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Abstract
A key challenge in automated question generation is producing grammatically correct, error-free, and contextually
relevant questions. While large language models already handle this well, smaller models that can run on
consumer-grade hardware face greater difficulties. Another obstacle is the lack of large, high-quality datasets,
particularly for education video transcripts, which limits the diversity and applicability of training data. On top of this,
current evaluation methods either rely on strict comparison to a "ground truth," undervaluing valid but unmatched
questions, or on expert judgments, which do not scale. They do not provide insights into the nature of errors. In
this paper, we introduce a dataset of real-life educational video transcripts and investigate the question-generating
capabilities of small language models by assessing their output with pre-defined error categories. We also present a
novel approach to automatic quality assessment by classifying questions into predefined error categories. We show
that questions generated by small language models are still prone to error. Our proposed classification approach

outperforms baseline approaches and matches GPT-5 performance by reaching an accuracy of 72%.

Keywords: Educational Video Transcripts, Question Generation, Error Classification

1. Introduction

The rise of online learning platforms and the use
of structured assessments have led to a higher
frequency of knowledge tests. Many of these tests
are designed around question-and-answer formats
based on educational video content or lectures,
necessitating the manual creation of a substantial
number of questions. To mitigate the labor inten-
sity of this process, there is growing interest in
automated question generation. State-of-the-art
approaches to automatic question generation typi-
cally employ large language models (LLMs) such
as ChatGPT or Gemini (Anil et al., 2023) to gen-
erate questions with a zero-shot approach. Other
approaches use fine-tuned small language mod-
els (SLMs) like Mistral7B (Jiang et al., 2023) or
low-parameter count LLama (Touvron et al., 2023)
models to either reduce computation or eliminate
the need for API calls. While this is the preferred
method from a resource- and cost-efficiency per-
spective, SLMs only reach a fraction of the per-
formance of their large counterparts. Automati-
cally generated questions face various quality con-
trol problems, ranging from dissociation from the
source text to more intrinsic problems such as
faulty grammar. Additionally, the most common
datasets used for training, like SQUAD (Rajpurkar
et al., 2016) or NewsQA (Trischler et al., 2017),

do not have a focus on education or are taken
from exams (e.g., RACE (Lai et al., 2017)) and
are not suited to train models for question genera-
tion based on videos. Metrics to evaluate questions
and identify problems often rely on a comparison to
a ground truth (Lin, 2004; Papineni et al., 2002) or
are the result of expensive human annotations (Jia
et al., 2021; Liu et al., 2020).

In this paper, we investigate typical errors in
questions generated by SLMs and address the
novel task of identifying various types of issues in
generated questions automatically. Our method au-
tomates human judgment by training a classifier to
recognize different predefined error types. Specifi-
cally, we address questions generated from audio
transcripts of educational videos. We introduce
a new dataset based on transcripts from various
English-language educational video content. First,
we train multiple small question generation (QG)
models, ranging from three to seven billion parame-
ters, on two well-known question-answer datasets,
and use them to generate questions for a dataset
of educational videos. Subsequently, we manually
annotate the questions with error categories. Fi-
nally, we train and evaluate several classifiers on
the annotated questions.

Thus, we make three main contributions: a
dataset of questions of varying quality based on
transcripts of educational videos, an in-depth anal-

2166

Proceedings of the Fifteenth Language Resources and Evaluation Conference (LREC 2026), pages 21662177
11-16 May 2026. ©ELRA Language Resources Association (ELRA), 2026



ysis of question generation capabilities of state-
of-the-art small language models and a classifier
to identify common issues in automatic question
generation, achieving human-like error analysis.
Moreover, the classifier can be used to evaluate
generated questions without a ground truth or gold
standard. That differs substantially from the preva-
lent evaluation techniques, which use string match-
ing with a given ground truth. Our classifier runs
locally and can be trained and used on a consumer-
grade GPU, matching GPT-5 performance while
only needing a fraction of the resources. In con-
trast to most prevalent approaches, we focus on
a more specific analysis that has been previously
achieved only through human annotation.

2. Related Work

Recent question generation approaches use LLMs
to generate questions when given text as input.
Question generation using LLMs predominantly
uses either fine-tuning (Ko et al., 2020) or zero-
shot (Yuan et al., 2023) and few-shot (Poon et al.,
2024) techniques to prompt a chatbot model,
such as ChatGPT, LLaMA, or Mistral, achieving
good results (Elkins et al., 2023; Biancini et al.,
2024). However, questions generated with SLMs
frequently exhibit errors and do not fully mirror the
quality of human-crafted questions.

