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ABSTRACT

Classroom discourse profoundly shapes student learning, yet
analyzing teacher talk at scale remains challenging in non-
Western and low-resource language contexts. This paper
introduces CantoTalk, a dataset of 7,518 Cantonese teacher
utterances from Hong Kong mathematics classrooms anno-
tated with ten talk-move categories. We investigate whether
LLMs can reliably classify these moves and encode system-
atic differences in teacher expertise. Fine-tuning five open-
weight LLMs yields strong performance, with the best model
(Qwen3-8B) achieving micro-F1 of 0.81 and macro-F1 of
0.77. Probing utterance-level embeddings reveals that teacher
expertise is linearly separable with 0.79 balanced accuracy,
well above chance even after controlling for surface features.
Clustering analyses uncover three coherent discourse styles
differing in pedagogical authority, scaffolding, and dialogic
engagement, with qualitative analysis showing systematic
differences in how experienced and novice teachers execute
similar talk moves. These findings demonstrate that fine-
tuned LLM representations capture teacher expertise, offer-
ing a new lens for analyzing classroom discourse and inform-
ing teacher feedback tools.
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1. INTRODUCTION

Classroom discourse profoundly shapes student learning and
is influenced by pedagogical traditions and cultural norms
11, 2. Yet in typical classrooms, students contribute far

*Equal contribution.

less than teachers: they speak for only 27 seconds per hour
of teacher talk and ask just 2 academic questions per day,
compared to teachers’ 142 questions [3]. Ensuring equitable
classroom talk therefore depends on teachers’ ability to fa-
cilitate discourse that invites reasoning, dialogue, and par-
ticipation from all learners [4]. To support these goals, re-
searchers have developed structured “talk-move” frameworks
to help teachers better engage students in class and achieve
their instructional objectives [5| |6]. Traditional analysis of
these talk moves, however, has relied on labor-intensive man-
ual coding methods that cannot scale to support widespread
teacher development or classroom research [4].

Recent advances in large language models (LLMs) offer the
potential to automate the identification of talk moves and
provide immediate actionable insights to teachers [7]. How-

ever, classroom discourse remains largely an out-of-distribution

domain for foundational models, which exhibit biases and
misalignment to learning outcomes [8]. While there is emerg-
ing work on enhancing talk-move analysis and aligning mod-
els with pedagogical frameworks |9, [10], most studies focus
on Western, English-speaking corpora and remain limited
to classification tasks and frequency counts. Such analyses
overlook cross-cultural adaptations of talk moves [11], the
challenges of leveraging LLMs in low-resource language set-
tings [12], as well as other contextual factors such as how
teacher expertise influence discourse patterns in classroom
[13].

This study therefore aims to address these gaps by exam-
ining how LLMs can identify and interpret talk moves in
the authentic, low-resource setting of Hong Kong mathe-
matics classrooms. We investigate two key research ques-
tions with CantoTalkﬂ (1) Can LLMs be fine-tuned to per-
form reliable talk move classification in Cantonese classroom
discourse? and (2) How do the distributions and linguistic
realizations of talk moves differ between novice and experi-
enced teachers, and can these patterns be uncovered from
fine-tuned representations of the LLMs?

2. RELATED WORK

LGitHub Repository: https://github.com/matrix-mayank/
canto-talk
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2.1 Talk Moves in Mathematics Classrooms
“Talk moves” are utterance-level strategies used by teach-
ers and students to elicit, clarify, or extend thinking in ser-
vice of productive, dialogic learning [14]. Within mathe-
matics instruction, these moves help navigate the tension
between open-ended exploration and specific instructional
objectives [5] [15]. Various frameworks have operationalized
these strategies for analysis. [14] established a four-cluster
taxonomy organized by instructional goals: encouraging stu-
dents to expand their contribution, listen carefully to one an-
other, make their reasoning explicit, and engage with others’
ideas. This “Talk Moves as Tools” (TMT) framework has
been widely adapted and extended. For instance, Suresh
et al. |7] outline six categories: keeping everyone together,
getting students to relate, restating, revoicing, pressing for
accuracy, and pressing for reasoning. Research also sug-
gests that the quality of these moves directly impacts en-
gagement. Alic et al. [16] distinguish between “funneling”
questions that guide students toward predetermined answers
versus “focusing” questions that deepen mathematical think-
ing; while Demszky et al. |[17] also highlight the importance
of teacher “uptake” of student contributions, i.e., a dialogic
teaching practice that acknowledges and builds upon stu-
dent ideas, in ensuring students feel heard and prompted to
engage more deeply with mathematical concepts.

However, these frameworks largely focus on dynamics within
English-speaking classrooms; yet, the privileging of individ-
ual student talk in Western research may inadvertently un-
dervalue other legitimate forms of mathematical communi-
cation in cultures where norms around authority, partici-
pation, and learning are different [18]. For instance, Xu
and Clarke [11] demonstrate through cross-cultural analysis
of Shanghai, Seoul, and Melbourne classrooms that choral
responses (whole-class unison replies to a teacher’s prompt)
and strategic use of silence can be equally effective for devel-
oping mathematical competence, challenging assumptions
that individual verbal participation is the primary indica-
tor of engagement. Similarly, Ng et al. [19] and Ni et
al. |20] highlight that in the specific context of Hong Kong
mathematics classrooms, talk moves such as “inviting choral
response” and “teacher evaluation” are common culturally-
specific practices that put more emphasis on teacher control
in advancing student’s knowledge of curricular content.

