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Abstract

In this paper, we present the IWM-DKM team
submissions to the BEA 2026 Shared Task 2:
Rubric-based Short Answer Scoring for Ger-
man. We systematically explored how fine-
tuned language models can be reliably em-
ployed for short answer scoring, for which
three aspects turn out to be particularly ben-
eficial: supplementing the fine-tuning process
with generated domain expertise, restructured
rubrics, and thinking traces. To increase the
robustness of the scoring, we combine distinct
approaches in an ensemble. Our best submis-
sions finished in first place across all tracks,
indicating promise for the further application
of these strategies in automatic scoring.

1 Introduction

In contrast to previous challenges for automatic
short answer scoring, such as the 2012 Kaggle chal-
lenge (Barbara et al., 2012) and the 2013 SemEval
Task 7 (Dzikovska et al., 2013), the BEA 2026
Shared Task 2 (Gombert et al., 2026) represented
the first challenge in which scoring rubrics formed
an essential element of the scoring, and the first
large-scale non-English short-answer challenge.
The shared task offered two labeling schemes: a
3-way classification of answers into ‘Correct’, ‘Par-
tially correct’ and ‘Incorrect’, and a binary ‘Cor-
rect’ / ‘Incorrect’ classification. Additionally, two
evaluation setups were provided: Unseen Answers
(a held-out set of answers to the questions from the
training data), and Unseen Questions (answers for
new questions not included in the training data).
Participating as team IWM-DKM, we submitted
entries to all four tracks of the challenge.

We utilized LoRA-fine-tuned LLMs (Hu et al.,
2022) from the Qwen family (Yang et al., 2025) as
the backbone of our grading system and success-
fully improved performance by a combination of
augmentation of the model input with additional

relevant information such as domain-specific back-
ground knowledge, and restructuring information,
including both the rubrics and the model’s thinking
traces to increase grading consistency.

Our approach produced the best submission in
both unseen question (UQ) tracks with a single fine-
tuned model combined with several supplementary
strategies, and achieved first place in both unseen
answer (UA) tracks by combining the strengths of
multiple models into a majority-vote ensemble. In
the following, we discuss related work on rubric-
based short answer scoring and what motivated our
use of the techniques we implemented. We then
describe our methodology in detail and outline the
results for each track.

2 Related Work

Recent years have seen an increase in deep learning
approaches (e.g. Bexte et al., 2022; Ormerod, 2022)
and LLM-implementations for short answer scor-
ing (e.g. Chamieh et al., 2024; Frohn et al., 2025;
Gao et al., 2025). In rubric-based scoring, descrip-
tive scoring rubrics are integrated into the auto-
grading methodology, acting as a mechanism to
guide model decisions closer in line with principles
of human assessment. Wang et al. (2019) integrate
“key elements” of scoring rubrics with a word-level
attention mechanism in a Bi-LSTM neural grad-
ing system. In recent approaches with LLMs, both
Zhao et al. (2024) and Jiang and Bosch (2024) find
that LLM scoring reliability is improved with the
addition of rubrics, and Frohn et al. (2025) ob-
serve variable performance dependent on the level
of rubric detail. Somewhat contrastingly, Pathak
et al. (2025) experiment with prompt granularity,
and find that LLM grading may become too harsh
when rubrics are evaluated in a point-wise man-
ner. Pathak et al. develop a multi-agent LLM
approach, utilizing a majority vote ensemble of
models. While they observe benefits of an ensem-

1224

Proceedings of the 21st Workshop on Innovative Use of NLP for Building Educational Applications, pages 1224-1234
July 3-4, 2026 ©2026 Association for Computational Linguistics



ble over a single model, beyond 3 to 4 LLMs results
plateau with the addition of more LLMs. Overall,
works to date suggest that rubrics offer a promising
way to improve performance in short answer scor-
ing, with the additional benefit of greater ground-
ing in principles of traditional human assessment.
However, how best to incorporate rubrics into au-
tomatic grading has not yet been comprehensively
explored. While many recent approaches integrate
rubric information via LLM prompting, the extent
to which rubrics can be applied to the fine-tuning
of pre-trained LLMs remains unclear. With our
shared task submission, we aim to target this gap.

