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Abstract

Automatic Short Answer Scoring (ASAS) is
central to NLP for Education. However, openly
available benchmarks remain scarce, and ex-
isting datasets largely assess how well stu-
dents answer a question directly rather than
how well they master underlying concepts
(knowledge elements) such as thermal energy
or epistemic activities (skill) such as reason-
ing or claim. To address this gap, we introduce
ALICE, a large-scale German ASAS dataset
comprising three subtasks: (i) learning per-
formance (ALICE-LP), (ii) knowledge ele-
ments (ALICE-KE), and (iii) skills (ALICE-
SK). We further frame ASAS as a rubric-
ranking task and benchmark with a range of
language models, from small MLMs to several
lightweight LLMs, under various input configu-
rations. Our experiments show that lightweight
LLMs used as encoders are particularly effec-
tive for rubric-based ASAS. We also investi-
gate what combinations of context information
(rubrics, prompts, sample solutions) are benefi-
cial for ASAS.

1 Introduction

Automatic short answer scoring (ASAS) is a fun-
damental task in NLP for Education. Exten-
sive research has focused on both algorithmic
approaches (Bexte et al., 2022; Li et al., 2023;
Zehner et al., 2025; Wang et al., 2019; Bexte et al.,
2024) and the development of benchmark datasets
(Dzikovska et al., 2013; Filighera et al., 2022). In
real-world educational settings, short-answer ques-
tions are designed to probe students’ understanding
of concepts taught during instruction. By construct-
ing answers of their own, students can actively
reflect on the taught knowledge and foster critical
thinking (Bai and Stede, 2023). However, manually
grading students’ answers is tedious and expensive.
Thus, developing benchmarks and models that au-
tomate this process can significantly alleviate the

workload of the teachers and ensure timely and
individualised feedback.
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Figure 1: Structure of ALICE

Despite substantial progress, existing ASAS
benchmarks and models remain misaligned with
how human teachers evaluate student responses.
Most datasets adopt a solution-based formulation,
in which answers are scored by their similarity to
a reference solution or by selecting from a fixed
set of labels (Sung et al., 2019; Filighera et al.,
2022; Camus and Filighera, 2020; Ormerod, 2022;
Kumar et al., 2019). This design implicitly as-
sumes that scoring criteria are uniform across ques-
tions. In practice, however, questions may have
varying performance levels depending on the peda-
gogical need, and teachers rely on question-specific
rubrics (Brookhart, 2018; Panadero and Jonsson,
2013; Krebs et al., 2022) for scoring. As a result,
standard classification-based approaches struggle
to generalise to unseen questions.

In terms of the scoring objectives, knowledge
elements (KE) and learning skills (SK) are criti-
cal in STEM contexts, where the ultimate goal of
teaching is to master scientific concepts and apply
epistemic activities to solve problems (Stanja et al.,
2023; Gombert et al., 2023; Reynders et al., 2020).
Yet, all existing ASAS benchmarks only evaluate
how students directly address the questions.




To address this gap, we introduce rubric-ranking
as a unifying task formulation for ASAS, in which
student responses are scored by directly aligning
them with question-specific rubric items rather than
predicting fixed labels. We also present ALICE
( Figure 1), a large-scale, German-language ASAS
benchmark. ALICE is designed to reflect the multi-
dimensional nature of real-world educational as-
sessment. It consists of three sub-tasks: ALICE-
LP (learning performance), which measures how
well students answer the question; ALICE-KE
(knowledge element), where understanding of tar-
get concepts is scored; and ALICE-SK (skills),
where students’ problem-solving skills, as demon-
strated in the answers, are scored. Crucially, every
instance in ALICE is accompanied by the full grad-
ing context: the question prompt, per-level rubric,
and a sample solution—closely aligned with how
human teachers evaluate responses. This design
allows us to test the extent to which rubric-based
ASAS models rely on these contextual components
to score responses effectively. (See Appendix A
for the complete example of the dataset.)