2.2 Analysis of Classroom Discourse

Despite their importance, most assessments of talk moves
rely on manual observation that is resource-intensive and
difficult to scale [4]. Advances in computational approaches
offer the potential to automate the identification and anal-
ysis of talk moves at scale [7]. With transformer-based lan-
guage models, the field has progressed rapidly from early
studies using small, curated datasets like TalkMoves to more
robust systems trained on extensive classroom corpora such
as NCTE-119 and SAGA-22 [7, [10]. The transition from
Bi-LSTM architectures to BERT-based models has yielded
substantial performance improvements, with reported F1-
scores rising from 65% to exceeding 82% |21} [10]. More
recent developments in LLMs and generative Al present
new opportunities for automated feedback systems and talk
move classification. While earlier studies have shown that
task-specific BERT-based architectures outperform general-
purpose LLMs like ChatGPT for talk move classification

— a gap attributed to BERT variants learning discourse-
specific cues through fine-tuning, such as turn-level patterns
and move co-occurrences, that zero-shot LLMs lack [8] —
the latest research suggests that fine-tuning LLMs signifi-
cantly alters this landscape. For example, fine-tuned GPT-
3.5-turbo models have been shown to outperform state-of-
the-art RoBERTa classifiers in identifying tutor talk moves,
achieving a macro F1 score of 0.87 compared to 0.78, high-
lighting the critical role of fine-tuning and leveraging con-
text (such as providing long conversation segments) to adapt
LLMs effectively for the discourse analysis tasks on large-
scale mathematics classroom corpora [9].

However, these advances are unevenly distributed, where
developing NLP applications for low-resource languages re-
mains challenging due to the scarcity of annotated datasets
and the complexity of transferring linguistic rules from high-
resource languages |22} [23]. For example, Ng et al. [24]
noted that standard linguistic markers for authority (such
as modal verbs) in English do not map directly to Cantonese
classroom discourse, complicating the use of out-of-the-box
English models. Recent benchmarks confirm that while top-
tier proprietary models (e.g., GPT-40) show emerging com-
petence, they still exhibit significant gaps in culturally nu-
anced understanding and morphological generalization com-
pared to English, with smaller open-source models lagging
substantially in both fluency and accuracy when process-
ing Cantonese colloquialisms [12]. Consequently, effective
implementation requires two forms of specialization: lin-
guistic, as Cantonese colloquialisms are under-represented
in multilingual corpora |12]; and pedagogical, as culturally
specific moves like Request for Choral Response and Evalua-
tion function as authority-reinforcing practices absent from
Western taxonomies [19], and thus cannot be recovered from
general-purpose training alone.

2.3 Teacher Expertise and Authority

Understanding the difference between novice and experi-
enced teachers requires examining how discourse establishes
authority in the classroom: authority structures determine
which talk moves are functionally available, since students
are less likely to engage with reasoning demands from a
teacher who has not yet established interactional author-
ity |24]. Tong et al. [13] note that in traditional classrooms,
particularly within Chinese contexts, discourse often follows
an “Initiation-Response-Feedback” (IRF) pattern — where
the teacher initiates a question, a student responds, and the
teacher evaluates the response — which novice teachers tend
to rely on to maintain control and efficiency. Experienced
teachers, however, demonstrate more adaptive responsive-
ness, leveraging not only IRF but also “Initiation-Response-
Feedback-Response” (IRFR), where the student is invited
to react to the teacher’s feedback, enabling a more dialogic
exchange, as well as iterative initiation and response chains.
Kosel et al. [25] similarly found that novice teachers tend
to mostly evaluate student engagement in terms of easily
observable “surface cues” (e.g., students hand-raising, di-
gressive gaze) coupled with some cues regarding students’
factual knowledge. In contrast, experienced teachers inte-
grate a broader spectrum of not only “surface cues” but
also “deep cues” (e.g., students’ motivation, attentiveness,
confidence, quality of verbal contributions) when diagnosing
student engagement and gauging instructional effectiveness.



These findings point to the importance of accounting for not
just the presence of talk moves, but how teachers configure
authority and engage students within specific cultural and
classroom norms.

3. DATA

The dataset used in this study is derived from classroom
recordings originally collected by Ni et al. [26]. We re-
fer to this annotated corpus as CantoTalk, which comprises
7,518 teacher utterances (M = 48.19, SD = 57.62 charac-
ters) and 7,088 student utterances (M = 7.36, SD = 10.60
characters), drawn from 64 recorded and transcribed lessons
across 32 upper-primary mathematics teachers in 16 Hong
Kong schools, with each teacher providing 2 lessons [26].
These utterances were labeled using a ten-category scheme
designed by Ng et al. [19], including: Ask for Ezpression,
Say More, Revoice, Press for Reasoning, Repeat and/or Add
On, Agree/Disagree, Explain Others, Request for Choral Re-
sponse, Evaluation, Other Moves (see Appendix A for full
definition and examples).

The scheme is built upon established discourse frameworks,
including Talk Moves as Tools (TMT), Classroom Discourse
Analyser (CDA), authority theory, and accountability prin-
ciples in productive disciplinary engagement |27} [14] [28] [29]
30], with the addition of Request for Choral Response and
Evaluation to reflect the structured teacher-led nature of
Hong Kong mathematics classrooms and the use of collec-
tive participation to reinforce curricular knowledge [19]. The
dataset was manually annotated by the researchers of the
original study, achieving inter-coder agreement ranging from
0.7 to 1.0 |26]. Appendix Table A provides a complete list
of talk move labels, and their descriptions.

Teacher metadata includes years of teaching experience rang-
ing from 1 to 23 years (see Figure 1), grade level(s) taught,
and school context. We categorized teachers into novice (< 5
years, n = 8, 2110 utterances), intermediate (6-9 years, n
= 7, 1922 utterances), and experienced (> 10 years, n =
17, 3506 utterances) based on experience thresholds estab-
lished in the teacher development literature. For our ex-
pertise detection analyses, we excluded intermediate teach-
ers to maximize contrast between groups, yielding a final
dataset of 5,616 utterances with a 62.4% experienced to
37.6% novice ratio. We note that years of experience serves
as a coarse proxy for instructional expertise, as experience
correlates with expertise only probabilistically and nonlin-
early. We adopt this operationalization pragmatically, as
direct measures of instructional quality were not available
in the dataset, and interpret all expertise-related findings
with this caveat in mind.