3 Approach

The ALICE-LP dataset consists of questions and
answers from four science subject areas with au-
thentic responses from secondary school students
in Germany. The training set contained 78 ques-
tions with 7899 answers, alongside a trial set of
827 answers. Each item contains the question, the
student response, and a rubric describing the crite-
ria for each scoring level. Preliminary experiments
with several encoder models appeared to reach a
performance ceiling at around 0.75 QWK on the 3-
way trial set. Consequently, our primary approach
instead utilized supervised fine-tuning of decoder-
only language models, specifically Qwen3 (4B/8B)
and Qwen3.5 (9B) (Yang et al., 2025), incorporat-
ing all three item elements into the model input. We
opted to use Qwen models, as relatively small-sized
yet high performing open-source LLMs, making
them more suitable for fine-tuning and deployment
in educational settings than closed-source alterna-
tives (Lin et al., 2026).

We employed Low-Rank Adaptation (LoRA)
(Hu et al., 2022) targeting all linear projection
layers with a rank » = 16 and a scaling factor
16. This fine-tuning strategy was chosen
so as to preserve the underlying model as much
as possible whilst also taking into account the na-
ture of the task-dataset. Models were trained us-
ing the AdamW optimizer (Loshchilov and Hutter,
2017) with a peak learning rate between 1 x 1074
and 2 x 10~* and a global batch size of 16 or
32. We applied a cosine learning rate schedule to
smoothly decay the learning rate and trained the
models for up to 10 epochs, ultimately selecting
the best checkpoint based on the highest validation
Quadratic Weighted Kappa (QWK). For certain
models, we experiment with different fine-tuning
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strategies, including Direct Preference Optimiza-
tion (DPO) (Rafailov et al., 2023) (where the proba-
bilities of correct labels are increased relative to dis-
preferred options); Fast Gradient Method (FGM)
(Goodfellow et al., 2014; Miyato et al., 2017) (an
adversarial training method whereby embeddings
are perturbed to increase robustness); and NEF-
Tune (Jain et al., 2023) (a further method to intro-
duce noise to the vector embeddings). We indicate
in Section 4 for which submissions we employed
alternative fine-tuning strategies. We build on this
foundation with a range of approaches that aim to
specialize the model more closely to the domain
of the task and align the model’s decision process
with the information contained in the rubrics. We
do this by providing the model with more relevant
information and by restructuring the format of it.

3.1 Checklist Thinking

Based on the principle of walking through inter-
mediary steps before giving a final answer, the
idea of “thinking” in LLMs has evolved from en-
hancing prompts with chain-of-thought prompting
(Kojima et al., 2022) to integrating thinking steps
into the model fine-tuning process (Zelikman et al.,
2022), with the aim of improving model consis-
tency. To apply this principle to short answer grad-
ing, we introduce a structured reasoning format
termed Checklist Thinking. Instead of predicting
the score label directly, the model is trained to
first output a concise set of “Yes/No” checks corre-
sponding to each rubric level within <think> tags.
We found that a dynamic “Applicable-last” order
was most effective—where the model explicitly
evaluates and rejects the non-applicable score cat-
egories before confirming the criteria for its final
predicted label. This method was particularly ad-
vantageous in improving recall for the “Partially
correct” category, an example of which is:

<think>

Incorrect: NEIN

Correct: NEIN

Partially correct: JA

</think>
Partially correct

3.2 Rubric Reframing

LLMs typically perform better on tasks that use a
structured, closed format. In question answering
tasks, a performance drop is observed when mov-
ing from multiple choice to open-question tasks
(e.g. Li et al., 2024). Several works address this
potential challenge for LLMs by breaking down
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complex tasks into a series of sub-tasks (Dua et al.,
2022; Qin et al., 2024; Zhou et al., 2023), or by
decomposing instructions into Yes/No checklists,
resulting in greater alignment with human prefer-
ence (Cook et al., 2024). Taking inspiration from
these techniques, we consider how the format of the
rubrics can be restructured to be more accessible to
LLMs. For each 3-way rubric, we prompt GPT5.1
(Singh et al., 2025) to transform the rubric from
high-level descriptions of the categorical levels to a
set of questions that can be followed as a decision
tree, providing greater structure to guide the LLM
to a grading decision. The prompt used to generate
the reformulated rubrics is shown in Appendix C.1
and an example is shown in Appendix B.

