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1 Introduction

Analyzing teachers’ motivational messages in class-
room discourse provides valuable insights into
pedagogical practices and their impact on stu-
dent engagement. However, manual annotation
of such messages is resource-intensive and time-
consuming (Bueno et al., 2025), limiting the scale
at which classroom interactions can be studied. To
address this challenge, the field has recently started
to investigate the potential of automated classifi-
cation using fine-tuned language models (Metzner
et al., 2025a).

A critical factor influencing classification perfor-
mance is conversational context. As illustrated by
Figure 1, an utterance that appears ambiguous in
isolation sometimes becomes interpretable when
the preceding uterrances are known. Prior work
has shown that incorporating this context improves
model accuracy for dialogue act classification and
related tasks in educational settings (Bueno et al.,
2025). Despite this, the use of context in existing
approaches remains largely unsystematic. Studies
either provide no explicit justification for their cho-
sen context window size or omit context entirely,
leaving researchers without clear guidance on how
to optimally leverage contextual information for
their specific classification tasks.

This thesis addresses this gap by investigating
the role of context in automated classification of
teachers’ motivational messages. Specifically, we
examine three key questions: (1) What is the op-
timal amount of previous conversational context
before performance plateaus or degrades? (2) Does
including subsequent utterances improve classifi-
cation accuracy? (3) To what extent does the opti-
mal context window size differ between different
transformer-based architectures?

Teacher: so, midels, ihr kommt auch gut klar?
(so, girls, you're doing alright too?)
Student 4: Ja.
(Yes.)

Past
Context

Teacher: und S28 du auch? Class:
(and S28, you too?) ASM12

Target
Utterance

Student 28: Ja.
(Yes.)

Context

Future

Figure 1: Example of a motivational message from the
TALIS dataset. The target utterance “and S28, you
too?” is ambiguous in isolation, but the context clarifies
that the teacher is inquiring about the student’s learning
experience (class ASM12).

2 Related Work

2.1 Automated Analysis of Classroom
Discourse

Manual annotation of classroom discourse is notori-
ously resource-intensive which limits the feasibility
of large-scale studies. Recent work has therefore
turned to natural language processing (NLP) to au-
tomate this classification (Metzner et al., 2025a).
However, classroom discourse presents distinct
challenges for NLP. Transcripts lack non-verbal
cues like gestures and tone, and utterances often
depend heavily on conversational context for their
meaning.

Some researchers have explored multi-modal
language models to capture the non-verbal dimen-
sions, however, the question of how to present
this information to language models in combina-
tion with verbal information remains a challenge
(Bueno et al., 2025). The role of conversational
context in the literature is explored in Section 2.3.

This thesis builds on Metzner et al. (2025b), who
showed that transformer-based models can effec-
tively classify motivational messages in teacher
speech.



2.2 Transformer Architectures and
Fine-Tuning Techniques

While large-scale decoder models (LLMs) have
gained prominence for text generation tasks, for
text classification, encoder-only architectures re-
main the more popular choice, due to their effi-
ciency and performance (Benayas et al., 2025).
In classroom discourse analysis, encoder models
like DeBERTaV3 (He et al., 2023) serve as strong
baselines. Bueno et al. (2025) found that domain-
specific fine-tuning of these models outperforms
prompting-based approaches, and Wang and Chen
(2025) observed similar results with BERT (Devlin
etal., 2019).

Despite this, some recent work has applied de-
coder models to classification tasks. Metzner et al.
(2025a) reviewed several studies using LLMs for
classifying teachers’ motivational messages, some
of which using in-context learning (ICL) and some
fine-tuning approaches. Metzner et al. (2025b) suc-
cessfully fine-tuned the decoder-only Gemma 2
(Gemma Team, 2024) for this purpose.

A parallel development is the optimization of
decoder-only models for representation learning,
which leverages the massive pre-training LLMs
typically receive to generate dense embeddings for
classification tasks (Tao et al., 2025). An example
for this is the Qwen3-Embedding series (Zhang
et al., 2025); these embedding-optimized decoders
rank highly on the Massive Text Embedding Bench-
mark (MTEB) (Muennighoff et al., 2023), includ-
ing on classification benchmarks.

2.3 The Role of Context in Dialogue
Classification

As stated before, conversational context is criti-
cal for analyzing classroom discourse. In a study
done by Bueno et al. (2025) where DeBERTaV3
was fine-tuned to label classroom activity sentence-
by-sentence, performance improved significantly
when the two preceding sentences were provided
in addition to the target sentence. While the au-
thors claim that “excessively long” context win-
dows may be detrimental, it is not apparent whether
they tested this and at which point a potential degra-
dation may occur. Even if the context window was
chosen experimentally, it is unclear to what extent
this would have been determined by the data and
task at hand or the model’s capacity to handle the
total amount of input.

Wang and Chen (2025) prepended one sentence
to each target utterance when classifying dialogic
moves with BERT, but did not test other context
window sizes.