This dataset, which we refer to as CantoTalk, including all
teacher and student utterances with talk-move annotations,
contextual windows, and teacher metadata (anonymized ex-
perience levels, grade levels taught) is hosted on the GitHub
repository.

4. METHODS

We adopt a two-stage approach. First, we fine-tune a set
of open-weight LLMs from different research groups and
parameter scales to identify the best-performing model for
talk-move classification. Second, using the top model, we ex-
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Figure 1: Distribution of teacher experience in years.

tract utterance-level embeddings to compare discourse pat-
terns between novice and experienced teachers. Teachers
with 6-9 years were excluded from embedding comparison
analyses. Note that we initially explored few-shot prompting
using off-the-shelf LLMs, such as Deepseek-R1 and Gemini-
2.5-Pro to classify teacher talk moves, but excluded this
method from our final analysis as it yielded suboptimal per-
formance (F; < 0.35) and proved computationally prohibitive,
requiring over one hour per transcript.

4.1 Fine-tuning

Training Data Construction. We perform a transcript-level
split (70% train, 15% validation, and 15% test) to ensure
that no utterance’s immediate conversational context spans
across splits, preventing direct context leakage between class-
room sessions. Only teacher-labeled utterances are used.
Because talk-move classification is strongly context-dependent,
each training instance is constructed using a *6-utterance
sliding window containing six preceding turns, the focal ut-
terance, and six following turns, formatted as <speaker>:
<content> pairs to preserve turn-taking structure. Exam-
ples without a full context window are discarded.

Prompt Format. All models receive prompts in a standard-
ized chat format: a Cantonese (i.e., Traditional Chinese)
instruction, the full set of talk-move definitions (Cantonese
+ English), and the contextual dialogue grouped into pre-
ceding, current, and following blocks, followed by a directive
to output all applicable talk-move categories as a comma-
separated list. Chat templates for the chosen models differ
only in formatting tokens, and the informational content in
all of them is identical. Full prompts are presented in Ap-
pendix B.

Models and Training Procedure. We fine-tune five open-
weight LLMs, including: Qwen3-4B-Instruct-2507, Qwen3-
8B, Llama-3.1-8B-Instruct, DeepSeek-V3.1, and GPT-0SS-
20B using Tinker API [31]. All models are trained using
LoRA adapters (rank = 32) with a batch size of 8 and a
maximum input length of 4096 tokens. Adam optimiza-
tion was used with a 300-step linear warm-up. The model
trained for up to 3000 steps with early stopping on valida-
tion loss. Training hyperparameters are listed in Appendix
C. To address severe skew in talk-move frequencies, we ap-
ply inverse-frequency loss weighting, assigning each label i



weight w; = (1//;)%°, normalized to have mean 1.0. For
multi-label examples, we use the maximum weight among
the associated labels. This weighting scheme amplifies the
contribution of rare moves such as Ezplain Others and Fval-
uation.

Evaluation. Evaluation is conducted on held-out teacher ut-
terances. Models generate label sequences using determin-
istic decoding (temperature = 0). Predictions are canoni-
calized by splitting on commas, trimming whitespace, and
matching against the valid label inventory (see full details in
Appendix D). We report: micro-Fi, micro precision, micro
recall, macro-F; (averaged across labels) and per-label Fy
and support.

4.2 Embedding Analysis

Embedding Extraction. We analyze internal representations
from our best-performing model to examine whether it en-
codes systematic differences between novice and experienced
teachers. A well-known challenge in probing LMs is that
pooling token embeddings over the entire prompt can entan-
gle properties of the target utterance with artifacts from the
surrounding instructions and definitions [32|. To avoid this,
we extract target-only embeddings using character-level off-
set mappings.

For each example, we tokenize the full prompt (instruction
+ talk-move definitions + before/after context + target ut-
terance) with return_offsets_mapping=True. We identify
the character span of the target utterance using fixed de-
limiters (RIS : ... B3EEHE 1) and select only the
tokens whose offsets overlap this region. The embedding of
the utterance is computed by mean-pooling the final-layer
hidden states of these tokens. We use the last transformer
layer because it typically captures task-specific refinements
acquired during fine-tuning |33}, |34]. This procedure yields
a 4,096-dimensional embedding for all 7,538 utterances in
the corpus. Extraction is performed via Colab Pro on an
NVIDIA A100 using 8-bit quantization, enabling full pro-
cessing in approximately 40 minutes.

Dimension Validation and Feature Selection. For expertise
analyses, we retained only novice and experienced teachers,
resulting in an embedding matrix of size 5,616 x 4,096. To
identify dimensions associated with teacher expertise while
avoiding overfitting, we divide them into a stratified 80/20
train-test split. On the training set, we conduct two-sample
t-tests comparing experienced versus novice values across all
4,096 dimensions, applying a Bonferroni-corrected threshold
(o = 1.22 x 107%). This yields 1,254 significant dimensions
(30.6%). We re-test these dimensions on the held-out set
at the same threshold; 348 dimensions (27.8%) remain sig-
nificant. This two-stage procedure separates dimension val-
idation from classifier training, enabling us to probe what
the model encodes rather than just maximize classification
accuracy, while guarding against dimensions that are spuri-
ously significant in the training set alone. All downstream
analyses use only these validated dimensions.