To assess the degree to which automatically gen-
erated questions are correct and useful, several
automatic and manual evaluation methods exist
(Amidei et al., 2018). The most prevalent automatic
metrics are ROUGE (Lin, 2004) and BLEU (Pap-
ineni et al., 2002), which compare the generated
question to a set of reference questions. These
metrics are popular due to their ease of use; how-
ever, they penalize error-free questions dissimilar
to the reference (Nema and Khapra, 2018). To
address this limitation, evaluations frequently incor-
porate manual metrics that use human-generated
annotations to assess questions based on crite-
ria such as relevance and grammatical sound-
ness (Mulla and Gharpure, 2023). While man-
ual metrics offer superior assessments of question
quality, they also require more time and labor.

The primary approach to address these limi-
tations involves methods that automate manual
metrics and endeavor to emulate human judg-
ments. Examples include Learned Evaluation met-
ric for Reading Comprehension (LERC) (Chen
et al., 2020) and Reference-free Question Genera-
tion Evaluation (RQUGE) (Mohammadshahi et al.,
2023). LERC, a BERT-base model, uses a scor-
ing mechanism to evaluate how well a question
is suited to test text comprehension. RQUGE, on
the other hand, uses a combination of question-
answering and span-scoring modules to determine

the answerability of questions.

Other metrics include Crosslingual Optimized
Metric for Evaluation of Translation (COMET) (Rei
et al., 2020), BLEURT (Sellam et al., 2020)
and Compression, Transduction, and Creation
(CTC) (Deng et al., 2021). These metrics auto-
mate human judgments on a wide variety of text
generation tasks, like machine translation.

While these metrics are mostly regression-based
and assign a singular score to a candidate ques-
tion, our approach takes a different angle. We
approach it as a classification task to identify spe-
cific problems in the candidate, providing a detailed
analysis by isolating potential problems.

Datasets used for question generation are
mostly based on text. The most popular datasets,
SQuAD (Rajpurkar et al., 2016), RACE (Lai et al.,
2017) and NewsQA (Trischler et al., 2017), all
use written text in the form of Wikipedia entries
or news articles as a basis. While this often makes
sense, it overlooks a significant aspect of mod-
ern education: video content. Existing video tran-
script datasets often either do not feature a ques-
tion component (e.g. HD-VILA-100M (Xue et al.,
2022), HowTo100M (Miech et al., 2019) or MSR-
VTT (Xu et al., 2016)) or do not have an educa-
tional focus (e.g. CinePile (Colas et al., 2020a)
or MovieQA (Tapaswi et al., 2016)). The few
video transcript datasets that exist, such as Tuto-
rialVQA (Colas et al., 2020b), are primarily based
on short-form instructional videos. This is where
our dataset TIB-AV-100 fills a gap by being a video
transcript dataset that provides questions for long-
form and complex educational videos, ranging from
typical lecture and whiteboard scenarios all the way
to documentaries.

3. Datasets

In this section, we describe the datasets used. This
includes the dataset we introduce, TIB-AV-100, as
well as previously available datasets used for train-
ing and evaluation.

3.1. TIB-AV-100: A Video Transcript
Dataset

To obtain a dataset with a large variation in ques-
tions, question types, and types of errors, we
trained various state-of-the-art small language
models to generate questions: a Gemma 3 (Ka-
math et al., 2025) model (4B parameters), a LLama
3.2 (Dubey et al., 2024) model (3B parameters)
and a Deepseek (DeepSeek-Al et al., 2025) model
(7B parameters), distilled on Qwen. All of these
models were fine-tuned on the SQUAD dataset
with the recommended 80/10/10 standard split.
The models were mostly finetuned with default set-
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tings. The only customized ones were a per-device
train and eval batch size of two and a runtime of
only three epochs. To fit the models on a single
GPU, we used LoRA for causal LMs with standard
settings. To avoid monotonous question genera-
tion and diversify our dataset, especially regarding
question complexity and wording, we fine-tuned
another set of these models on the more com-
plex NewsQA (using the same model settings as
SQuAD). Also, we used the models’ instruction-
fine-tuned variants for zero-shot question genera-
tion. Counting zero-shot models, this results in a
total of nine different question generation methods.
This mix of models and training datasets allowed
us to obtain a wide variety of questions. To get
the best possible zero-shot results, we prompted
the models using best practices (Chen et al., 2025)
and prompt guides -2 with the following prompt:

Consider this audio transcript:
{CONTEXT HERE}

You are a professor creating
questions for an exam geared at
college students.