Two recent papers on classifying teachers’ mo-
tivational messages, Falcon and Leon (2024) and
Metzner et al. (2025b), used no conversational con-
text at all. Metzner et al. (2025b) acknowledge
that this might explain discrepancies between hu-
man annotations (which had access to context) and
model predictions.

None of these studies provided future context to
the model. However, a speaker’s intent can some-
times become clearer from their next utterance or
from the response they receive. Qamar et al. (2025)
included future context in their work on dialogue
act classification, though they worked with non-
classroom data and did not directly compare setups
with and without future context.

2.4 Handling Class Imbalance

Preliminary analysis suggests that class imbalance
will be a significant issue in the TALIS dataset.

Metzner et al. (2025b) addressed this by using a
class-weighted loss function based on the Effective
Number of Samples (Cui et al., 2019), which scales
the loss inversely to class density and prevents the
model from simply predicting the majority class.
They also attempted data augmentation with mixed
results.

3 Research Questions

This thesis is conducted in the context of a research
project at the University of Potsdam that seeks to
validate and refine automated classification meth-
ods for teacher motivational messages, as intro-
duced by Metzner et al. (2025b). While the broader
project addresses multiple aspects of these classifi-
cation methods, this thesis specifically focuses on
investigating the role of conversational context as a
potential driver of classification performance.

To this end, we address the following research
questions:

RQ1: What is the ideal amount of previous con-
versational context for classifying teachers’ motiva-
tional messages and at what point does additional
context lead to performance degradation?

RQ2: Does the inclusion of subsequent utter-
ances (future context) improve classification accu-
racy?

RQ3: To what extent does optimal context size



differ across the three dominant approaches for di-
alogue classification: smaller encoders, generative
LLMs, and embedding-optimized LLMs?

4 Data

We use classroom discourse data from the TALIS
Video Study Germany (Klieme et al., 2019), avail-
able through the FDZ Bildung (Research Data Cen-
tre Education). The dataset contains 138 video-
recorded mathematics lessons from secondary
schools (Sekundarstufe 1), all on the topic of
quadratic equations. The videos have been manu-
ally transcribed, providing the basis for our work on
automated classification of teachers’ motivational
messages.

The transcripts went through several preprocess-
ing steps. After the initial manual transcription by
the TALIS study team, our research group used
the Deep Punctuation model (Guhr et al., 2021)
for sentence segmentation and separated utterances
at sentence boundaries. Student assistants then
manually validated the transcripts to fix speaker
attribution errors and other inaccuracies. Later, dur-
ing annotation, the annotators adjusted punctuation
and sentence boundaries where needed to improve
segmentation quality.

We are working with manually annotated data
from this corpus. Three trained annotators are cur-
rently annotating the transcripts using two classifi-
cation systems: Autonomy-Supportive Messages
(14 categories) and Value Messages (10 categories).
The process started with all three annotators work-
ing together to establish inter-annotator agreement.
After this phase, most transcripts will be annotated
individually. We expect to receive about 20 % of
the annotated transcripts (28 out of 138) by the
end of January 2026, with more coming in mid-
February for a total of roughly 45 transcripts. Ad-
ditional annotated material should arrive by early
March when we begin experiments.

We may adjust the final classification taxonomy
based on how frequently categories appear and on
inter-annotator agreement. Following Metzner et al.
(2025b), we might remove very rare categories or
merge related ones to make the classification sys-
tem more robust.

5 Methods and Evaluation

To answer our research questions, we will fine-tune
several pre-trained language models on the TALIS
dataset and compare to which degree each model

benefits from conversational context.

5.1 Model Architecture

To test whether the optimal context window size
varies between model architectures (RQ3), we will
compare three categories of models:

1. Encoder-only models: Following Bueno et al.
(2025), DeBERTaV3 (He et al., 2023) serves
as our primary encoder baseline, as it demon-
strated strong performance in their classroom
activity classification experiments. If prelimi-
nary tests indicate superior performance, we
may use its multilingual variant mDeBER-
TaV3 instead. To test whether our findings
generalize beyond the DeBERTa architecture,
we include ModernGBERT (Wunderle et al.,
2025), a German-specific encoder model.

2. Large-scale decoder models (LLMs): As
our decoder baseline, we use Gemma 2
(Gemma Team, 2024), which achieved strong
performance in Metzner et al.’s (2025b) clas-
sification of teachers’ motivational messages.
We also include Qwen3 (Yang et al., 2025) as
a more recent decoder model.

3. Embedding-optimized LLMs: Qwen3-
Embedding (Zhang et al., 2025) will serve
as a representative for the approach of opti-
mizing large-scale decoders for representation
learning. It currently achieves the best per-
formance on German classification tasks on
MTEB (Muennighoff et al., 2023).