Expertise Classification. Overall, we train a linear probe im-
plemented as an f2-regularized logistic regression classifier
(solver = 1lbfgs, C = 1.0, max_iter = 1000) with balanced
class weights to correct for class imbalance, using the val-

idated 348-dimensional embeddings as features. All inputs
are standardized (z-scored). We conduct 5-fold stratified
cross-validation on the training set (n = 4,492) and evaluate
the final model on the test set (n = 1,124). We report accu-
racy, balanced accuracy, precision, recall, and F;. This anal-
ysis identifies whether the model’s internal representations
reliably encode distinctions between novice and experienced
teachers. On a talk-move level, to test whether expertise is
uniformly encoded across discourse practices, we repeat the
probe analysis for each of the nine primary talk-move cate-
gories (excluding Other Moves as it contains varied moves).
For each move, we subset the data to utterances containing
that move, then train the same logistic regression classi-
fier with 5-fold CV. We evaluate significance by one-sample
t-tests against chance (¢ = 0.5) using balanced accuracy as
the metric. This analysis identifies which pedagogical moves
are most diagnostic of teacher expertise.

Clustering. To explore latent discourse patterns beyond bi-
nary expertise classification, we perform k-means cluster-
ing on the 348-dimensional validated embeddings. We com-
pare solutions for k = 2-10 using silhouette [35|, Calinski-
Harabasz [36], and Davies-Bouldin [37] scores to choose k =
3. The association between cluster membership and exper-
tise is tested with a y2 test, with structure visualized us-
ing UMAP |[38] (n_neighbors = 15, min_dist = 0.1). To
interpret the discovered clusters, we compute descriptive
properties of each cluster such as proportion of experienced
teachers, mean utterance length, and talk moves in it.

We further assess linguistic and pedagogical differences across
clusters through several analyses. First, we compare utter-
ance lengths using a one-way ANOVA and report n2 effect
sizes; post-hoc differences are examined with Bonferroni-
corrected Mann-Whitney U tests. To evaluate whether clus-
ter structure is driven by verbosity rather than discourse
function, we train a shallow decision tree (max_depth = 2)
to predict cluster membership using only utterance length,
quantifying how much representational structure remains af-
ter accounting for this surface feature. Next, we conduct
a qualitative comparison of experienced and novice utter-
ances within each cluster to examine differences in execution
quality beyond move frequency or length. These combined
analyses triangulate the linguistic and pedagogical proper-
ties that define the discovered embedding clusters.

S. RESULTS

5.1 Fine-tuning

Table [1| reports test-set performance for all five fine-tuned
LLMs. Qwen3-8B achieves the strongest results, obtaining
the highest micro-F; (0.8145) and macro-F; (0.7687). Al-
though Qwen3-8B outperforms DeepSeek-V3.1 narrowly de-
spite comparable size, we select Qwen3-8B for subsequent em-
bedding analyses due to: (a) its slightly superior accuracy
and (b) lower computational cost owing to its smaller size.
Qwen3-4B-Instruct-2507 and Llama-3.1-8B-Instruct form
a middle tier, outperforming GPT-0SS-20B but trailing the
top models by several points. GPT-0SS-20B underperforms
across all metrics despite its larger parameter count.

Per-Label Performance. Table [2| shows per-label Fy scores
for Qwen3-8B. The model performs best on moves with strong
contextual cues and larger support, such as Say More, Revoice,



Table 1: Performance of FT models on talk-move classifica-
tion
Rank Model Ft FM  Prec. Rec.

1 Qwen3-8B 0.8145 0.7687 0.8048 0.8245
DeepSeek-V3.1 0.8134 0.7401 0.8077 0.8193
Qwen3-4B-Instruct-2507 0.7959 0.7221 0.8097 0.7827
Llama-3.1-8B-Instruct 0.7927 0.7432 0.8020 0.7837
GPT-0SS-20B 0.5683 0.4164 0.7624 0.4529

s W N

Table 2: Per-label Fi scores for talk-move classification by
Qwen3-8B. Support indicates the number of test examples

Talk Move Label Fi Support
F#EHC (Ask for Expression) 0.823 620
HECEHSIEMT (Say More) 0.858 219
it (Revoice) 0.860 625
AR AT (Press for Reasoning) 0.742 353
Hil & /sl M AFE S (Repeat and/or Add  0.739 253
On

[F& /% E (Agree/Disagree) 0.788 90
fEfR b\ (Explain Others) 0.545 5
£EH8/EE (Request for Choral Response) 0.884 444
#E (Evaluation) 0.678 55
Hfth (Other Moves) 0.768 396

Macro Average 0.7687 3,060

and Request for Choral Response, each reaching F; scores
above 0.85. In contrast, the lowest Fq scores correspond to
categories with extremely sparse support. Noticeably, Fz-
plain Others has F1 = 0.545 (5 instances in the test set), and
Evaluation has F; = 0.678 (55 instances in the test set),
showing reduced performance. These patterns reflect the
long-tail distribution of pedagogical moves as well as their
inherent semantic difficulty, which can make some moves
harder to distinguish than others.

5.2 Embedding Analysis

We present results in two phases: first, expertise classifi-
cation demonstrates that teacher expertise is linearly re-
coverable from the model’s internal representations; second,
cluster analysis reveals the pedagogical structure underlying
these representations.

Expertise Classification. For overall set, a linear probe trained
on 348 validated dimensions achieved 0.733+0.016 balanced
accuracy (5-fold CV) and 0.790 on held-out test data, signif-
icantly above chance (0.50). The model distinguished both
experienced (F1 = 0.83) and novice (F; = 0.74) discourse
effectively, indicating that performance was not driven by
class imbalance exploitation. These results establish that
teacher expertise is linearly encoded within the model’s rep-
resentational geometry, a key finding suggesting that teacher
experience leaves distinctive signatures in fine-tuned em-
beddings. We repeated probe analysis separately for each
talk-move category to determine whether expertise signals
vary by pedagogical function. All categories showed above-
chance balanced accuracy (mean = 0.754; all > 0.70), but
with meaningful variation. Revoice (0.783), which involves
deeper interpretation of student thinking to paraphrase con-
tributions, had the highest differentiation. In contrast, Press

for Reasoning had the weakest differentiation (0.723). This
pattern suggests the model captures expertise-sensitive nu-
ances within all talk moves.