3.3 Background Knowledge

A characteristic of the dataset is that many ques-
tions require an understanding of subject-specific
terminology and processes, or relate to external
material (e.g., tables, experiments). To provide the
necessary domain expertise, and counter some of
the lack of context present in the question alone, we
supplement the model input with generated “back-
ground knowledge”. We use Claude Sonnet 4.6
(Anthropic, 2026b) to generate a short textbook-
style summary based on the question, the rubric,
and all examples of correct student answers avail-
able for the given question. The exact number of
examples used to generate background knowledge
was variable, with an average of 26.46 correct an-
swers per question in the unseen answers train set.
For unseen questions, where ground-truth labels are
absent, we employ a two-step pipeline: We initially
generate context from all answers, from which la-
bels are then predicted, and then re-generate back-
ground knowledge in a second pass using only the
answers labelled as “Correct” (i.e., ‘silver-standard’
labels) (see Appendix C.2 for prompt details, and
Appendix B for an example).

3.4 Skilled-based Categories

To better understand the nature of the data, and due
to the breadth of question types in the dataset, we
manually annotated each question with the operator
used in the question (e.g., describe, justify, explain
etc.). In addition, we assign each question to one
of four categories according to the skills targeted
in the question: Concept Description (describing
abstract concepts or processes), Example Led (an-
alyzing examples in relation to fundamental con-
cepts), Idea Seeking (the formulation of hypotheses

or examples), and Mathematical (calculations and
graph interpretations). The conceptual basis for the
categories was established in discussion among the
authors and annotation was subsequently carried
out by one of the authors. An example question
for each category can be found in Appendix D. We
use these categorizations in two ways. Firstly, mo-
tivated by the idea that scoring performance may
be variable in accordance with question type (e.g.
Meurers et al., 2011), we investigate whether fine-
tuning individual models based on questions of
a similar nature (i.e., of the same skill category)
improves performance for UA. At inference, predic-
tions are made using the corresponding skill-based
model. Secondly, we use these categories as the
basis to create a custom development set for UQ,
including questions which are representative of the
skills and operators present in the UQ test set. We
experiment between a manually chosen subset of
10 questions (n=1488), and a broader subset of
20 questions (n=1368), selected interactively with
Claude Opus 4.6 (Anthropic, 2026a).

3.5 Ensemble Approach

Ensembles of multiple models have been success-
fully used for short answer scoring in several in-
stances (Ormerod, 2022; Pathak et al., 2025). Ma-
jority voting of a number of individual models can
help to mitigate limitations of single models, lead-
ing to more robust overall scoring. We utilize this
majority vote approach in the UA tracks. To select
an optimal combination, we evaluated a candidate
pool of 100 checkpoints from our top experimental
runs, based on QWK on the 3-way trial set. We per-
formed a brute-force search over these candidates
to identify the best combination of models for the
ensemble. In line with Pathak et al. (2025), we use
a combination of four models in the ensemble.

4 Results

We selected our test set submissions based on vali-
dation performance, using the provided trial set for
unseen answers and custom train/validation splits
for unseen questions. We aimed for a balanced
representation of the strategies investigated during
development. Official test results are in Table 1.

