPT4 (One-step) 0.585
Human+LR+LR 0.772
Human+BERT+BERT  0.860
Human+GPT4+GPT4  0.842
BERT+LR+LR 0.329
BERT+BERT+BERT 0.807
GPT4+LR+LR 0.667
GPT4+GPT4+GPT4 0.791

Table 7: F1 performance of the dialogue overall score
for the CSL dialogue in three steps in different models

Models Topic Tone Opening Closing
LR 0.643 0357 0.081 0.079
RF 0.463  0.235 0.066 0.090
NB 0.560  0.290 0.106 0.117

Table 8: Feature Importance of the four interactivity
labels across three machine learning models

6.3 Additional Analyses

To understand how macro-level interactivity labels
contribute to the overall quality score, we present
their feature importance as learned by classical ma-
chine learning models in the “Human+LR+LR”,
“Human+RF+RF” and “Human+NB+NB” models
in Table 8. Topic management appears to be the
most important predictor, followed by tone appro-
priateness. Conversation opening and closing, on
the other hand, has relatively small weights. These
observations are supported by Roever and lkeda
(2023), who similarly found that topic flow and
tone are dominant in deciding interaction quality.

Next, we assess how well BERT and GPT4 per-
form for the first (micro-level feature span predic-
tion) and the second-step predictions (macro-level
label classification); full results in AppendixA.5 Ta-
ble14 and 15 for BERT and GPT4 respectively. To
summarise, for most of the 17 micro-level features
(step 1), both BERT and GPT4 perform very well
(average F1 for BERT and GPT4 is 0.89 and 0.81,
respectively). That said, BERT and GPT4 struggle
on two features related to non-factive verbs, and
this can be attributed to the rarity of these features
in the Chinese (Roever and Ikeda, 2023). Overall,
these results show that the proposed micro-features
transfer very well from English to Chinese.

For the second step, we look at the performance
of “BERT+BERT” and “GPT4+GPT4” for predict-
ing the macro-level labels (Appendix Table 16).

Across all labels, both BERT and GPT4 perform
well, averaging about 0.83 F1 for BERT and 0.78
F1 for GPT4, respectively. Together, these encour-
aging intermediate evaluation results explain why
our pipeline approach can consistently score the
overall dialogue quality.

7 Conclusion

We introduce CNIMA, a large-scale annotated
dataset for Chinese-as-a-Second-Language (CSL)
dialogues based on the evaluation framework in-
troduced by Gao et al. (2025). This allows us to
test the cross-lingual transferability of the frame-
work, as it is originally designed for English. Our
experiments demonstrate that the framework works
well for CSL dialogues, suggesting that it is robust
across languages and that it is a viable framework
for evaluating any second-language conversations.
Our analyses also reveal language-specific and
language-universal relationships between micro-
level linguistic features (such as backchannels) and
macro-level interactivity features (such as topic
management). Next, we propose an automated, in-
terpretable approach that predicts the micro- and
macro-level features and the overall quality of
second-language dialogues. To this end, we explore
a range of models, from classical machine learning
models to LLMs. Our approach is interpretable
because it does not only predict the overall dia-
logue quality score, but also reveals the key micro-
level and macro-level features that contribute to
the score. Our LLM-based approach performs very
well, and as it does not require any labelled data
for training, it can be adapted to other languages
easily. Ultimately, our method paves the way for
an interpretable and practical system for automatic
second-language dialogue assessment.

8 Limitations

The original speech data is transcribed manually
into text. Technically we can use speech-to-text
software to automate this, but since we are working
with second language conversations, this can result
in much noise in the translated text. The scope of
the current paper is limited to CSL, but it would be
equally interesting to see how the evaluation frame-
work would work for other SL dialogues, which
calls on a joint contribution of the community ef-
fort on more SL language dialogue datasets, like
Japanese second language datasets, Spanish second
language datasets and etc.
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Ethics Statement

This study is conducted under the guidance of the
ACL Code of Ethics. We manually filtered out
potentially offensive content and removed all infor-
mation related to the identification of annotators.
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A Appendix

A.1 Software Availability

To contribute to the research community and facilitate further development and collaboration, we have
made the source codes of our innovative annotation tool publicly available. The tool, designed with a
focus on enhancing the efficiency and accuracy of data annotation processes, has been developed through
meticulous research and development efforts. It incorporates a range of features tailored to meet the needs
of researchers and practitioners working in fields that require precise and reliable annotation of datasets.