Cluster Discovery. K-means clustering on the 348 dimen-
sions revealed three stable discourse clusters. A y2 test
showed strong association with expertise ( Y2 =256.7, p <
10’56)7 indicating that representational regions in the em-
bedding space differ by teacher expertise. UMAP projec-
tions (Figure reveal that the three clusters occupy largely
distinct regions of the embedding space, with overlap con-
centrated at cluster boundaries, consistent with the natural
co-occurrence of talk moves across discourse styles. To en-
sure that clusters truly reflected pedagogical function rather
than surface-level verbosity, we conducted three validation
tests. First, while clusters differed significantly in average
length (p < 107145 52 = 0.112), a decision tree using only
length as a predictor achieved just 65% accuracy in cluster
assignment, misclassifying 35% of utterances and showing
particular confusion between Clusters 2 and 3 despite their
38-character mean length difference (29.1 vs. 67.3 charac-
ters). Second, within each cluster, experienced and novice
utterances showed no significant length differences (Cluster
1: p = 0.23; Cluster 2: p = 0.67; Cluster 3: p = 0.18),
yet maintained distinct embedding patterns as evidenced by
the linear probe’s within-cluster classification performance.
Third, experienced-novice differences in pedagogical moves
persisted within each cluster even when length was held
constant. These findings collectively demonstrate that em-
bedding geometry captures deeper distinctions in discourse
rather than mere stylistic artifacts.

Cluster Characterization. Through qualitative analysis of
utterances within clusters, we found they capture qualita-
tively different instructional styles. Critically, these clus-
ters are defined not just by which moves are used, but by
how they are executed. The embedding space appears to
align with well-established pedagogical constructs, including
authority and accountability roles in classroom discourse,
cognitive-demand frameworks, and distinctions between mono-
logic, authoritative, and dialogic instructional patterns.

Cluster 1: Procedural Management Integrated with Con-
ceptual Scaffolding (n = 118; experienced 78%; M = 97.8
chars). This cluster represents long, multi-functional turns
where teachers intertwine classroom management and pro-
cedural explanations with mathematical content. We note
that Cluster 1 is notably smaller than the other clusters and
appears less stable in the UMAP projection, which likely re-
flects the relative rarity of long multi-functional turns in
the corpus rather than a poorly-defined cluster; internal
validation metrics (silhouette, Calinski-Harabasz, Davies-
Bouldin) consistently supported k = 3 over alternative so-
lutions. Experienced teachers frequently turn routine in-
structions into opportunities for conceptual elaboration. For
instance, while managing a hands-on activity in which stu-
dents were cutting paper shapes to explore symmetry, one
experienced teacher turned a management moment into a
mathematical one: “No, this is not a symmetrical figure. ..
don’t be like Student 4 who cut it—once it’s cut, it’s no
longer a parallelogram.” Rather than separating the proce-
dural warning from the mathematical concept, the teacher
delivers both within a single turn. Even in explaining parti-
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Figure 2: UMAP projection of utterance embeddings showing three discourse clusters (k = 3). Colors indicate cluster member-

ship; clusters differ in expertise concentration (78%, 51%, 72%).

tioning procedures, experts weave in conceptual reframing:
“If I split this into two equal parts, this is no longer just
‘one’—what is it then?”, inviting reconceptualization of unit
size. By contrast, novice teachers issue procedural instruc-
tions as distinct steps separate from conceptual elaboration:
“Mized numbers... I'm just going to transform one of the
parts... how many equal parts should I cut it into?” Cluster
1 represents a mode where instructional guidance and con-
tent delivery occur simultaneously, with experts more likely
to weave these functions within single turns while novices
sequentialize them.

Cluster 2: Rapid-Fire Elicitation and Checking (n = 2,598;
experienced 51%; M = 29.1 chars). This cluster contains
short prompts dominated by Ask for Expression and Request
for Choral Response, aligning with IRE (Initiate-Response-
Evaluate) patterns observed in the regional context .
Both experienced and novice groups use this mode frequently,
but for different functions. Experts often reinforce structural
relationships: “The denominators are the same—meaning
the addend and augend denominators are both...?” While
novices also employ short questioning sequences to elicit
mathematical reasoning (“Three over sixz. Why is it three
over siz?”), they more often emphasize reinforcing recall or
ensuring procedural correctness. Prompts like “Say it again
completely” or “Read it carefully. Read it carefully” focus
on the form or mechanics of participation . Questions
such as “That’s right—what is the question actually asking
you to use?” verify task comprehension. While both groups
leverage rapid-fire turns to probe concepts, novices pay more
attention to ensuring students follow procedures correctly.

Cluster 3: Dialogic Facilitation and Inquiry (n = 2,900; ex-
perienced 72%; M = 67.3 chars). This cluster represents
medium-length turns where teachers orchestrate mathemat-
ical discourse by positioning students as sources of knowl-
edge and facilitating peer reasoning. Teachers frequently
employ Press for Reasoning, Agree/Disagree, and Repeat

and/or Add On moves that redistribute mathematical au-
thority across the classroom. While both groups encourage
student expression and peer explanation, discernible differ-
ences emerge in their approaches. Experts probe underly-
ing mathematical logic (“Why did you do it so fast? Tell
me, when you were measuring, how did you measure so
quickly?”), while novices often couple explanation-seeking
with classroom management (“Student 21 stand up, what is
he saying?”, “When classmates are talking, you need to listen
carefully”). Experts frame inquiry to elevate student status
(“What’s the secret to making you count so fast? Let me
interview the fastest group first”) and persist in understand-
ing reasoning (“I don’t really understand what Student 22 is
saying. Can you say it again?”), while some novices redirect
when students struggle (“I don’t know what you’re talking
about!”). In short, Cluster 3 reflects attempts to democ-
ratize mathematical authority, however, teachers may vary
in their approaches to sustain productive student-centered
dialogue.