Generate a single question that
tests the students understanding
while also not demanding an
overly long or complex answer.
Make sure the question can be
answered with the context. Do
not generate an answer and
generate nothing but the question
itself.

This prompt was found through experimentation
over several iterations and was found to yield the
best results. We then used these models to gen-
erate questions for 4,700 text chunks from the
TIB-AV-100 transcripts, resulting in about 42,300
questions with nine questions per text chunk. The
dataset can be found here.

All training was performed using an Nvidia
RTX3090 24GB. Overall, training plus final ques-
tion generation took about 72 GPU hours per
model, resulting in a total cost of 432 GPU hours.

3,000 generated questions were then manually
annotated by a native English speaker for typical
error types and used to train and evaluate the er-
ror classification algorithms. A more detailed de-
scription of the annotation process and analysis of
annotation results, as well as dataset composition
and examples, can be found in Section 4.

3.2. Error Classification

Our error classification pipeline utilized the follow-
ing datasets:

1https://www.promptingguide.ai
2https://platform.openai.com/docs/
guides/text

Stanford Question Answer Dataset (SQuAD)
(Rajpurkar et al., 2016) consists of about 100,000
English triples (text, question, answer) from
Wikipedia. The SQuAD dataset is popular in
question-related text generation tasks, and we
used it to train our models.

News Question Answering (NewsQA)
(Trischler et al., 2017) consists of over 100,000
English question-answer pairs annotated from
over 10,000 news articles from CNN. We used this
dataset as a second basis of training data to train
a second set of models.

TIB-AV-100 consists of the top 100 English
videos of the video archive of the Leibniz Infor-
mation Centre for Science and Technology (TIB)3.
We transcribed these videos using OpenAl's Whis-
per (Radford et al., 2023) (/arge-v3) and then seg-
mented the transcripts into chunks of about 160
words, approximately the chunk size of the SQuUAD
texts. Cut-off sentences were restored, leading to
slight overlaps in some chunks. TIB-AV-100 was
used as a basis to train the classifier and eval-
uate its performance. This dataset was created
to closely mirror actual real-world tasks for which
automatic question generation is used.

Fairytale Question Answering (Fairy-
taleQA (Xu et al., 2022)) consists of 10,580
English questions about 278 famous fairytales.
This dataset aims to test the narrative compre-
hension of children and consists of relatively
easy-to-understand texts. We used it as a
second evaluation dataset for the classifier to test
knowledge transfer performance.

4. Error Detection

In this section, we first outline the relevant error
categories for the classifier and then show how
they are distributed in the dataset.

4.1.

We identified ten typical problems with automati-
cally generated questions by manually analyzing a
subset of the generated data. These ten specific
issues can be grouped into five broader categories
as shown in Table 1 (category 1 - 5). We extended
these ten categories to also handle questions that
fall outside their scope by adding two more: Other
error, to include labels for questions that contain
errors not covered by the ten categories, and Error-
free, to label questions that do not contain errors.
We manually evaluated 2,987 questions gener-
ated by the mentioned models using text chunks
from the TIB-AV-100 dataset and annotated ques-
tions with these twelve categories. In addition to
labeling the questions, we also annotated the text

Error Categories

*https://av.tib.eu/
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Cat. | Description and Sub-Categories

Example

0 Error-free

What is the name of the renderer
that produces vector tiles?

Does not fit the text

(b) Irrelevant or off-topic

1 (a) Can’t be answered due to missing information in the text

How do | get sharper images?
for a text about cutting wedges

2 Can’t be understood without reference to the text

How do | integrate this in three
seconds? (better: How do I in-
tegrate the rectangle surface in
three seconds?)

3 Nonsensical

How do | make love not poor not
TV?

4 Asks for more than one thing or is vague

What happens when you get into
a collision? (better: What is the
most common injury in a collision
accident?)

Unnatural or wrong phrasing
a) Grammatically incorrect
b) Unnecessarily long

¢) Wrong pronoun

d) Wrong question word

e) Unusual wording

(
(
(
(
(

What is the square root zero?
(better: What is the square root
of zero?)

6 Other error

How about asking about the im-
pact of the alleles on the colony?
(better: What is the impact of al-
leles on the colony?)