For the base model, we adopt large language
models (LLMs) as encoders, motivated by sev-
eral factors. First, LLMs exhibit strong reason-
ing capabilities and massive subject-matter knowl-
edge (Tay et al., 2023; Han et al., 2025; Wei et al.,
2022), which are crucial for ASAS in STEM sub-
jects. Second, their ability to generalise makes
them well-suited for handling unseen questions, a
common challenge in ASAS. Finally, our dataset
design involves multi-sequence inputs: question
prompts, answers, rubrics, and sample solutions.
Recent studies such as Ruan et al. (2024) have
shown that LL.Ms can flexibly adapt to multiple
input sequences.

The contribution of our work can be summarised
as follows:

* We introduce ALICE, a challenging German
ASAS benchmark comprising three comple-
mentary subtasks. The dataset provides rich,
human-facing context—including prompts,
per-level rubrics, and sample solutions—that
closely reflects real-world scoring practices
and pedagogical objectives in STEM educa-
tion.

* We approach ASAS as rubric-ranking and
demonstrate consistent advantages of rubric-
based scoring over solution-based approaches
across datasets and splits. It achieves stronger

performance and scales effectively across
questions with varying difficulty levels.

* We conduct extensive experiments with
masked language models (MLM) and LLM
under multi-sequence input settings to system-
atically assess which contextual components
are essential for ASAS. This provides valu-
able guidelines for the design of future ASAS
datasets and models.

2 Background

Short Answer Scoring Datasets Despite its im-
portance in NLP for Education, publicly avail-
able non-English ASAS benchmarks remain scarce,
and existing benchmarks predominantly assess
how well student responses address the question,
rather than their mastery of underlying concepts or
skills. SCIENTSBANK (Dzikovska et al., 2013) and
ASAP-SAS are the most widely used datasets in
prior work (Riordan et al., 2017; Bexte et al., 2022;
Wang et al., 2019; Ormerod, 2022; Kumar et al.,
2019). For multilingual evaluation, there exist the
German SAF (Filighera et al., 2022) and the Por-
tuguese PT_ASAG_2018 (Galhardi et al., 2018).
In Sonkar et al. (2024), the author proposes Long
Answer Scoring where the student’s answer con-
sists of a paragraph, in contrast to short answers,
which are usually 2-3 sentences long. However,
due to privacy constraints, a large amount of work
in this field evaluates their scoring models on pro-
prietary datasets (Chang et al., 2024; Sung et al.,
2019; OECD-PISA, 2023).

Most benchmarks in ASAS mentioned above
adopt a solution-based design, where the student’s
answer is scored by comparing it with the refer-
ence answer. While straightforward to implement,
solution-based scoring only measures the similar-
ity to the highest-level answer and does not pro-
vide signals regarding incorrect or partially cor-
rect answers. Such responses often reveal valuable
insights into students’ learning progress (Sadler,
1989; Fisher and Lipson, 1986). To our best knowl-
edge, ASAP-SAS and Sonkar et al. (2024) are the
only rubric-based ASAS benchmarks. The former
assumes an exclusive relation between the rubrics.
That is, one answer can only satisfy one rubric. In
the latter one, multiple rubrics can be satisfied and
the final score of an answer is obtained by summing
the matched rubrics. Our work follows the design
of the ASAP-SAS. A design that lies somewhere
between the solution-based and the rubric-based



Dataset Name Size Context Information Language Coverage Public?
ASAP-SAS 22K per-level rubrics English v
ScienceBank (Dzikovska et al., 2013) 10K solution, question prompt English v
PT_ASAG_2018 (Galhardi et al., 2018) 13k solution, question prompt Portuguese v
Sung et al. (2019) 76k solution, question prompt English X
SAF (Filighera et al., 2022) 4.5k solution, question German, English v/
ISTUDIO Li et al. (2023) 6.5k question context, question English v
prompt, per-level reference
answer
Chang et al. (2024) 76k question prompt Finnish ~ x
(Sonkar et al., 2024) 1265 per-level rubric English v
ALICE (ours) 16k  question prompt, solution, German v

per-level rubrics

Table 1: Comparison of ALICE with existing ASAS benchmarks. Note that we frame all other information other

than student’s answer as context information.

ones is ISTUDIO . It contains a list of representa-
tive answers for each performance level to provide
per-level signals.