6. DISCUSSION

This study shows that fine-tuned LLMs can reliably classify
talk moves in Cantonese mathematics classrooms and that
their internal representations encode systematic differences
in teacher expertise. A key contribution of our approach is
its ability to surface pedagogical structure that is difficult to
specify in advance. Traditional linguistic analyses require re-
searchers to pre-select features such as question types, turn
lengths, or lexical indicators, and may therefore miss dif-
fuse or non-obvious cues to expertise. Embedding analysis
instead reveals the latent distinctions the model uses to sep-
arate discourse from experienced and novice teachers, cap-
turing how ideas are composed, how teachers respond to
unfolding interaction, and how the same move is executed
differently. Analysing representations thus provides a com-
plementary lens on classroom instruction. We discuss three
key contributions of our study and their implications:



Fine-Tuned Models Enable Cross-Cultural Discourse Anal-
ysis. Domain-specific fine-tuning yielded strong talk-move
classification performance. Qwen3-8B achieved micro-F; =
0.814 and macro-F; = 0.768, with particularly high accu-
racy on culturally characteristic moves such as Request for
Choral Response (F1 = 0.884) and Revoice (F1 = 0.860).
These results indicate that open-weight models, when prop-
erly adapted, can learn context-specific pedagogical prac-
tices that differ from Western instructional norms, an en-
couraging outcome given that Cantonese remains severely
under-represented in NLP resources. Notably, models larger
than 8B parameters did not yield meaningful improvements,
suggesting that performance gains came primarily from adap-
tation rather than scale alone; this is further supported by
our few-shot prompting baseline using off-the-shelf LLMs,
which yielded F; < 0.35 without fine-tuning, compared to
0.81 after adaptation. We did not evaluate larger multilin-
gual LLMs such as Qwen3-235B due to computational con-
straints. Nonetheless, the underperformance of GPT-0SS-
20B relative to smaller fine-tuned models hints that scale
alone may not fully compensate for domain adaptation in
low-resource pedagogical settings. Evaluating larger multi-
lingual models as zero-shot baselines remains an important
direction for future work.

LLM Embeddings Encode Expertise Beyond Surface Features.
Before interpreting these results, we note that our opera-
tionalization of expertise as years of experience is a known
limitation. Experience correlates with instructional qual-
ity only probabilistically, and the relationship is nonlinear:
some novices exhibit expert-like discourse and vice versa.
The patterns we report should therefore be understood as
differences between less and more experienced teachers, not
as validated markers of instructional quality per se. Em-
bedding analysis showed that teacher expertise is linearly
recoverable from the model’s internal representations (bal-
anced accuracy = 0.790 on held-out data). Expertise sig-
nals were strongest for moves involving deeper reasoning,
such as Revoice (0.783), and weaker for procedurally sim-
pler moves. K-means clustering revealed three coherent dis-
course styles: (1) procedural management and scaffolding
(78% expert), (2) rapid elicitation (51% expert), and (3)
dialogic facilitation (72% expert). Although lengths of ut-
terances within the clusters differed, our results show that
length is not driving the structure, and deeper pedagogical
signals underlie the observed geometry. Qualitative inspec-
tion supports this interpretation. Experts and novices often
use similar structures, but experts integrate conceptual con-
nections. In Cluster 2, for instance, experts extend student
thinking (“The denominators are the same...”), whereas
novices default to repetitive prompting (“Say it again com-
pletely”). This computational pattern mirrors educational
research showing that experienced teachers exhibit stronger
adaptive responsiveness and conceptual coherence.

Implications for Automated Teacher Feedback. The linear
separability of teacher expertise in embedding space pro-
vides a foundation for formative feedback tools that move
beyond counting talk-move frequencies. Rather than treat-
ing discourse categories as checklists, automated systems
could surface differences in how similar moves are executed,

identify low-quality realizations of otherwise appropriate moves,

highlight overreliance on novice-dominant discourse patterns,

or suggest examples from experienced-teacher clusters as
models for improvement. For instance, our Cluster 2 anal-
ysis shows that both novice and experienced teachers fre-
quently use rapid questioning, but differ in pedagogical func-
tion: novices tend to emphasize procedural compliance, while
experienced teachers use similar moves to surface underlying
mathematical structure. This illustrates that the instruc-
tional value of a talk move lies in its realization, not its
label.

These differences suggest concrete opportunities for targeted
coaching in teacher education. Contrasting examples drawn
from our discourse clusters could help novice teachers recog-
nize how small shifts in phrasing, sequencing, or follow-up
change the function of a move. Rather than generic advice
such as “ask more open-ended questions,” professional de-
velopment can focus on specific discourse strategies, such
as sustaining student reasoning through clarification and
revoicing when confusion arises. Grounding coaching in au-
thentic classroom utterances may make otherwise tacit as-
pects of instructional expertise more visible and learnable.

At the classroom level, these insights point toward person-
alized, low-stakes feedback tools that support reflection over
time. Session-level summaries showing how a teacher’s ut-
terances distribute across discourse clusters, paired with il-
lustrative examples from experienced-teacher patterns, could
help teachers identify missed opportunities for conceptual
scaffolding or overreliance on rapid elicitation. When framed
as developmental reference points rather than evaluative
benchmarks, such feedback can complement self-reflection
and support growth across a semester.

Finally, by making explicit the discourse norms embedded in
Hong Kong mathematics classrooms, this work opens space
for cross-context professional dialogue rather than prescrip-
tive standardization. Educators in different settings can
use these representations to examine their own assumptions
about participation, questioning, and authority, such as the
role of choral response in collective sense-making. When
carefully contextualized, automated discourse feedback can
support reflection and learning across instructional contexts.