4.1 Unseen Answers

For the UA tracks, we tested fine-tuned Qwen3
(4B/8B) and Qwen3.5-9B models. During devel-
opment, our best performing single model on the
3-way trial set was Qwen3-4B (0.792 QWK). Thus,
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Rank Submission ID Base Model Additional Details QWK Precision Recall F1
3-way Unseen Answers
1 655003 Multi-Model Ensemble: 1x9B, 2x8B, 1x4B 0.796  0.781 0.782  0.78
2 655652 Qwen3-8B +FGM, +CL, +BG_correct, +full_data 0.79 0.772 0.77 0.771
8 648459 Qwen3-4B no special parameters 0.781  0.779 0.767  0.77
9 654909 Qwen3-4B by_skill 0.78 0.775 0.768  0.77
10 654389 Qwen3-8B +CL, +BG_correct 0.779  0.771 0.763  0.765
2-way Unseen Answers
1 655003 Multi-Model Ensemble: 3—2way 0.726  0.887 0.887  0.887
4 654846 Multi-Model Ensemble: Rank 7, 8, 10 submissions 0.71 0.88 0.881 0.881
7 654838 Qwen3-4B by_skill, 3—2way 0.7 0.876 0.877 0.876
8 653676 Qwen3-4B 3—2way 0.698  0.875 0.877 0.876
10 653641 Qwen3-4B 2way 0.684  0.869 0.87 0.869
3-way Unseen Questions
655694 Qwen3.5-9B  +NEFT, +CL, +BG_correct, +RR, custom_UQ_20 0.681 0.68 0.664  0.669
6 654994 Qwen3.5-9B  +NEFT, +CL, +BG_all, +RR, custom_UQ_20 0.635  0.657 0.64 0.644
13 653605 Qwen3.5-9B  +BG, +RR, +all_data, custom_UQ_10 0.591 0.727 0.601 0.6
16 654861 Qwen3.5-9B  +BG, +RR, custom_UQ_10 0.541 0.738 0.571  0.567
2-way Unseen Questions
1 655727 Qwen3.5-9B  +NEFT, +CL, +BG_correct, +RR, custom_UQ_20, 3—2way 0.55 0.813 0.818 0.815
5 655638 Qwen3-4B UA train, 2way 0.526  0.802 0.797  0.799
10 655654 Qwen3.5-9B  +NEFT, +CL, +BG_all, +RR, custom_UQ_20, 3—2way 0.501  0.796 0.804 0.797

Table 1: Test set results for IWM-DKM submissions for all four tracks. Abbreviations: BG = background knowledge
(data source), CL = checklist thinking, RR= reframed rubrics, NEFT = NEFTune, by_skill = skill-specific classifiers,
custom_UQ = custom validation set (with total questions), 3—2way = mapping 3-way label predictions to 2-way
labels, UA train = trained only on Unseen Answers data, FGM = Fast Gradient Method adversarial training, full
data = validation set included in training. Precision, Recall and F1 are all weighted metrics.

we submitted the 4B model, trained on either 3-way
or 2-way labels, as baselines for the corresponding
labeling scheme. We tested further strategies as de-
scribed in Section 3, individually and in ensembles.

4.1.1 3-way Unseen Answers

The Qwen3-4B model achieved 8th place with a
QWK on the test set of 0.781, providing a strong
baseline. Our variations to this, such as fine-tuning
individual Qwen3-4B models for each skill-based
category (Rank 9), and including generated back-
ground knowledge and checklist thinking with the
8B model (Rank 10), performed on par, but were
unable to beat the baseline. However, a variation
of the Rank 10 submission that included trial data
in training and was fine-tuned with the Fast Gradi-
ent Method (Miyato et al., 2017) demonstrated the
strength of this form of adversarial training, placing
second on the leaderboard. Our best-performing
and final submission (0.796 QWK) was a majority-
vote ensemble of four Qwen-based variations. De-
tails of the models in this ensemble are shown in
Appendix A. The ensemble was particularly ef-
fective at resolving ambiguous boundary cases be-
tween “Partially correct” and “Correct”.

4.1.2 2-way Unseen Answers

We submitted the two variations of the baseline
model (Qwen3-4B) to the 2-way track: firstly, map-
ping of the 3-way prediction labels to the 2-way la-

bels (i.e., “Partially correct” is re-mapped to “Incor-
rect”); and secondly, fine-tuning directly on 2-way
labels. Whilst both were strong baselines, the 2-
way fine-tuned model performed marginally worse
than the mapped version (0.684 QWK compared to
0.698 QWK). This suggested an advantage of mak-
ing predictions at a more fine-grained level, thus,
our remaining submissions for the 2-way UA track
were mapped from 3-way labels. Mapping predic-
tions from our by-skill Qwen3-4B classifiers led
to marginal improvement over the baselines, and a
majority-vote ensemble of the three systems ranked
7, 8 and 10 offered another slight performance im-
provement. However, the more architecturally di-
verse ensemble (mapped predictions from Rank 1
on the 3-way UA) resulted in our strongest sub-
mission, and the strongest overall submission for
this track, achieving a QWK of 0.726, once again
highlighting the robustness of ensemble setups.