Accessing the Source Code

The source codes are hosted on GitHub, a platform widely recognized for its robust version control
and collaborative features. Interested parties can access the repository at the following link: https:
//anonymous. 4open.science/r/AnnotationTool2023-CFE1/README .md. This repository is intended
for research usage, underlining our commitment to supporting academic and scientific endeavours.

Key Features and Capabilities

Our annotation tool stands out for its user-friendly interface, which simplifies the annotation process and
allows users to work more efficiently. Among its key features are:

* Customizable Annotation Labels: Users can add their own set of labels to cater to the specific
requirements of their projects.

* Collaborative Annotation Support: Facilitating teamwork, the tool allows multiple annotators to
work on the same dataset simultaneously, ensuring consistency and reducing the time required for
project completion.

* Annotation History Tracking: All the annotation history, such as changes made, can be tracked, and
any further modifications can be done at any time for the user’s convenience. Export Functionality:
Annotated data can be exported in several formats, accommodating further analysis or use in machine
learning models.

A.2 Pages View For Span Annotation Website Interface

Annotation Tool

Please upload dialogue file.

Choose file | No file chosen

Show content

Enter custom label name

Add Label Show Labels Clear all annotation Cancel annotation

Figure 3: Annotation tool Demo
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https://anonymous.4open.science/r/AnnotationTool2023-CFE1/README.md
https://anonymous.4open.science/r/AnnotationTool2023-CFE1/README.md

Token level labels:

Utterance level labels:

| 1o I

feedback in the next tum

Dialogue level labels:

overall tone choice: quite formal and some expressions are not that formal ~ overall tone choice: relatively not formal, most expressions are quite informal ~ overall tone choice: quite informal, but some expressions are still formal  overall tone choice: very informal

sounded greeting and showed a basic understanding of the social role  general greeting but not understanding the social role well  basicgreeting o opening, start the discussion immediately

nice greeting and showing a good understanding of the opening

detailed summarization and smooth transition to the closing

Figure 4: Hierarchical Label Assignment Demo
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A.3 Manual

Annotation Munnal for the CNIMA Dataset
1. Introduction to the annotation task

The research aims to investigate the interactive ability of second-language
speakers of Chinese through automated dialogue evaluation. This study has

been approved by Human Ethics.

In your annotation, two types of dialogue tasks would be included in this study
conducted by a pair-wise discussion by second-language speakers of
Chinese participants. The first task is an elicited conversation task, in this
part, two speakers will share some experience or what they want to deliver
based on the instructions (e.g., share some ideas on how you think of
education in your life). In the second task, two speakers need to role-play

through a joint discussion.

The dialogue of the two tasks was both transcribed into text, and you are
ready to annotate based on the text. Please notify the researcher if you find
any misaligned information in the transcriptions compared with the original

recordings during your annotation.

2. Hierarchy sequence of the label

Label name Label level | Label tag example
reference word Token [RA] {RE 8 2 oy 2
level
labels BB TR 2ET T
g
noun & verb [NVC] AEFE A/ M 2
collocation in proper
form . Bhid
M 44
code-switching for [CS] Fon 15, well, XA E0E
communicative
purposes well : 22 3L
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negotiation of [NM]

meaning (appropriate SPK_1: 7RI, 75

tense to show

meaning) SM(ZW%MEﬁﬁ
TR R — R
SPK_1: BB
1RE 2 &AM
SPK_2: E’]EﬁzEE’]-PE

tense choice to [TT] SPK_1:—P[7, ml, AR

indicate interactive BA1UE & 52 27

aims (politeness in W BE?

talking/ social

distance/ context

variance)

routinized resources [RR] g, fRAR

(projector

construction)

subordinate clauses [RC] REBHELF
BREERRGEXMER
AEEQC AR
BFT, 2 EMRT.

backchannels Utterance [BC] 21, ShHEEA

level labels

question-based [QR] SPK 1:

responses
T AT B AR A
FIRES R T ?
SPK_2:
PREESRA B HIRE ST, TR
PRIE & B 0.

formulaic responses [FR]

(BEER®A ) BRFEELE K
FRT. & T@%QD

collaborative finishes [CF] SPK 1
T - E A
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epistemic copulas

epistemic modals

adjectives/ adverbs
expressing possibility

non-factive verb
phrase structure

impersonal subject +
non-factive verb + NP

feedback in the next
turn

[H1]

[H2]

HIBESFETM

FEAETXHES

[H3]

HAG T AT e XA A
LR

[H4]

fRET LLAIR 24T
i B RER £

[H9]

AN AT HEM IR B

Impersonal Subject (7]
#E): This subject is
impersonal because it
does not refer to a
specific individual but
rather expresses a
possibility.