7. LIMITATIONS

We acknowledge several limitations of this study. First, our
embedding analysis was conducted exclusively on Qwen3-
8B. While this choice was methodologically justified, it means
that our findings may be model dependent. Models with
different capacities or architectures may encode talk-move
patterns in different ways, which limits the generalizability
of our results across LLM families. Additionally, our em-
bedding extraction approach relies on delimiter-based span
detection and token-to-character offset mapping, which as-
sumes consistent tokenizer behavior and accurate recovery
of span boundaries. In practice, any misalignment, partic-
ularly in non-space-delimited languages, may result in par-
tial contamination from surrounding context. Disentangling
whether low F1 on rare categories such as Ezplain Others
and Fualuation reflects data sparsity or intrinsic semantic
difficulty also remains an open question, and controlled sub-
sampling experiments matching support across labels would
be a valuable direction for future work.



Second, this study operationalizes instructional expertise as
years of teaching experience, a coarse proxy whose limi-
tations are discussed in Sections 3 and 6. A related con-
cern involves the effective sample size of the expertise anal-
yses: although CantoTalk contains over 7,000 utterances,
these come from only 32 teachers, with expertise analy-
ses contrasting just 25 teachers after excluding the inter-
mediate group. The observed embedding-based distinctions
may therefore partly reflect teacher-specific idiosyncrasies
rather than robust markers of expertise; replication with
a larger and more diverse teacher sample remains an im-
portant next step. Additionally, intermediate teachers were
excluded from classification analyses to maximize contrast
between novices and experts; whether embeddings order all
three experience levels approximately linearly is also an open
question for future work.

Finally, the teacher utterances analyzed in this work come
from a narrow instructional domain, namely mathematics
classrooms in Hong Kong. As a result, the discourse patterns
that the model learns to associate with expertise may reflect
local or context-specific norms rather than generalizable fea-
tures of high-quality instruction. Findings may not gener-
alize to other subjects, cultures, or languages. Addition-
ally, although we identify embedding clusters that correlate
with differences in teaching experience or talk-move styles,
we do not establish a direct connection to student learning
outcomes. While our results show that LLM embeddings
encode systematic differences between novice and experi-
enced teachers in ways that align with theoretical constructs
from the teacher development literature, we do not evaluate
whether identified expertise patterns actually support stu-
dent learning, engagement, or equitable participation. It is
possible that some of the discourse patterns we label as “ex-
pert” reflect institutional norms, curriculum alignment, or
classroom management strategies rather than practices that
promote deeper learning. For example, frequent use of Re-
quest for Choral Response may create an appearance of en-
gagement without supporting individual sense-making. Fu-
ture work should incorporate behavioral measures or expert-
based validation and extend the analysis to a wider range of
instructional contexts.

8. ETHICAL IMPLICATIONS

Some important ethical implications of this research include:

Privacy and Consent. This work relies on classroom dis-
course data, which raises important privacy concerns. Al-
though all transcripts were anonymized and stripped of iden-
tifying information, teaching styles and discourse patterns
may still be recognizable to colleagues within the same con-
text. We mitigated this risk through anonymized analysis,
and any future deployment of similar models should adopt
strict data governance practices and explicitly prohibit in-
dividual teacher identification.

Potential Benefits. This work has several positive implica-
tions for education research and practice. Automated anal-
ysis of talk moves could support scalable, low-cost profes-
sional development by enabling teachers to reflect on their
discourse patterns over time. By demonstrating that LLMs
can be adapted to non-Western, non-English classroom con-
texts, this study also contributes toward more inclusive edu-

cational technologies and reduces reliance on English-centric
tools. For researchers, automated classification substantially
lowers the cost of large-scale discourse analysis, opening op-
portunities for longitudinal and cross-context studies that
are infeasible with manual coding.

Risks and Misuse. At the same time, this work carries mean-
ingful risks. Discourse patterns should not be treated as
a complete or universal measure of teaching quality, yet
there is a risk that such tools could be misused for high-
stakes evaluation. Teaching quality is multidimensional and
context-dependent, and many critical aspects of instruction
are not captured in transcripts alone. There is also a risk of
reinforcing narrow pedagogical norms learned from specific
frameworks and contexts, which may not generalize or align
with local instructional values. Additionally, because we do
not validate our findings against student learning outcomes,
identified expertise patterns may reflect institutional norms
or surface-level engagement rather than deep learning.

Fairness and Generalization. Our use of teaching experience
as a proxy for expertise introduces fairness concerns, as ex-
perience does not always align with instructional quality.
The model may misclassify effective novice teachers or disad-
vantage teachers working in more challenging contexts. Fur-
thermore, because the data come from Cantonese-medium
mathematics classrooms in Hong Kong, the learned patterns
reflect local discourse norms and linguistic features that may
not transfer to other subjects, cultures, or languages.

Responsible Use. We emphasize that models like ours should
be used only for low-stakes, teacher-initiated reflection, not
for administrative evaluation or accountability. Future work
should validate discourse signals against student outcomes,
involve educators as co-designers in new contexts, and treat
automated analysis as a complement to, rather than a re-
placement for, human professional judgment.
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APPENDIX

A.

TALK MOVES FRAMEWORK

Teacher talk-move labels, their definition, function and ex-
amples, presented in Appendix Tables A. We would like to
note that teacher talk move definitions, functions, and ex-
amples are synthesized from [39], [24] and [19].


https://thinkingmachines.ai/tinker/

Table A: Teacher Talk Moves with Definitions and Illustrative Examples

Talk Move

Definition

Examples

FEHC (Ask for Expres-

sion)

HHCOESEMIT (Say
More)

it (Revoice)

R H C. (Press for Reason-

ing)

Bl K /e T 5
(Repeat and/or Add On)

& /EE (Agree/Disagree)

fEFE M (Explain Others)

ERIEE (Request for

Choral Response)

F{E (Evaluation)

HA (Other Moves)

?ﬁﬁ)ﬁiﬁ%ﬁ%i?ﬁﬁ&éﬁtﬂ% (RBRA AR

Teacher invites a student to state their
thinking or idea (no reasoning required).