Table 1: Error categories used for annotation and their sub-categories. Examples were chosen from

questions generated for the TIB-AV-100 data.

chunks from the TIB-AV-100 dataset as either good
(i.e. suitable to ask a question about) or bad (i.e.
not worthy to ask a question about). An example
of what differentiates a good from a bad context
can be seen in Table 2. Questions were then anno-
tated only for the text chunks annotated as good.
Except for category 0, all categories can be part
of a multi-label set per question. Additionally, our
annotator was tasked with manually creating an
error-free question for each of the annotated good
text chunks. A native English speaker with a back-
ground in linguistics annotated all questions.

4.2. Error Distribution

Figure 1 shows the distribution of error types in the
training and test data. The data exhibits significant
error variations, resulting in a diverse set of gen-
erated questions. In total, 2,181 error labels were
assigned to 1,577 questions. 47.2% of questions
are error-free, with about a quarter of them being
the manually created ground truth questions. The
most common errors are: questions that can’t be
answered (22%), questions that are vague (14.9%)
and questions that are worded unusually (8.8%).
Additionally, most questions were only labeled with
one error type, as seen in Figure 2. Further ex-
amination of the data shows that there are also

error differences between models and methods,
shown in Figure 3 and Figure 4. Deepseek cre-
ated the most error-prone questions out of all mod-
els. While Gemma created the most answerable
and error-free questions, this model also created
the vaguest questions. Regarding the methods,
SQuUAD seems to be the most reliable training
source, while NewsQA created the least error-free
questions. Zero-shot shows good capabilities at
creating answerable questions, but also suffers
from the problem of creating the vaguest questions
by far. All methods and models created almost no
questions that are nonsensical or can’t be under-
stood without reference to the text. Additionally,
models and methods did not create many ques-
tions that fall outside of the examined error cate-
gories (only 6.1% of questions contained other er-
rors), showing that the used error categories cover
almost all errors present in questions generated by
SLMs.

5. Error Classification

In this section, we discuss the classifiers we used
for error classification and the training process.
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Good

Bad

Research is a key pillar of social progress. World-
wide, over two ftrillion euros are invested in ac-
quiring new scholarly knowledge annually. Yet
we have used roughly the same method of schol-
arly knowledge communication since the birth of
modern science. Scientific articles. A 17th cen-
tury researcher would have been able to read the
whole scientific canon. [...]

[...] I'will use some time on GitHub, just looking to
the code, showing everywhere, everyone where
stuff is. And also, hopefully, | will be able to do a
couple of live demos. Knock on wood. So, yeah,
I’'m going to try to summarize afterwards by going
through good, bad, ugly, and also try to sketch out
the future, as | see it. And end up with a summary.

[..]

Table 2: Examples of good and bad texts from the TIB-AV-100 dataset. These examples were chosen to

be representative of the texts encountered.
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Figure 1: Number of questions per error category.
0 = error-free; 1 - 6 = error categories.
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Figure 2: Number of questions per error amount.

5.1. Classifier Training

We consider two classification tasks: a binary
classification to identify error-free questions and
a multi-label classification that assigns questions
to five broader error categories, as well as the
"Other error" and "Error-free" categories. For

100 DEEPSEEK
s GEMMA
LLAMA

Count

I |
2

3
Error Amount

I

Figure 3: Total # of errors per model and error
amount.

both problems, we trained multiple state-of-the-art
BERT-based encoders: BERT (Devlin et al., 2019)
(bert-large-cased), DeBERTa (He et al., 2021)
(deberta-v3-base), XLNet (Yang et al., 2019)(x/net-
base-cased), NomicBERT (Nussbaum et al., 2024)
(nomic-bert-2048) and GTE (Li et al., 2023) (gte-
large). To perform classification, we extended
these encoders by adding a classification layer on
top that takes the pooler output from the encoder
and projects it through a linear layer onto the di-
mensionality of the number of output labels. In this
case, two labels are used for binary classification,
and seven labels are used for multi-label classifica-
tion. To find the optimal training strategy, we exper-
imented with batch size, learning rate and number
of epochs. All models took a combination of text
and the corresponding question as input. Since
the text chunks are rather short, truncating the in-
put was not necessary. Instead, it was padded to
the context window of the specific models. Where
applicable, text and question were separated by a
SEP token. We trained classifiers for both tasks
separately. Due to the increase in complexity for
the multi-label task, as well as the different natures
of the classifiers regarding pre-training and archi-
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NEWSQA
s SQUAD
ZEROSHOT

Count

2 3 4 5 6

Error Amount

Figure 4: Total # of errors per method and er-
ror amount. SQUAD and NEWSQA refer to the
fine-tuned models, while ZEROSHOT refers to the
prompted models.