Non-Factive Verb (1A
#): This verb is
non-factive because it
introduces a belief or
opinion rather than a
fact.

Noun Phrase (i &3R
l): This is the noun
phrase that completes
the sentence, stating
what is believed or
thought.

[FB]

-fRE&BE A0 el 2
SRR R
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topic extension with
clear new context
(change to utterance
level, but more
information context
depends )

topic extension under
the previous direction

topic extension with
the same content

repeat and no topic
extension

no topic extension
and stop the topic at
this point

conversation opening

conversation closing

[T1] BERBEMRETAR, R
Dialogue XAEHH, 3 NRE
level labels X REMR —ARAOI, fR

MEEHLERE?

[T2] HEAR, ERAMEX

i
[T3] R AR R, B DE1FE
R

[T4] XFRARHED ?

[T5] RA&?

[CO1] COl: nice greeting and

[CO2] show a good

[CO3] understanding of

[CO4] conversation opening in

[CO%] social interactions.

CO2: sounded greeting
and show a basic
understanding of the
social role.

CO3: general greeting
and didn’t demonstrate a
good understanding of the
social role.

CO4: basic greeting.
COS5: no opening just
start the discussion
immediately.

[CC1] CCl: detailed

[CC2] summarization and

[CC3] smooth transition to the

[CC4] closing of the

[CCYH] conversation.
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CC2: transit to the closing
naturally, but without any
summarization of the
discussion.

CC3: demonstrate a
translation to the end of
the conversation.

CC4: transit to the end of

the discussion.

CCS5: no closing, just stop
the conversation.

overall tone choice: [OT1] RBEFESELE £X,
very formal

overall tone choice: [0T2] EMWRE LT, Fxiran
quite formal and some far 2

expressions are not

that formal

overall tone choice: [OT3] WARNE, EREK
relatively not formal, BF T,

most expressions are
quite informal

overall tone choice: [OT4] BEZEBEFAALT, 5
quite informal, but kX EWETo

some expressions are

still formal

overall tone choice: [OT5] HEX EREAENLT
very informal B®F, fma—1

3. Label detailed definitions

Label Category Aspect Definition

Reference word Word choice | A reference word, also known
as a referential word or referent,
is a linguistic term used to
describe a word or expression
in a sentence that refers to or
stands in place of something
else in the text. Reference

1995



Noun & verb collocation
in proper form

Code-switching for
communicative purposes

words are used to avoid
repetition and to link different
parts of a text together by
indicating what a subsequent
word or phrase relates to.
Reference words can take
various forms, including
pronouns, demonstratives, and
other words that replace or
point to nouns or noun phrases.

Collocations are words or
phrases that habitually occur
together, forming a strong and
natural linguistic association. In
the case of noun-verb
collocations, a particular noun is
often paired with a particular
verb due to convention,
tradition, or linguistic patterns.
These collocations contribute to
the fluency, idiomaticity, and
naturalness of language.

Examples of noun-verb
collocations:

Make a decision: "l need to
make a decision."

Take a shower: "l usually take a
shower in the morning."

Catch a cold: "l hope | don't
catch a cold."

Give a speech: "She gave an
inspiring speech."

Code-switching for
communicative purposes refers
to the deliberate or
subconscious alternation
between two or more languages
or dialects within a single
conversation or utterance by
bilingual or multilingual
speakers. This linguistic
phenomenon is employed to
fulfill specific communicative
needs or functions, such as
clarifying a point, expressing
identity, signaling solidarity or
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distinction, accommodating to
the listener's language
preference, or conveying
concepts and emotions more
effectively in one language over
another. Code-switching is not
merely a random mixing of
languages but a sophisticated
communicative strategy that
reflects the speaker's linguistic
competence and cultural
awareness, often used to
navigate and negotiate the
social and contextual dynamics
of interaction.