SR [A] — B AR AR A B 3 A T
AT -

Teacher asks the same student to elabo-
rate on their own prior statement.

ZHIH B SRR S =8 A A8k DI
RS ©
Teacher restates a student’s idea in their

own words to confirm understanding or
clarify for others.

B R E — B TR B TN
HE e

Teacher asks a student to explain the rea-
soning behind their answer.

%Eﬁ%é?ﬁﬁlﬂﬁﬁﬁ?ﬁ » B H 0 DU

Teacher invites students to restate or add
to another student’s idea.

ERRRERB BT € L2EARE -

Teacher expresses agreement or disagree-
ment with a student’s idea.

BRI Th—f) RMEEE0 I -
Teacher asks a student to explain the rea-
soning of another student.

BRI o
Teacher prompts the whole class to re-
spond together.

ERAR HEARAET ~ e R Al -
Teacher provides correctness judgment,
praise, or evaluative feedback.

T%tﬁﬁﬁﬂﬂﬂ@%@ B~ REECHE A
AHEE ©

Classroom management, procedural talk,
transitions, etc.

“Could you tell me what features a
quadrilateral has?”

“If they are the same, this procedure is
what we call...?”

“Talk a little bit more.”

“Could you Say More about the idea
you've just expressed?”

“Is there anything you want to add
about your example?”

“So, let me see if I've got your thinking
right. Are you saying...?”

“Student X told us a square should have
four equal angles.”

[Student: “Three parts.”] “Three
parts—so which one is three-eighths
now?”

“Why do you think that?”
“What’s your evidence?”

“Could you describe the procedure she
used?”

“Could you provide an example to illus-
trate the definition he is giving?”
“Anything wrong with that answer, Stu-
dent X7”

“Do you agree/disagree—and why?”
“Do you accept his example as a quadri-
lateral figure?”

“Why do you think he said that?”
“Who can explain what she means when
she says that?”

“Do we all agree with that?”
“The first multiple of a number is... say
it together!”

“You're right.”
“Good idea.”
“Not exactly correct.”

“Please do not talk to your neighbor.”
“Open your textbook to page 25 for
homework.”

“Louder, I couldn’t hear just now.”




B. FULL PROMPT TEMPLATE

Each training example is formatted using the model’s native chat template, with identical informational content across
architectures. Below is the canonical prompt used for all models (Cantonese + English definitions).

B.1 User Message

ST LT Friis DR AR - W B AT S AP E talk moveXHR]

Talk Move 387 E % :

B SCHEBR -

{speaker_before_1}:
{speaker_before_2}:
{speaker_before_3}:
{speaker_before_4}:
{speaker_before_5}:
{speaker_before_6}:

e {label_1}: {definition_1}
e {label_2}: {definition_2}

o {label_k}: {definition_k}

{utterance_before_1}
{utterance_before_2}
{utterance_before_3}
{utterance_before_4}
{utterance_before_5}
{utterance_before_6}

EUEEE

{current_speaker}:
ST

{speaker_after_1}:
{speaker_after_2}:
{speaker_after_3}:
{speaker_after_4}:

{current_utterance}

{utterance_after_1}
{utterance_after_2}
{utterance_after_3}
{utterance_after_4}
{speaker_after_5}: {utterance_after_5}
{speaker_after_6}: {utterance_after_6}

(BB © fRAR L3 » MR BT 5 (0Pl M talk moveliRI (HLZHATBLEER) -

B.2 Assistant Message
Gold multi-label target:

<label_1>, <label_2>,

B.3 Model-Specific Renderers

o Qwen3-4B-Instruct-2507, Qwen3-8B — qwen3_instruct
e Llama-3.1-8B-Instruct — llama3_instruct

e DeepSeek-V3.1 — deepseek

e GPT-0SS-20B — gpt_oss_no_sysprompt

Note: Renderers differ only in tokenization wrappers; content is identical.



C. TRAINING HYPERPARAMETERS

All models were fine-tuned using LoRA adapters with the following configuration:

Component Setting

LoRA Configuration rank = 32; @ = model default; dropout = 0.0

Optimizer Adam (B1 = 0.9, B2 = 0.95, € = 1e-8)

Learning Rate base LR = 2e—5; LoRA LR scaled via
get_lora_lr_over_full_finetune_lr()

Scheduling 300-step linear warm-up; constant LR thereafter

Training Steps max 3000 steps; early stopping after 5 validation checks

Validation every 100 steps (100-sample subset)

Batch Size 8

Sequence Length max 4096 tokens

Checkpointing every 50 steps

Table A: Hyperparameter configuration for LoRA fine-tuning across all models.

D. IMPLEMENTATION AND EVALUATION DETAILS

Tokenization and Truncation. We use each model’s native tokenizer (via Tinker’s get_tokenizer()), truncating sequences to
a maximum length of 4096 tokens. Truncation is applied only to the earliest portions of the preceding context, ensuring that
the focal utterance and its immediate surroundings are always preserved.

Decoding. During evaluation, models generate predictions using greedy decoding (temperature = 0) with a 50-token limit and
model-specific stop sequences. Outputs are stripped of special tokens before post-processing.

Label Canonicalization. Generated text is split on commas, normalized (whitespace removed), and matched to the valid
talk-move inventory. Unknown strings are discarded. Multi-label predictions are converted into binary indicator vectors for
evaluation.
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