4.2 Unseen Questions

4.2.1 3-way Unseen Questions

For the 3-way UQ track, we utilized Qwen3.5-
9B as our base model, supplemented by check-
list thinking, reframed rubrics, and background
knowledge, and trained with a custom validation
set. Submissions in Rank 1 and 6 were addition-
ally fine-tuned with NEFTune (Jain et al., 2023).
Between these submissions, we observe that silver
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standard “Correct-only” student answers (Rank 1)
provided a +0.046 QWK improvement over using
all answers for Background Knowledge genera-
tion (Rank 6), underscoring that high-quality silver
context is markedly more effective in driving gener-
alization than a larger, noisier data pool, where mis-
conceptions may be introduced. Furthermore, we
experimented with two custom validation sets and
saw a significant improvement in performance with
the broader validation set (custom_UQ_20, used in
Rank 1 and 6) compared to the 10 question set
(custom_UQ_10, used for Rank 13 and 161). De-
spite strong performance during development, the
model optimized on the narrower, 10-question vali-
dation set showed poor transfer abilities to the test
set, indicating the advantage of a broader pool of
validation answers to aid reliable generalization.

4.2.2 2-way Unseen Questions

We applied several of our submissions from other
tracks to the 2-way UQ track. To test generalizabil-
ity from unseen answers to unseen questions, we
evaluate Qwen3-4B fine-tuned on 2-way labels for
UA on the 2-way UQ test set. Despite only training
and validating on unseen answers, the model placed
fifth on the leaderboard, although with a reduc-
tion in performance of 0.158 QWK (0.07 weighted
F1). Additionally, we map the labels of our top
two submissions from 3-way UQ, and reinforc-
ing our earlier findings on the importance of high-
quality background knowledge, the model trained
with NEFTune, reframed rubrics, checklist think-
ing, the custom_UQ_20 validation set, and back-
ground knowledge only outperformed the baseline
when background knowledge was generated from
silver-labels. On the first pass, where background
knowledge was generated from all available stu-
dent answers, overall performance was worse than
our baseline of Qwen3-4B.

5 Discussion

Our results show that the outlined supplementary
strategies improve fine-tuning performance. The
results for both UQ tracks indicated the importance
of high-quality additional information. Our lead-
ing submissions contained background knowledge
generated from “Correct” student answers (as pre-
dicted by a first pass model), whereas results for an
otherwise identical model with background knowl-
edge based on all students answers performed sig-

'A formatting mismatch in the reframed rubrics used in the
Rank 16 submission may have also influenced performance.

nificantly worse. We also observed during devel-
opment that individual techniques taken alone can
actually be detrimental to performance, their posi-
tive contribution only arises when combined.

We observed mixed results when it came to the
optimization of the validation set for UQ. A broader
20-question trial set offered substantial improve-
ments over a narrower 10-question trial set. Some-
what conflictingly, the Qwen3-4B model only opti-
mized for unseen answers also exhibited promising
performance in the 2-way UQ track, leading to fur-
ther questions about the most impactful strategies
to improve generalization in short answer grading.

Broadly, simple fine-tuning of decoder-only
models was highly effective. Encoder-based mod-
els have generally dominated the short-answer scor-
ing literature to date (e.g., Bexte et al., 2022; Sung
et al., 2019), but despite experimenting with fine-
tuning several German- and multilingual BERT-
based models (e.g., ModernGBERT (Wunderle
et al., 2025), gelectra-large (Chan et al., 2020))
in earlier trials, decoder-only architectures resulted
in stronger performance. This reflects the NLP
shift towards decoder-only architectures (Zhang
et al., 2025; BehnamGhader et al., 2024), whose
richer contextual embeddings better handle the nu-
anced semantics of rubric-based scoring. Finally,
model ensembling proved beneficial, particularly in
resolving boundary ambiguities between adjacent
scoring categories. This is particularly advanta-
geous in light of the fact that fine-tuned models
exhibit sensitivity to small differences such as in-
dividual epochs and differences in seed. However,
the high computational cost of this strategy limits
the suitability of ensembles in real-life scoring.