Negotiation of meaning
(appropriate tense to
show meaning)

Tense choice to indicate
interactive aims
(politeness / social
distance/ context)

Contextual
tense usage

Negotiation of meaning refers to
the interactive process through
which speakers of different
linguistic backgrounds or
competencies collaboratively
work to understand each other's
intentions, messages, and
linguistic expressions when
communication breakdowns
occur. This involves the use of
clarification requests,
confirmation checks,
comprehension checks, and
paraphrasing, among other
communicative strategies, to
ensure mutual understanding is
achieved. The negotiation of
meaning is a fundamental
aspect of second language
acquisition and communicative
language teaching, highlighting
the dynamic nature of language
use and the active role learners
play in constructing meaning
through interaction.

Tense choice to indicate
interactive aims involves the
strategic use of verb tenses by
speakers to fulfill specific
communicative goals or
intentions within an interaction.
This linguistic strategy
encompasses the selection of
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present, past, future, or perfect
tenses to convey nuances of
time, mood, or aspect, directly
influencing the interpretation
and direction of the dialogue.
Through careful tense selection,
speakers can clarify the timing
of events, express certainty or
speculation about future
occurrences, reflect on past
experiences, or emphasize the
continuity or completion of
actions, all of which serve to
enhance the clarity,
persuasiveness, or relational
dynamics of the
communication. Tense choice,
therefore, is not merely a
grammatical decision but a
deliberate tool employed by
adept language users to
navigate conversations and
achieve specific interactive
aims.

routinized resources
(projector construction)

subordinate clauses

Interactional
grammatical
device

Routinized resources refer to
patterns, practices, or tools that
have become standardized and
regularly employed within
specific contexts or activities.
These resources are often
developed through repeated
use over time, leading to a level
of automation or routine in their
application. In organizational or
social settings, routinized
resources help in streamlining
processes, reducing the need
for decision-making about
routine tasks, and ensuring
consistency in actions and
outcomes. They can include
documented procedures,
established workflows, habitual
practices, or even common
language and scripts used in
interpersonal interactions.

Subordinate clauses, also
known as dependent clauses,
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are groups of words that
contain a subject and a verb but
do not express a complete
thought and therefore cannot
stand alone as a sentence.
They function within a sentence
by providing additional
information to the main clause,
to which they are connected by
subordinating conjunctions
(such as "because," "although,"
"when," "if") or relative
pronouns (such as "who,"
"which," "that"). Subordinate
clauses serve various roles in
sentences, including acting as
adjectives, adverbs, or nouns
and are essential for adding
complexity, detail, and nuance
to communication. Their use
enables speakers and writers to
articulate relationships of cause
and effect, contrast, condition,
time, and more, enriching the
expressiveness and depth of
language.
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A.4 Speaking Task Collection Instruction

Task One: Elicited Conversation
Elicited Conversation Task (ECVA)

Instruction: FXFEHH, AGE 2— 11580 IFHEUE TGS 1R EFF T it

In this section, you will be given a topic. Based on the topic, I would like you to talk together with your
partner.

WA HAl, AIRZNEXIAIRIT, WA AR HNILF RRAT. e

Nowadays, some people like traveling independently, while others like travels with a group of persons.
Please discuss:

e S A AT RIS A —HN R EIRIT? At At

Do you like traveling individually or traveling with a group of persons? Why?

(MBI : LTI i 1 2%, TEITe IR CURHEH LN ] SHIR RS RGP I 119X R
PR . GEFNTIED I G 3 7080, Fes a2 R LR NTHT i 9 )

(Note: Some ideas are provided below. You can use these ideas in your discussions if you want. If you have some new ideas,
you can use your own ideas in the discussion. You do not need to cover all the ideas provided below. Please discuss at least 3

minutes. I will stop you if necessary.)

H O EIRAT g b

The advantages of travel independently

FTULH 2R H OSSR

iSR! PRI =S KA Can choose the tourist attractions
Freedom of time Try local food and which suit personal interests

experience local culture

AL NIEFRAT HO 4 Ak

The advantages of traveling with

a group of persons

/

2 P FENRAT TR 4558
e RN % )
Saving money Saving more energy Making friends
448
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Task Two: Role Play
Role Play Task One (VARP1)

Role A
P WL F 5%, BRI EH OG5 IR G R, (5 1EH

Note: Please read the following situation carefully and imagine yourself in the following scenario. If
you have any questions, please feel firee to ask.