The ALICE benchmark provides per-level
rubrics for a three-dimensional evaluation of stu-
dent responses, enabling a multi-faceted assess-
ment that jointly captures correctness, conceptual
understanding, and the reflected cognitive skills.

LLMs beyond generation There is growing in-
terest in using LLMs for embedding and clas-
sification. This line of work aims to compen-
sate for the limitations of MLMs (e.g. Bert,
Roberta, etc.), particularly their limited domain
knowledge and sample efficiency (Luo et al., 2024;
BehnamGhader et al., 2024; Liu et al., 2024). Sev-
eral studies further modify LLM architectures to
overcome their autoregressive nature. For exam-
ple, converting attention from causal to bidirec-
tional (BehnamGhader et al., 2024; Lin et al., 2025)
or inserting transformer adapters on top of hidden
states (Lee et al., 2025). Liu et al. (2024) further
explored the combination of hidden states from
multiple LLM layers and their integration with rep-
resentations from MLMs, yielding improved per-
formance on various sequence classification tasks.

Most prior work evaluating LLMs as encoders
relies on MTEB (Muennighoff et al., 2023) as the
evaluation benchmark, which consists of clustering,
re-ranking, and classification tasks. Although it in-
cludes sequence-pair classification (e.g., duplicate
question detection), these tasks are treated as stan-
dard embedding evaluations: the two sequences
are encoded independently, and predictions are de-
rived from cosine or dot product similarity. This
is fundamentally mismatched with rubric-based
ASAS, where scoring depends on joint reasoning

"https://www.datacommons.psu.edu/commonswizard
/MetadataDisplay.aspx ?Dataset=6392

over answers, rubrics and optionally more context
information.

Ruan et al. (2024) systematically examined ar-
chitectures and input structures for LLM-based
classification on Edit Intent Classification (EIC), a
sequence-pair task. It shows that LLMs are com-
petitive multi-sequence classifiers. Compared to
EIC, rubric-based ASAS involves more diverse and
independent input sequences and longer context
windows.

Given the above-mentioned properties LLM en-
coders are particularly well-suited to our setting.
We therefore conduct comprehensive experiments
on four lightweight LLMs across multiple input
formats.

3 The ALICE Dataset

We introduce ALICE, which stands for [blinded],
a large-scale German ASAS dataset that augments
prior learning-performance annotations with fine-
grained scoring of knowledge elements and skills.
Each question contains three types of rubrics:

* Learning Performance (LP): the degree to
which a student’s response directly satisfies
the question prompt. There are three perfor-
mance levels: correct, partially correct, and
incorrect.

* Knowledge elements (KE): the extent to
which a student’s response correctly employs
the targeted domain concepts specified for the
question. Typically, there are four levels: No
Use; Use without content; Non-targeted use
and Targeted use. The rubric of Use without
content are unavailable for some questions.

* Skills (SK): the presence of specified cog-
nitive or reasoning behaviours in a student’s
response. Typically, the levels are: Present



and Not present. For some questions, Partially
present is possible.

These dimensions were chosen to reflect comple-
mentary aspects of assessment commonly used in
STEM education: task completion (LP), concep-
tual understanding (KE), and epistemic activity
(SK).

Split Task | # of Questions | # of Answers | # of Items
LP 90 10783 10783
Train KE 78 9734 24012
SK 80 9978 11644
LP 22 3096 3096
TEST-UQ | KE 17 2598 6505
SK 17 2595 3105
LP 90 2695 2695
TEST-UA | KE 78 2442 5874
SK 80 2494 2915

Table 2: Dataset Statistics

After annotation, we filter out questions with-
out sample solutions, e.g. open-ended questions,
to normalise the dataset structure. The result is a
corpus of 16,574 student answers. To ensure ro-
bust generalisation, we further split the test set into
TEST-UA (unseen answers) and TEST-UQ (unseen
questions). The detailed statistics are in Table 2.

An answer may contain multiple KEs and SKs,
and we do not predict the scores for multiple
KEs/SKs jointly during training and testing. Hence,
we extend the answer by the number of KEs/SKs
to answer-KE/SK pair. Each pair is treated as an
independent instance during training and testing.
This is indicated by the number of items in Table 2.