tecture, training separately for binary classification
might give a performance boost. Additionally, all
classifiers leave a small enough footprint on the
hard drive that storing two of them is negligible.
The 2,987 annotated questions are split randomly
into a training set of 2,397, a validation set of 294
and a test set of 297 questions. Since we gener-
ated multiple questions per text chunk, we split the
dataset context-wise. Thus, ensuring all questions
for a text chunk remain in the same split. Over-
all, we arrived at a learning rate of 2 - 10~ over
ten epochs. We applied a standard weight decay
of 0.01 and left dropout on hidden and attention
layers at the standard value of 0.01. The models
were trained with a batch size of 32, both for train-
ing and evaluation. All models were trained using
cross-entropy loss on the binary classification task.
For the multi-label classification task, we used bi-
nary classifiers, one for each label, which were
trained using a binary cross-entropy loss function
with class weights. For simplicity’s sake, these
multiple binary classifiers will be referred to as mul-
tilabel classifier going forward.

All classifier training was performed using an
Nvidia RTX3090 24GB. Due to the small amount of
data, it took < 1 GPU hour to train the final models.
All classifiers were trained on GPUs, with overall
experimentation costing about 48 GPU hours.

5.2. Zero-Shot GPT-5

In addition to training classifiers, we also performed
a zero-shot classification with GPT-5. This is meant
to serve as a baseline performance that can be
achieved even without any training data and by
just using the metric, a text and questions by them-
selves. We iterated over multiple prompts but finally

landed on the following prompt:

You are a professor labeling
questions based on their
usability in a college exam.

The questions should be labeled
regarding the following error
categories:

{LIST OF CATEGORIES 1 - 12 HERE}

Each question should be sorted
into one or more of these
categories. Category 12 is
exclusive. Questions 1in that
category can not be in other
categories.

For the following context:
{CONTEXT HERE}

Label the following questions:
{QUESTION LIST HERE}

Format your answer like this:
Question: [Labels]

Generate only the answer in the
given format and nothing else.

Do not justify or explain your

answer.

This prompt is similar to the instructions given to
the annotators who labeled the dataset. The list
of categories used in this prompt is the one pre-
sented in Table 1, but treats the sub-categories as
their own category, resulting in a total of twelve
individual categories. The question list consists
of all questions generated for a context. We used
the same test dataset for the GPT-5 experiment
that we also used for the other experiments. Each
question list was provided to the model as part of
a new prompt.

6. Classifier Evaluation

In this section, we evaluate the performance of the
trained classifiers separated into classification ap-
proaches. Table 3 shows the results for the binary
classification. We can see that zero-shot GPT-5
already performs reasonably well, reaching an ac-
curacy of 72%. Our fine-tuned classifiers differ
greatly in performance. While the worst one, GTE,
even underperforms a simple majority classifier,
NomicBERT manages to match the GPT model,
while XLNet almost reaches its performance. In-
terestingly enough, all fine-tuned models perform
slightly better on the minority class than the ma-
jority class, except for NomicBERT. Regarding the
weighted F1 score, all classifiers vastly outperform
the majority classifier. XLNet nearly reaches the
zero-shot performance of the GPT-5 model, while
NomicBert matches it.

In addition to evaluating on a test split of the
TIB-AV dataset, we also tested on 222 manually
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Clf. Class Prec. Rec. F1 F1 Acc.
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Table 3: Results for the best binary classifiers,
including a baseline majority classifier. NB =
NomicBERT; DB = DeBERTa. 0 = error-free; 1
= error. The second F1 value is the weighted aver-
age for each classifier. Results are for the TIB-AV
dataset.

Class Prec. Rec. F1 Support
0 0.58 0.61 0.60 132
1 0.29 0.07 0.11 61
2 0.00 0.00 0.00 8
3 0.00 0.00 0.00 3
4 0.44 0.51 047 41
5 0.81 0.35 0.49 71
6 0.00 0.00 0.00 27
Weighted 0.41

Table 4: Results for the multilabel classifier (bert-
large-cased). 0 = error-free; 1 - 5 = error cate-
gories. 6 = Other error. Results are for the TIB-AV
dataset.

annotated questions generated on the FairytaleQA
dataset. Transferring knowledge to a different do-
main remains a challenging task for the classifiers,
as can be seen in Table 5. While all classifiers
except for BERT manage to outperform the major-
ity baseline, only XLNet has noticeable gains over
the baseline. BERT and DeBERTa both classified
most encountered questions as errors, showing
that they did not learn meaningful representations.
While XLNet still tended to favor the error class,
NomicBert is the only classifier to favor the minor-
ity class (error-free), indicating learned behaviour
from its training dataset. When comparing class
F1 scores with the class F1 scores in Table 3, we
can see that all models stick to their preference in
label.