PRIZA AR T ESCHER, X TTERFEZRARAE A S0 — RS0, HEMRX A Crh s
PEHARMARALE . IREEFITA P SOKPARR S ARRRII AR LE R — R A H

WUAE,  ARAR L AR AR s 18] SR A/ A 35 IR ISR S, AR TEAfi?
You are enrolled in the Chinese culture course for this semester. One assessment task of this course is
to write an essay in Chinese. However, you are not confident in your Chinese writing. Your friend’s

Chinese proficiency is very high. You and your friend live in the same apartment.

Now, you decide to go to your friend’s room. How would you ask your friend to help you revise your
essay?
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Role B

HEa:

BT P L7528, 15 i BAR ] S LG 57 o 15 i ZELAR % 809 77 20 5] R BTN 1
EIRHY I ELE IR BT G A BRI TR 15K s HIRIF A LE T, 5 1E i -

Note:
Please read the following scenario and imagine yourself in the following situation. It is your
responsibility to respond to the task in a natural and flexible way. Before your interlocutor is on the

record, please do not accept/ refuse your friends request. If you have any questions, please feel free to
ask.

R THFEGRE R, ARSI EuE B 7. Bk, RIERT, JEHRA
A8 PR R i AR SR T o AR PR ) 2 A DS R R 1) o SOKP AR H 4

XIS, AR R AE — RO 8 ) I ACRAR R 551
You need to finish writing several papers this week, as the deadline for submitting the papers is next
week. Therefore, you are very busy and do not have enough sleep hours. Your classmates know your

Chinese proficiency is quite good.

Now, your friend, who lives in the same apartment, rings your doorbell.
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Role Play Task Two (VARP2)
Role A

e
IFRBTEE L F g, BRI E LI 7 . YR FITIE,  i512H]

Note: Please read the following situation carefully and imagine yourself in the following scenario. If
you have any questions, please feel fiee to ask.

PRABEAE W 4R 4 2 PGB %30 (HSKD o 4 HSK A it L4 ] v [ RAT R A2 I _ESAS
FR M R, AREA T EREAT R R URIFE A RRAT R RSO R4 9 . IR AL
AR ANRAEALE R — B A H

BAE, RAEE RG], RS RRAT R, R EAfi?

You want to register for HSK examination online. You need to make an online payment by using a
Chinese credit card. However, you do not have a Chinese credit card. You want to borrow a credit card

from your friend who lives in the same apartment.

Now, you decide to go to your friend’s room. How would ask your friend in real life to borrow the credit
card?
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Role B
FEon:

BT P L7528, 15 i BAR ] S LG 57 o 15 i ZELAR % 809 77 20 5] R BTN 1
EIRHY I ELE IR BT G A BRI TR 15K s HIRIF A LE T, 5 1E i -

Note:
Please read the following scenario and imagine yourself in the following situation. It is your
responsibility to respond to the task in a natural and flexible way. Before your interlocutor is on the

record, please do not accept/ refuse your friends request. If you have any questions, please feel free to

ask.

PRA —5kAE R, ARAT DU X 5Kk AE I -RAE AT AR ABIEAR IS R AE N, AR
AT R NAREAT RER A% 4.

X, AR R AR — MR 8 B AOR AR 55 1]

You have a credit card, so you can finish the online payment by using this card. You do not want to lend
others your credit card, as you think telling the passwords to other persons is unsafe.

Now, your friend, who lives in the same apartment, rings your doorbell.
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A.5 BERT Configuration

We give detailed experimental settings in the following table. All the experiments can run via a single
NVIDIA GeForce RTX 4070 GPU within a reasonable time.

Table 9: Experimental Details

Parameters Configurations

Max Length 128

Tokenizer Bert Pretrained Tokenizer
Encoder BERT-base-uncase
Activation Function GELU

Batch Size 32

Learning Rate Se-5

Loss Function CrossEntropyLoss
Optimizer Adam

Epoch 15

A.6 Prompts for GPT-40

The following Table 10 shows the prompts for annotating micro-level features with GPT-4o.

A.7 Prompts for GPT-40 Dialogue Overall Evaluation
The following Table 11 shows the prompts for dialogue overall quality score with GPT-4o.

A.8 Opverall Score Description and Definitions

The following Table 12 shows the descriptions and definitions for dialogue’s overall quality score.

A.9 Four Interactivity Aspects Definitions and Descriptions

Table 13 shows the descriptions and definitions for dialogue’s overall quality score.