We observe strong positive correlations between
the scores of Learning Performance and both other
dimensions: LP-KE (r=0.785, p<0.001) and LP-
Skills (r=0.631, p<0.001). The stronger correlation
with knowledge elements indicates a closer empiri-
cal association between LP and KE than between
LP and SK, though all dimensions capture distinct
aspects of student responses. These results validate
our multidimensional framework by demonstrating
that while the dimensions are related, they capture
distinct aspects of student understanding. For in-
stance, a student who fails to answer the question
correctly might still demonstrate sufficient epis-
temic abilities and mastery of concepts of interest.
This provides more fine-grained information on the
learning progress of the students. We report the
data collection process, annotation protocol, and
dataset examples in Appendix C.

4 Approach

4.1 Task Formulation

Each instance in the ALICE dataset is represented
as a tuple (g, a, s, R), where g denotes the question
prompt, a the student response, s a sample solution,
and R the set of rubric items associated with the
instance. The rubric set R is question-specific and
varies in size depending on the subtask.

The structure of R differs across subtasks. For
ALICE-LP, the rubric set

Ry = (0,0, 0}

corresponds to the ordered performance levels de-
fined for question ¢, where each rubric item de-
scribes the qualitative criteria for one score level.

For ALICE-KE and ALICE-SK, each question
q is annotated with a set of targets

Tq = {tl,... ,tm},

where each target ¢; corresponds to a knowledge
element or a skill. Each target ¢, is associated with
its own rubric set RE;I), which defines the scoring
criteria for that specific concept or skill. In practice,
each answer—target pair induces a small, indepen-
dent rubric set that is ranked separately.

Across all subtasks, the model’s objective is to
determine which rubric items in R are satisfied by
a student response a. We formulate this as a rubric-
ranking task, where rubric items are ranked condi-
tioned on the combined input (g, a, s, ). Ranking
enables direct comparison between rubric levels
without assuming mutually exclusive labels or uni-
formly spaced score categories, which is particu-
larly important given the ordinal and subsumptive
structure of educational rubrics.

Input Format. For our proposed rubric-ranking
approach, only a and r are the essential input doc-
uments to the encoder, but we wish to investigate
further how incorporating extra context informa-
tion affects model performance. We perform extra
experiments where the question prompt (+q), sam-
ple solution (+s) and their combination (+qs) are
input to the model.

4.2 Modelling

We employ a language model (LM) as the encoder
®y to encode the aforementioned input sequences.
2While many permutations of the input sequence are possi-

ble, in our experiment we uniformly attach the context infor-
mation to the front of the model. That is: gar, sar, gsar



For MLMs (Devlin et al., 2019), we separate seg-
ments using the [SEP] token. For LLM-based ones,
we adopt the best-performing structured format
proposed by (Ruan et al., 2024); implementation
details are provided in the Appendix B.

The combined input sequence is fed into the en-
coder @y, which outputs the contextualised token
embeddings. For BERT-base models, we extract
the representation of the [CLS] token; for LLM-
based models, we use the final [EOS] token rep-
resentations. This sequence embedding is then
passed through a feedforward layer to produce a
scalar alignment score:

Si,j = f@(qi7ai7 Si, Tj)a

where s; ; € R denotes how well rubric item r;
matches the student answer a;, optionally condi-
tioned on ¢; and s;.

It is also possible to encode the answer and
rubric separately and compute their alignment
score via cosine similarity or dot product, following
the standard approach in sentence embeddings and
ranking task (Reimers and Gurevych, 2019; Muen-
nighoff et al., 2023). We won’t adopt this approach
because the joint encoding of multiple sequences in
a single sequence enables richer cross-attention and
interaction among segments. The joint modelling
strategy was also shown to outperform separate en-
coding in pairwise classification tasks (Ruan et al.,
2024). In addition, since there are only a few rubric
candidates to rank for each answer, joint encoding
won’t lead to excessive computation and latency, in
contrast to retrieving tens or hundreds of potential
documents.