The multilabel results show that multilabel clas-

Clf. Class Prec. Rec. F1 F1 Acc.
serr 0 012 055 0% o35 oa
o 0 D 0% 0% o os
e 9 9% 9% 9% 0ss uso
w0 D% O 0% om s
e 0 08 S0 0z o

Table 5: Results for the best binary classifiers,
including a baseline majority classifier. NB =
NomicBERT; DB = DeBERTa. 0 = error-free; 1 = er-
ror. The second F1 value is the weighted average
for each classifier. Results are for the FairytaleQA
dataset.

Class Prec. Rec. F1 Support
0 0.68 0.78 0.73 132
1 0.56 0.63 0.59 61
2 0.00 0.00 0.00 8
3 0.00 0.00 0.00 3
4 0.72 047 0.57 41
5 0.41 0.27 0.32 71
6 1.00 0.08 0.15 27
Weighted 0.55

Table 6: Results for the GPT-5 multilabel classifi-
cation. 0 = error-free; 1 - 5 = error categories. 6 =
Other error.

sification is a much more complex task than binary
classification. This is evident even in the GPT-
5 baseline model. This model does not achieve
compelling results on the task, reaching only a
weighted F1 score of 0.55, as can be seen in Ta-
ble 6. Here, we can see that GPT-5 performs well
on the error-free class but becomes significantly
worse when tasked with identifying specific issues
with the questions. Especially, error categories 2
(can’t be understood without reference to the text)
and 3 (nonsensical) have not been identified by
the model a single time, possibly due to the low
amount of support examples. For actual error de-
tection, GPT-5 performs best on error category 1
(does not fit the text).

The results for the best fine-tuned multilabel clas-
sifier (bert-large-cased) can be seen in Table 4.
When compared to the GPT-5 baseline, we can
see that the fine-tuned classifier also never pre-
dicts categories 2 and 3. The fine-tuned classifier
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additionally never predicts category 6 (other error).
Table 1 shows that these three categories are by
far the categories that have the least amount of
support. On the other categories, the multilabel
classifier does not reach the performance of GPT-5,
except for category 5 (unnatural phrasing), where
it outperforms GPT-5 by a significant margin. Over-
all, results show the validity of treating binary and
multilabel classification separately, since each task
achieved best results with another classifier.

7. Discussion and Conclusion

In this paper, we introduce a dataset of compre-
hension questions derived from transcripts of ed-
ucational videos, created using various question
generation models. The study focuses on ana-
lyzing typical errors found in questions produced
by state-of-the-art small language models. A to-
tal of 2,987 questions were manually annotated
for ten common error types, alongside a broader
"Other errors" category and a label for error-free
questions. Furthermore, a classifier is proposed
to automatically detect specific types of errors in
generated questions.

We trained five classifiers on the binary task to
predict whether a question is error-free and on the
multilabel task of finding the exact types of errors
for each question.

The binary classification results show that the
classifiers can detect the presence of errors in au-
tomatically generated questions to a degree that
enables their use in downstream tasks. Such tasks
could be a reward model in reinforcement learn-
ing or a final filtering step to extract high-quality
questions from a pool of candidates. The classifier
could be used as part of an evaluation strategy
for question-generation models. The performance
of the classifiers approaches that of a zero-shot
GPT-5 approach, while one of them matches GPT-
5. This is achieved on a local machine using only
a fraction of the compute cost of GPT-5. Our clas-
sifier also does not require a ground truth question
to compare a generated one against. This offers
an advantage over most commonly used automatic
evaluation methods, which rely on comparison to a
ground truth and fail to detect subtle grammatical
errors while unfairly penalizing valid questions that
differ from the ground truth phrasing.

The multi-class multi-label task of detecting the
exact set of problems is much harder and the re-
sults are not yet compelling. However, this fault
could be attributed to the low amount of available
training data and not the method or classifier itself.
Furthermore, GPT-5 also does not achieve com-
pelling results in the multilabel classification task,
indicating the complexity of the task.

Future work includes expanding datasets, im-

proving classifier performance, and integrating this
method into an automated assessment pipeline.
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