A.10 Top-k feature computation method

This is reproduced from (Gao et al., 2024). Given that a trained LR, NB and RF classifier all provide
weights to indicate the importance of each feature, for each classifier, we first compute common micro-level
features f. across the four interactivity labels:

fo =topb (toplO(ftopic) N top10( fione)
N tOplo(fopening) N toplo(fclosing))

where topk is a function that returns the best k items given by their weights, fiopic denote the set of
micro-level features with their weights for predicting the topic management interactivity label.

For micro-level features that are specific to each of the marco-level interactivity aspects. To that end,
for each classifier we compute interactivity-specific features, e.g., for topic management, as follows:

tOplo(ftopic) - fc (1)

B Experimental Result
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Span

Description and Example

Reference Word A linguistic term used to avoid repetition and link different parts.
Example: [/R]1Z]HEE £ (Where are [you] going?)
Noun & Verb Collocation | Words or phrases that habitually occur together, forming a strong and

natural linguistic association.
Example: GE[FFH— 121782 (Can you [do me a favor]?)

Code-switching

The alternation between languages within a single conversation.
Example: 515, [well], iXMEXT [ (I think, well, this is right.)

Negotiation of Meaning

Interactive process where speakers clarify and confirm understanding.
Example: SPK1: ARVRZ A MIG? SPK2: [HIHA], Fo— m s
(SPK1: So you didn’t do it? SPK2: [Indeed], I haven’t learned at all.)

Tense Choice to Show In-
teractive Aims

Using verb tenses to fulfil specific communicative goals.
Example: F[IEDLAEE, B WFIALERZE TIE (I can’t [right now]

because I still have a lot of work.)

Routinized Resources

Prefabricated linguistic elements are used to manage dialogue interac-
tions efficiently.
Example: [/REAIR] ([As you said])

Subordinate Clauses

Clauses that provide additional information to the main clause.
Example: 172E274f, [{EE] FTEF NTHEH 577 (You are good
at math, [but] because I need to work hard myself.)

Backchannels

Brief responses from a listener, such as "uh-huh".
Example: [F W - ] ([Yep, yep, yep.])

Question Responses

Replies in a dialogue that directly or answer a preceding question.
Example: [F1472 H2£ME] (SPK2: [I shall teach myself.])

Formulaic Responses

Conventional phrases in dialogue to respond in familiar situations.
Example: [ZZ~ T Z/D]([Roughly the same])

Collaborative Finishes

Instances in a dialogue where one speaker completes another speaker’s
sentence or thought.

Example: SPK1:[ZFW)F WLIB SPK2:[F5 1 T ]

(SPK1: [Alright, See you.] SPK2:[Goodbye.])

Epistemic Copulas

Phrases that express a speaker’s degree of certainty about a statement,
often using verbs like "is" or "seems".
Example: [— ™ A £42 W 5H 5. 2] (1 felt wired to go there

alone])

Epistemic Modals

Modal verbs or phrases that express a speaker’s judgment about the
possibility, such as "might," "must,".

Example: [{/RN1% H C22 2 X 2 AR H] ([You should learn
these Chinese by yourself.])

Adjectives & adverbs of
possibility

Adjectives or adverbs to show possibility, like "Possibly".
Example: [T 15 [E 2 2 ] (1 maybe go back to hometown.])

Non-factive Verb Phrase

Expressions that use verbs to convey statements without asserting them
as true; verbs "think," "believe," or "seem."
Example: [T B GEER _EIE] (1 can barely follow the progress.])

Impersonal Subject

An impersonal subject (such as "it" or "there") is followed by a non-
factive verb and a noun phrase, often express opinions.
Example: [iX~NEF50E] ([It’s hard to tell.])

Feedback in Next Turn

Using next turn to respond other speaker.
Example: [F A N17EE ] ([You words make sense.])

Table 10: LLM Annotation Prompts for CSL Dialogue Span annotation for Mirco-level features
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Field Description

Conversation A dialogue of second language Chinese conversation.
Output Fields score: The score of the interactivity of the Chinese second lan-
guage dialogue (1 to 5).
rationale: The reason why and how the score is made.
Evaluation Criteria 5: Smooth and fluent daily communication, easy and pleasant.
4: Somewhat less fluent communication, but the communication
purpose is achieved.
3: Slightly awkward communication, such as not being able to im-
mediately understand the other person’s question with hesitation.
2: Overall communication is not fluent and awkward, but some
parts can be mutually understood.
1: Unable to accurately achieve the communication purpose, awk-
ward conversation, failed to talk throughout the conversation.