Objective Functions. The model is trained to
predict a scalar alignment score s; ; € [0, 1] in-
dicating the degree of match between a; and 7,
optionally conditioned on ¢; and s;. We experi-
ment with two training objectives:

(1) Contrastive Loss (CL). For each stu-
dent—rubric pair (a;, r;) with label y; ; € {0,1}
and model output s; ; € (0, 1), the contrastive loss
for this item is:

i) _ )1 —siy)? iy =1
Econtrast - 2 . (1)
(si) ifyi; =0
(2) Softmax Cross-Entropy Loss. Alternatively,

we formulate rubric-ranking as a multi-class clas-
sification problem within each rubric set. Let

Py(j | 7) denote the probability assigned to rubric
item r; for student answer a;, obtained by applying
a softmax over the alignment scores for all rubric
items associated with the same instance:

exp(s; ;)

PG = Zrm
9(]| ) ZLRZ‘I exp(Sz‘,k)

2

The softmax cross-entropy loss for the correct
rubric item r; is then defined as:

03 = log Py(j | 4). 3)

The softmax normalisation is computed over the
rubric set of a single question or target, which typi-
cally contains only a small number of items.

Solution-based Baseline for ALICE We adopt
the standard modelling strategy used in prior ASAS
work (Sung et al., 2019; Camus and Filighera,
2020). Specifically, the student answer and the
corresponding sample solution are concatenated
and provided as input to a language model with a
classification head. We refer to this setup as the
solution-based approach, in contrast to our pro-
posed rubric-based methods.

This baseline is applied to all ALICE subtasks.
For ALICE-KE and ALICE-SK, the number of
performance levels may vary across questions, with
up to four levels defined for ALICE-KE. When
intermediate levels such as use without content are
absent, we preserve the original level-to-index map-
ping (no use — 0, ..., targeted use — 3) and em-
ploy a classification head with num_labels= 4
(see § 3 and Appendix A).

Prompting Closed-source Models We prompt
closed-source large language models to perform
rubric-based scoring by providing the same input
components used for encoder-based models, in-
cluding the student response and the corresponding
rubric items, optionally augmented with the ques-
tion prompt and sample solution. The models are
instructed to select the most appropriate rubric level
for each instance. We report the detailed setup and
the results in Appendix E.

S Main Experiments

5.1 Experiment Setups

We benchmark the proposed rubric-ranking ap-
proach across all ALICE subtasks under both
unseen-answer (UA) and unseen-question (UQ)
settings. Experimental details, including model



configurations and hyperparameters, are provided
in Appendix D. We report F1 and quadratic
weighted kappa (QWK), with particular empha-
sis on UQ performance to assess generalisation
beyond the seen ones. We also report the metric
differences between TEST-UA and TEST-UQ to
better illustrate their generalisation ability.

5.2 Results and Discussion

RQ1: Which loss function is better suited for
the rubric-ranking? Table 3 reports the main
results for the rubric-based experiments. Across
models and input formats, SCE consistently out-
performs CL. The discrepancy in performance is
starker when it comes to TEST-UQ, indicating
superior generalisation ability with SCE.

The key limitation with CL is that it does not
force the model to discriminate between levels of
rubrics. It treats rubric satisfaction as independent
binary decisions and therefore fail to enforce dis-
crimination between closely related levels.

In ALICE-LP, rubrics can be subsumptive
rather than exclusive. For instance, level-2 rubrics
typically take the form the student does X and Y,
whereas level-1 rubrics are: the student X or Y. An
answer that satisfies the first condition also satis-
fies the weaker latter one. Thus, without explicitly
distinguishing between different levels of rubrics,
the model can easily confuse these labels.

Given the superior performance of SCE, the re-
maining subtasks are benchmarked without CL. CL
is also considerably slower: each training item ex-
pands into multiple rubric—answer pairs, and the
loss is computed separately for each pair. With the
scale of ALICE-KE and ALICE-SK, evaluating
all input formats would be prohibitively expensive.