5.2 Fine-tuning

All models will be initialized with pre-trained
weights from Hugging Face (Wolf et al., 2020) and
fine-tuned on the TALIS dataset. For the larger
decoder-based models, we will use Parameter-
Efficient Fine-Tuning (PEFT) using Low-Rank
Adaptation (LoRA) (Hu et al., 2021), similar to
Metzner et al. (2025b). Hyperparameters will be
adopted from prior work rather than performing
dedicated hyperparameter optimization.

We will incorporate context into the models’
inputs by prepending the k preceding utterances
Up—k, ---, Un—1 to the target message wu,, and sepa-
rate them with special tokens, which we add to the
tokenizer (cf. Bueno et al., 2025).

To handle class imbalance, we will use an
imbalance-aware loss function, such as Focal Loss
(Lin et al., 2018) or Weighted Cross-Entropy Loss



RQ Variable Configurations

1 Past Context Window

k € {0,1,2,4} (Past utterances only)

2 Future Context Shifted Window:

Extended Window:

k/pasl = kopl - L
kpast - kopts

kful =1
kfut =1

(Total length = kop)
(Total length = kope + 1)

3 Model Architecture

Encoders: DeBERTaV3, ModernGBERT

Decoders: Gemma 2, Qwen3, Qwen3-Embedding

Table 1: Overview of the planned experiments

with weights proportional to the inverse Effective
Number of Samples (Cui et al., 2019). The ex-
act choice will be determined through preliminary
tests.

5.3 Experimental Design

Table 1 shows an overview of our planned exper-
iments. For each model, we will first establish a
baseline using only the target utterance (k = 0),
then systematically test the impact of conversa-
tional context:

Experiment 1 (RQ1): To find the optimal past
context window, we will test configurations with
k € {1,2,4} preceding utterances. The goal is to
find the point where the model captures relevant
discourse patterns before hitting diminishing re-
turns or degradation from noise. If a model does
not hit this point at £ = 4, we may expand the
search space accordingly.

Experiment 2 (RQ2): To test whether future
context helps, we will give the model one subse-
quent utterance in addition to past context. To
keep the scope manageable, we restrict this to two
configurations using the optimal window size kop
from Experiment 1: a shifted window (keeping to-
tal length at ko, by replacing one past utterance
with one future utterance) and an extended win-
dow (adding one future utterance to all kqp past
utterances).

We address RQ3 by running the experiments
above for each architecture described in Section
5.1.

5.4 Evaluation Strategy

We will use stratified k-fold cross-validation to re-
duce variance from rare classes. We will also imple-
ment grouped splits to prevent data contamination:
all utterances from a single transcript stay strictly
within either the training or test split. This prevents
models from simply memorizing individual teach-
ers’ linguistic styles rather than learning the actual
motivational categories. Without grouping, models

might achieve high performance by recognizing a
specific teacher rather than the desired patterns. We
lack metadata to group by teacher across lessons,
but grouping by transcript should work as a reason-
able proxy to reduce speaker-specific bias.

Our primary metric will be the macro-averaged
F1-score. We will also analyze class-specific per-
formance to see whether certain experimental set-
tings help some categories more than others. Be-
yond quantitative metrics, we may perform a brief
qualitative error analysis, examining cases where
the model failed without context but succeeded
with it.

6 Scope and Limitations

This thesis focuses exclusively on fine-tuned
transformer-based models for classification. Sev-
eral related directions are outside our scope:

1. We do not investigate in-context learning
(ICL) with LLMs. While ICL works well in
low-resource settings (Brown et al., 2020) and
could exploit the large context windows of
modern LLMs, fine-tuning approaches appear
to outperform ICL for our task and domain
(see Section 2.2).

2. We do not use multi-modal approaches that
combine audio or video data with transcripts.
Multi-modal analysis has shown promising re-
sults for classroom discourse (Bueno et al.,
2025), but such extensions are beyond the
scope of this thesis.

3. We do not examine long-range dependencies
beyond the immediate conversational context.
It is worth noting that human annotators likely
rely on such broader context when making
annotation decisions, and incorporating this
information might be necessary to achieve
human-level classification accuracy.

4. We initially planned to test whether mod-
els fine-tuned on one context window size



could generalize to different sizes at inference
time. This could reduce training costs, but we
dropped this direction due to time constraints.

7 Timetable

The proposed progression of this research is de-
tailed in Table 2.
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Phase Timeframe

Milestones & Activities

1. Preparation Until Jan 31

2. Implementation  Feb 01 — Feb 28

3. Experiments Mar 01 — Mar 21

4. Evaluation Mar 22 — Apr 15

5. Submission Apr 16 — Apr 30

Finalization of the exposé
Drafting of chapters Introduction and Related Work

Implementation of the data processing pipeline
Validation of setup using dummy data

Arrival of TALIS data
Execution of the planned experiments
Writing of chapter Methods

Quantitative and qualitative analysis of the results
Writing of chapters Results and Discussion

Final re-run of best-performing models on extended data
Writing of chapters Conclusion and Abstract
Proofreading and submission

Table 2: Planned progression of this thesis
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