6 Conclusion

Overall, our shared task submissions demonstrated
the potential for fine-tuned decoder-only LLMs
for rubric-based short answer scoring. Not only
was LoRA fine-tuning of relatively small LLMs
effective, but we highlighted how performance can
be further improved by supplementing the input
with task-relevant information. Our approach pro-
vides the model with more relevant information
and presents that information in multiple structured
formats to obtain more robust results. In future
work, it would be interesting to further investigate
the contributions of the individual strategies we
used and to systematically evaluate their impact in
other scoring contexts.
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Limitations

Due to the wide variety of methods we tested in the
development phase, we were not able to systemati-
cally assess the impact of each individual technique
on test set performance, nor did we evaluate all the
models in our leading ensemble approaches as in-
dividual entries. Similarly, we did not test all our
approaches on all tracks, which limits our ability
to draw conclusions regarding the generalizability
of methods across testing set-ups. Nevertheless,
we believe our findings suggest support for the
use of supervised fine-tuning of decoder-only mod-
els with LoRA in educational contexts. We used
a single annotator for the skill-based categories.
Double-annotation would strengthen the reliability
of the categorization approach. In future work, it
may be beneficial to test the techniques we imple-
mented to improve upon standard fine-tuning on
other datasets, and in more limited data scenarios,
and to evaluate how expert knowledge could be
used to further improve those techniques which
were reliant on synthetic data (e.g., generated back-
ground knowledge, synthetically reframed rubrics).
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the generation of code in developing our systems,
and for some of our data augmentation strategies,
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A Ensemble model details

We list the details of the models included in our
four-model ensemble for 3-way unseen answers
submission in Table 2.

Base model Details

Qwen3.5-9B +BG_correct +CL
Qwen3-8B +FGM, +BG_correct, +CL
Qwen3-8B +DPO

Qwen3-4B +BG_correct, +CL

Table 2: Models included in ensemble for Rank 1
Unseen Answers 3-way submission (Abbreviations:
BG_correct = Background Knowledge from correct an-
swers, CL = checklist thinking, FGM = Fast Gradient
Method, DPO = Direct Preference Optimization)

B Example Item with Background
Knowledge and Reframed Rubric

Table 3 shows an example item from the ALICE-
LP dataset, illustrating the question, generated
background knowledge, original scoring rubric, re-
framed rubric, operator, and skill category. The
background knowledge field contains the generated
passage used as supplementary material during fine-
tuning (Section 3.3). This item is representative
of the Concept Description skill category, with the
operator Beschreiben ( ‘Describe’) (Section 3.4).

C Prompts

C.1 Prompt for Reframed Rubrics

The prompt used with GPT5.1 to generate reformu-
lations of the 3-way rubrics in decision tree format
is shown in Listing 1.

C.2 Prompt for Background Knowledge

The prompt used with Claude Sonnet for gener-
ating question-specific background knowledge is
provided in Listing 2.

D Skill-based categories

Table 4 shows an example question for each of
the four categories we annotate the data with, as
described in (Section 3.4).
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Category Example

Question Beschreibe das Power-to-Gas Verfahren in eigenen Worten.
‘Describe the power-to-gas process in your own words.’

Background Beim Power-to-Gas-Verfahren wird iiberschiissige elektrische Energie, die zum Beispiel durch

Knowledge Windkraftanlagen erzeugt wird, in chemische Energie umgewandelt und so langfristig gespeichert.
Dazu durchléuft die Energie eine Kette von Umwandlungsschritten: Zunéchst wird Bewegungsenergie
des Windes im Windrad in elektrische Energie umgewandelt, die dann einem Elektrolyseur zugefiihrt
wird. Im Elektrolyseur wird mithilfe der elektrischen Energie Wasser in seine Bestandteile Wasserstoff
und Sauerstoff aufgespalten, wobei die Energie in Form von chemischer Energie im Wasserstoff
gespeichert wird. Der erzeugte Wasserstoff kann anschlieBend in Gasspeichern oder im Erdgasnetz
gelagert werden, bis er bei Bedarf in einem Gaskraftwerk wieder in elektrische Energie umgewandelt
wird. Die vollstindige Energieumwandlungskette lautet also: Bewegungsenergie — elektrische
Energie — chemische Energie (Wasserstoff) — elektrische Energie.
‘In the power-to-gas process, excess electrical energy—generated, for example, by wind turbines—is
converted into chemical energy and thus stored for the long term. To achieve this, the energy
undergoes a series of conversion steps: First, the kinetic energy of the wind is converted into electrical
energy in the wind turbine, which is then fed into an electrolyzer. In the electrolyzer, electrical energy
is used to split water into its components, hydrogen and oxygen, with the energy being stored in the
hydrogen in the form of chemical energy. The hydrogen produced can then be stored in gas storage
facilities or in the natural gas grid until it is converted back into electrical energy in a gas-fired power
plant when needed. The complete energy conversion chain is therefore: kinetic energy — electrical
energy — chemical energy (hydrogen) — electrical energy.