RQ2: What is the effect of additional input in-
formation (question, sample solution) on the re-
sults? We report the benchmarking results in Ta-
ble 4 and summarise the average performance
across different input formats. Across all models
and subtasks, while no single input format is uni-
versally optimal, we observe a consistent positive
effect of adding contextual information beyond the
basic answer-only format (ar). Incorporating more
context information yields clear and stable improve-
ments in most settings. Although including the full
contextual information (+qs) does not guarantee
the best performance for every individual model,
the best global results across all experiments are
consistently achieved with this input format when

paired with the strongest model in our benchmark,
Llama-3.2-3B-Instruct. This suggests that larger,
instruction-fine-tuned models are better able to in-
tegrate and reason over multiple input sequences,
effectively exploiting the richer context.

With respect to generalisation, we observe that
the impact of additional context is substantially
larger on TEST-UQ than on TEST-UA. While the
performance gain on unseen answers is typically
modest (around 1 F1 point), the gains on unseen
questions are markedly larger, indicating that con-
textual information can mitigate question-specific
distribution shifts.

RQ3: How do models perform differently on
different subtasks? By comparing Table 3 and
Table 4, we can see that despite their novelty, the
performance on ALICE-KE and ALICE-LP are
consistently better than ALICE-LP, indicated by
higher scores and lower performance differences
between UA and UQ. Part of the reason is that
ALICE-SK is mostly a binary classification task,
with a limited number of three-level rubrics. Still,
most rubrics in ALICE-KE contain four levels.
The reason is that various answers might share
the same knowledge elements and skills. This
leads to better generalisation to unseen questions.
The rubrics for knowledge elements specifically
focus on the use of scientific terms, whereas the
rubrics for SK identify the presence of skills such
as describing the data. As a result, the rubrics in
ALICE-KE and ALICE-SK have similar formula-
tions across questions, while the formulation of
LP rubrics is highly question-dependent. This is
indicated by Figure 2, where LP rubrics are less
similar to each other than KE and SK.

Finally, the effect of input formats differs sub-
stantially across subtasks. For the ALICE-LP,
providing the full context (+qs) does not consis-
tently lead to optimal performance, and simpler
formats such as +q or +s can be competitive or
even preferable. In contrast, for subtasks ALICE-
KE and ALICE-SK, the full-context input yields
more reliable strong performance across various
models. When we look away from the +gs settings
and look at the contribution of the question prompt
and the sample solution individually, we can see
that

RQ4: What is the performance difference be-
tween the rubric-based and solution-based ap-
proach? We compare rubric-based scoring with a
standard solution-based baseline across all ALICE



Base Model Input Format SCE CL
UA (FIIQWK) UQ (FI/QWK) A(UA—UQ) | UA (FIIQWK) UQ (FI/QWK) A(UA — UQ)
ar 70.3/68.9 56.0/46.7 143/222 69.2/69.0 56.6/44.0 12.6/25.0
+q 70.8/70.4 50.0/53.5 11.8/169 70.0/70.6 514/382 18.6/32.4
XLM-RoBERTa-Long | ¢ 69.8/69.8 55.1/53.7 14.7/14.1 634/554 4747282 16.0/26.2
+gs 70.2/70.7 53.8/51.2 164/195 4827278 342737 14.0/24.1
ar 7297718 6137547 T1.6/17.1 68.6/69.0 5827492 1047198
L3218 +q 72.5/723 61.5/53.9 11.0/18.4 67.9/69.3 57.6/49.6 103/19.7
' s 72.8/72.8 61.9/56.1 10.9/10.7 66.9 1 66.1 56.1/52.5 10.8/13.6
+gs 718/713 50.1/54.1 12.7/172 65.8166.4 52.8/35.1 13.0/313
ar T1.9771.0 62.0/547 907163 6927703 5827500 1107203
Lz 2-1Btmsimc+ 72.5/722 62.4/56.4 10.1/158 69.3/70.0 54.8/47.0 14.5/23.0
' s 7171725 50.5/59.7 1227128 72.1/732 5641522 15.7/21.0
+gs 7271724 61.1/548 11.6/17.6 70.8/72.0 5721525 13.6/19.5
ar 73.97739 6347585 105/154 247728 61.0756.0 11471638
L3238 +q 7401752 67.3/64.8 6.7/104 7271743 62.9/60.6 9.8/13.7
' s 7421757 63.6/58.9 10.3/16.8 73.9/75.1 62.6/59.0 1137167
+gs 7371744 65.8164.2 797102 71.8/72.0 59.1/57.0 127/15.0
ar T3.977338 6407602 997136 T2.9773.9 50.175290 1387210
Lz 2-3Btmsimct + 74.8/75.5 66.0/62.2 88/133 7401753 60.7/57.1 1337182
' s 73.6/753 67.2/61.9 6.4/7.4 75.0 /774 64.2/64.2 10.8/132
+gs 75.8/765 67.6/65.5 82/11.0 75.8/78.1 62.0/59.1 13.8/19.0