Table 11: LLM Dialogue Overall Dialogue Quality Evaluation Prompts

Scores Descriptions
Smooth and fluent daily communication,

> easy and pleasant through the whole chat
4 Somewhat less fluent communication,
but the communication purpose is achieved
3 Slightly awkward communication in some places,
such as not being able to understand the other person’s question
) Overall communication is not fluent and mostly awkward,
but some parts can be mutually understood
1 Unable to accurately achieve the communication purpose,
awkward conversation, and failed to talk throughout the conversation.
Table 12: Score description for overall dialogue quality
Interactivity

Definiti
Macro-level Features elinition

the strategies and techniques used

to control and navigate the flow of topics

the suitability of the tone used in communication,

Tone Choice Appropriateness ensuring it aligns with the context, audience,

and purpose to convey the intended message

the initial interaction or exchange that begins a dialogue,
often setting the tone and context for the dialogue

the process of ending a dialogue or interaction,
Conversation Closing which involves signaling the conclusion of the discussion,
summarizing key points, and often expressing a farewell

Topic Management

Conversation Opening

Table 13: Definitions of macro-level interactivity features, with higher score emphasising on natural, authentic
interaction and active engagement in the dialogue

2007



Response Type Accuracy Precision Recall F1 Score

Epistemic Copulas 0.997 0.929 0.843 0.884
Formulaic Responses 0.976 0.875 0.781 0.825
Question-based Responses 0.986 0.834 0.591 0.892
Non-factive Verb Phrase Structure 0.999 0.000 0.000 0.000
Impersonal Subject + Non-factive Verb + NP 0.997 0.909 0.243 0.384
Reference Word 0.990 0.985 0.989 0.987
Routinized Resources 0.983 0.783 0.706 0.742
Noun & Verb Collocation in Proper Form 0.985 0.970 0.958 0.964
Collaborative Finishes 0.995 0.802 0.631 0.706
Tense Choice to Indicate Interactive Aims 0.994 0.957 0.930 0.943
Negotiation of Meaning 0.991 0.849 0.713 0.775
Code-switching for Communicative Purposes 0.999 0.976 0.954 0.965
Feedback in the Next Turn 0.972 0.842 0.833 0.838
Epistemic Modals 0.997 0.909 0.945 0.926
Backchannels 0.982 0.824 0.731 0.875
Subordinate Clauses 0.990 0.960 0.937 0.948
Adv & Adj Expressing 0.964 0.863 0.831 0.847

Table 14: Predicted performance of micro-level features on fine-tune BERT

Response Type Accuracy Precision Recall F1 Score
Epistemic Copulas 0.995 0.700 0.736 0.717
Formulaic Responses 0.951 0.559 0.579 0.669
Question-based Responses 0.972 0.500 0.426 0.460
Non-factive Verb Phrase Structure 0.999 0.000 0.000 0.000
Impersonal Subject + Non-factive Verb + NP 0.998 0.000 0.000 0.000
Reference Word 0.987 0.982 0.983 0.982
Routinized Resources 0.971 0.564 0.448 0.500
Noun & Verb Collocation in Proper Form 0.972 0.953 0.900 0.826
Collaborative Finishes 0.988 0.565 0.406 0.472
Tense Choice to Indicate Interactive Aims 0.990 0.915 0.826 0.768
Negotiation of Meaning 0.971 0.560 0.462 0.506
Code-switching for Communicative Purposes 0.999 1.000 0.941 0.869
Feedback in the Next Turn 0.951 0.679 0.741 0.708
Epistemic Modals 0.995 0.973 0.770 0.860
Backchannels 0.975 0.697 0.588 0.638
Subordinate Clauses 0.964 0.863 0.831 0.847
Adv & Adj Expressing 0.901 0.731 0.706 0.847

Table 15: F1 performance of micro-level span annotation by GPT-40

Models Topic Tone Opening Closing
BERT (raw dialogue) 0.414 0.401 0.414 0.379
GPT-4 (raw dialogue) 0.553 0.533 0.585 0.557
BERT+BERT (on annotated data) 0.987 0.990 0.993 0.978
BERT+BERT (based on BERT predicted micro-level features) 0.836  0.855 0.836 0.830
GPT-4+GPT-4 (on annotated data) 0.761 0.749 0.812 0.809

Table 16: F1 performance of Marco-level four interactivity aspects’ score prediction across different model versions
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