Rubric (Incorrect) Die SuS formulieren keine korrekte Energieumwandlungskette. ‘The students do not
Sformulate a correct energy conversion chain.’
(Partially correct) Die SuS formulieren eine teils korrekte Energieumwandlungskette (mindestens die
Halfte) ‘The students formulate a partially correct energy conversion chain (at least half of it)’
(Correct) Die SuS formulieren die vollstindige Energieumwandlungskette. ‘The students describe the
complete energy conversion chain.’

Reframed 1. Beschreibt die Antwort iiberhaupt eine Energie-Umwandlungskette beim Power-to-Gas-Verfahren?

Rubric ‘Does the answer even describe an energy conversion chain in the power-to-gas process?’
- #*Nein** — **Incorrect®* , **Ja**— 2
2. Wird deutlich, dass elektrische Energie (z.B. aus erneuerbaren Quellen) zunéchst in chemische
Energie von Wasserstoff umgewandelt wird (Elektrolyse von Wasser)?
‘Is it clear that electrical energy (e.g., from renewable sources) is first converted into the chemical
energy of hydrogen (through the electrolysis of water)?’
- #*Nein**— **Incorrect®*, **Ja** — 3
3. Wird zusitzlich beschrieben, dass aus dem Wasserstoff ein gasformiger Energietréiger (z.B. Methan)
entsteht, der gespeichert / ins Gasnetz eingespeist werden kann?
‘Is it also described that hydrogen is converted into a gaseous energy carrier (e.g., methane) that can
be stored or fed into the gas grid?’
- **Nein** —
- Wenn nur ein Teil der Umwandlungskette korrekt ist (z.B. Strom— Wasserstoff, aber ohne weitere
Verwendung / Methanisierung) ‘If only part of the conversion chain is correct (e.g., electricity —
hydrogen, but without further use or methanation)’ — **Partially correct**
- FEJakE 4
4. Ist die gesamte Energieumwandlungskette inhaltlich richtig und in der Reihenfolge voll-
stindig beschrieben (z.B. erneuerbare elektrische Energie— Elektrolyse— Wasserstoff— ggf.
Methanisierung— Speicherung / Nutzung im Gasnetz)?
‘Is the entire energy conversion chain described accurately contentwise and completely in terms of
sequence (e.g., renewable electrical energy — electrolysis — hydrogen — methanation, if applicable
— storage/use in the gas grid)?’
- #*Nein** — **Partially correct**, **Ja** — **Correct**

Operator Beschreiben (‘describe’)

Skill Category Concept Description

Example Stu- Die Elektrische Energie wird in Chemische umgewandelt welche dann wieder zu Elektrischer wird.
dent Answer ‘Electrical energy is converted into chemical energy, which is then converted back into electrical.’

Gold Label Partially correct

Table 3: Example item from the ALICE-LP dataset. The example student answer correctly identifies two of the
three conversion steps (electrical — chemical — electrical) but omits the initial step (kinetic energy — electrical
energy via wind turbine), warranting a Partially correct label. (Original is in German; English translation in quotes
added here for transparency.)
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Sie sind padagogische/r Assistent/in und haben die Aufgabe, leicht verstandliche Bewertungsrubriken f
Ur Fragen in formativen Schiilerbeurteilungen zu entwerfen. \ Der Bildungskontext sind deutsche
Gemeinschaftsschulen und Gymnasien und die abgedeckten Fachbereiche sind: Biologie, Chemie,
Physik und Mathematik.

‘You are a pedagogical assistant, whose goal is to help design easy-to-follow grading rubrics to
questions in formative student assessments. \ The educational setting is German
Gemeinschaftsschulen and Gymnasien and the subject domains covered are: Biology, Chemistry,
Physics and Mathematics.’