Table 3: Benchmarking results for ALICE-LP for different model and input format combinations. ar is the basic
input configuration where only the rubric and the answers are input to the model. We use bold to mark the overall
best results under each loss function and underline to mark the best-performing input format for each model. Gray

underlines metrics where CL outperform SCE.
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Figure 2: Distribution of pair-wise cosine similarity of
rubric texts.

subtasks Table 5. Overall, rubric-based methods
achieve consistently stronger performance.

The larger performance gap observed for ALICE-
KE and ALICE-SK can be attributed to two factors.
First, the sample solutions provided in ALICE are
designed to exemplify the LP correctness. As a re-
sult, they do not reflect the full range of knowledge
elements or skills. Recall in § 3 that LP is corre-
lated with KE and SK, but they still capture distinct
aspects of students’ learning. Second, ALICE-KE
and ALICE-SK exhibit question-dependent rubric
structures with varying numbers of performance
levels. This violates the fixed-label assumption of
solution-based models and might exacerbate gener-
alisation errors.

For ALICE-LP, despite a smaller performance

gap, we still argue that rubric-based scoring re-
mains competitive as it largely overcomes the level-
inconsistency issue in ASAS. This is practical in
real-world applications, as performance levels for
each question might vary.

RQS5: Is LLM-as-encoder approach suitable
for ASAS? Yes, across all the subtasks, LLMs
consistently deliver improved performance over
the XLM-based counterpart. The gain is particu-
larly strong under unseen questions, suggesting a
stronger generalisation ability of the LLMs. Also,
larger and instruction-tuned LLMs tend to exhibit
the best performance, especially on the unseen
questions.

However, it is also worth noting that the gap
between the LLMs and XLM-RoBERTa, and the
gaps between LLMs of various sizes, is smaller for
ALICE-KE and ALICE-SK, especially for the un-
seen answers. Possibly because KE and SK rubrics
are similar throughout the dataset, as stated earlier.

As an external sanity check, we additionally eval-
uate our rubric-ranking approach on ASAP-SAS.
Unlike previous methods that build ASAS models
for each question, we train a single model jointly
for all the questions. Since the dataset is in English
and doesn’t involve long context information, we
benchmark it on a more diverse set of MLMs. The
results reinforce the claim that LL.Ms-as-encoder
is a promising approach for ASAS. detailed results
and discussion in Appendix F.