Ihnen wird eine Frage und eine bestehende Rubrik mit drei Kategorien ‘Incorrect’, ‘Partially correct’

und ‘Correct’ vorgelegt. \ Ihre Aufgabe besteht darin, die Rubrik im Format eines
Entscheidungsbaums mit Fragen neu zu schreiben, um die richtige Note zuverldssiger zu vergeben.
Stellen Sie sicher, dass alle relevanten Informationen aus der bestehenden Rubrik in den
Entscheidungsbaum aufgenommen werden.

‘You will be presented with a question, and an existing rubric containing three categorical levels ¢
Incorrect’, ‘Partially correct’ and ‘Correct’. \ Your task is to re-write the rubric in the
format of a decision tree of questions to assign the correct grade more reliably. Make sure all
the relevant information from the existing rubric is included in the decision tree.’

Hier ist die Frage: {question}

‘Here is the question: {question}’

k)%

Hier ist die bestehende Rubrik.

‘Here is the existing rubric.’

{rubric}

k)%
Neu gestaltete Entscheidungsbaum-Benotungshilfe:
‘Newly designed decision tree grading aid:’

Listing 1: Prompt used to generate reframed rubrics with GPT5.1 (Original is in German; English translation in
quotes added here for transparency.)

Schreibe einen Lernzettel-Eintrag (3-5 Saetze Fliesstext, kein Markdown) zu dem
naturwissenschaftlichen Thema, das in der folgenden Aufgabe behandelt wird. Der Lernzettel soll
die wichtigsten Fachbegriffe, Konzepte und Zusammenhaenge erklaeren, die man kennen muss, um die

Aufgabe vollstaendig beantworten zu koennen. Schreibe so, als wuerdest du einem Mitschueler das
noetige Vorwissen kompakt zusammenfassen.

‘Write a study note entry (3-5 sentences of continuous text, no Markdown) on the scientific topic
covered in the following task. The study note should explain the most important technical terms,

concepts, and relationships that one needs to know in order to fully answer the task. Write as
if you were compactly summarizing the necessary prior knowledge for a classmate.’

Aufgabe: {question}
‘Task: {question}’

Zur Orientierung, welche Konzepte relevant sind:
‘For orientation on which concepts are relevant:’
- Incorrect: {rubric_incorrect}

- Partially correct: {rubric_partial}

- Correct: {rubric_correct}

Korrekte Schiilerantworten ({n} Beispiele):
‘Correct student answers ({n} examples):’
- {Student answer 1}
- {Student answer 2}

{...2

- {Student answer n}

Listing 2: Prompt used to generate background knowledge with Claude Sonnet (Original is in German; English
translation in quotes added here for transparency.)
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Category

Example

Concept Description

Beschreibe auf Grundlage Deiner oben getroffenen Auswahl in eigenen Worten, was Du allgemein
unter der Reaktionsgeschwindigkeit chemischer Reaktionen verstehst.

‘Based on the selection you made above, describe in your own words what you generally understand
by the reaction rate of chemical reactions’

Example Led

Beurteile das Zerteilen der Apfel hinsichtlich der Geschwindigkeit des Verderblichkeitsprozesses
(Hinweis: wenn Du fachliche Informationen zu chemischen Abldufen des Verderbens einbeziehen
mochtest, kannst Du diese unter Angabe der Quellen recherchieren und einbinden).

‘Evaluate how cutting apples affects the rate at which they spoil (Note: If you wish to include
technical information on the chemical processes involved in spoilage, you may research and
incorporate this information, provided you cite your sources).’

Idea Seeking

Hast Du auf Grundlage der oben beantworteten Aufgaben bereits Ideen, welche GroBen geeignet sein
konnten, um die Geschwindigkeit dieser Reaktion zu erfassen? Wenn ja, beschreibe und begriinde
Deine Ideen.

‘Based on your answers to the questions above, do you already have any ideas about which quantities
might be suitable for measuring the rate of this reaction? If so, describe and explain your ideas.’

Mathematical

In 2.2 Untersuchung der Lampen 4 habt ihr die Formel zur Berechnung der elektrischen Leistung
genannt. Berechnet mit Hilfe der Formel die elektrischen Leistungen der einzelnen Lampen.

‘In Section 2.2, “Examination of the Lamps 4,” you were given the formula for calculating electrical
power. Use this formula to calculate the electrical power of each lamp.’

Table 4: Examples of questions for each skill-based category (Original in German; English translation in quotes
added here for transparency)
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