Base Model Input Format ALICE-KE ALICE-SK
UA (FI/QWK)  UQ (FI/QWK) A(UA —UQ) | UA (FI/QWK) UQ (FI/QWK) A(UA — UQ)
XLM-RoBERTa-Long  ar 77.3/78.4 65.4/55.4 11.8/22.9 68.6/39.9 71.1/38.3 -2.6/1.6
+q 74.1/75.9 66.2/61.7 7.9/14.1 78.0/46.7 69.7/33.7 8.3/13.1
+s 78.1/79.6 65.9/60.7 12.2/18.9 78.2/48.2 69.2/30.9 8.9/17.3
+qs 80.1/82.2 67.7/61.6 12.4/20.7 70.0/39.8 67.9/30.5 2.1/9.4
Llama-3.2-1B ar 78.6/79.4 65.6/60.6 13.0/18.9 78.4/57.4 66.6/27.2 11.8/30.2
+q 79.1/80.2 68.4/63.5 10.8/16.7 74.8/53.7 67.8/37.3 7.0/16.4
+s 80.0/81.7 70.1/65.2 9.9/16.5 79.1/58.9 67.9/36.2 11.2/22.7
+qs 80.7/82.5 68.4/62.9 12.4/19.7 74.8/53.3 72.6/45.3 2.3/1.9
Llama-3.2-1B-Instruct ~ ar 77.3/77.8 66.8/63.6 10.5/14.2 80.7/58.5 69.5/36.6 11.3/21.9
+q 78.2/79.4 68.0/62.4 10.2/17.0 81.6/61.1 68.9/42.3 12.7/18.8
+s 77.4/77.4 67.1/63.6 10.4/13.8 81.7/63.3 71.4/43.5 10.3/19.9
+qs 79.8/81.0 67.9/61.2 11.9/19.8 82.5/65.3 69.3/43.3 13.1/22.0
Llama-3.2-3B ar 79.6/82.5 70.0/64.5 9.6/18.0 80.1/56.4 71.1/42.5 9.0/13.9
+q 77.9/79.5 69.5/65.3 8.4/14.3 80.8/60.7 70.9/46.8 9.9/13.9
+s 77.0/76.4 70.1/64.7 6.9/11.7 81.2/61.6 71.4/46.1 9.8/15.5
+qs 80.8/83.3 71.9/68.4 9.0/15.0 81.9/63.5 75.4/54.5 6.5/9.0
Llama-3.2-3B-Instruct ~ ar 76.4/76.0 67.7/64.5 8.7/11.5 81.3/58.3 71.0/46.6 10.3/11.6
+q 78.0/78.1 66.6/61.0 11.5/17.0 84.0/67.8 70.5/46.4 13.4/21.4
+s 79.0/80.0 69.7/64.9 9.4/14.9 82.5/65.7 72.3/50.9 10.3/14.9
+qs 79.5/80.6 73.2/67.4 6.3/13.1 82.9/65.7 75.7/51.3 72184

Table 4: Results of ALICE-KE and ALICE-SK with SCE. Bold indicates the best overall performance of each
subtask. For each model, subtask, and test split, the underline indicates the best input format for each model.

Subtask | Base Model | UA (FIIQWK) | UQ (FI/QWK) | A(UA — UQ)

XLM-RoBERTa-Long 67.4/66.2 57.3/49.8 10.1/16.4
Liama-3.2-1B 68.9/69.8 58.0/53.6 10.9/16.2
LP Llama-3.2-1B-Instruct 69.1/69.7 55.1/50.4 14.0/19.3
Llama-3.2-3B 71.5172.5 62.1/63.7 9.4/838
Llama-3.2-3B-Instruct 71.8/73.3 62.7/63.7 9.1/9.6
XLM-RoBERTa-Long 66.6 /51.7 55.8/37.1 10.8/14.6
Llama-3.2-1B 60.4/30.3 51.4/23.9 9.0/6.4
KE Llama-3.2-1B-Instruct 59.2/26.3 499795 9.3/16.8
Liama-3.2-3B 60.1/15.7 52.0/3.3 8.1/12.4
Llama-3.2-3B-Instruct 50.0/20.5 409/84 9.1/12.1
XLM-RoBERTa-Long 80.2/58.8 70.1/32.1 10.2/26.7
Liama-3.2-1B 75.1/45.6 60.6/25.6 14.5/20.0
SK Llama-3.2-1B-Instruct 66.3/37.6 49.5/18.9 16.8/18.7
Llama-3.2-3B 76.8/48.5 71.3/29.4 5.5/19.1
Liama-3.2-3B-Instruct 72.4/42.5 60.1/15.7 12.3/26.8

Table 5: Results on ALICE benchmark with reference
answer-based baseline methods across three subtasks:
LP, KE and SK.

6 Conclusion

We introduce ALICE, a large-scale German ASAS
benchmark that supports holistic and fine-grained
assessment of student responses along three com-
plementary dimensions: learning performance,
knowledge elements, and skills. By framing ASAS
as a rubric-ranking task, we provide a unified
formulation that naturally accommodates ordinal,
question-dependent rubric structures and extends
beyond solution-based scoring.

Extensive experiments across a range of mod-
els and input configurations show that rubric-based
scoring consistently improves generalisation, par-
ticularly to unseen questions. We also show that
lightweight LLMs used as encoders are well-suited
for ASAS. Our analysis further highlights the role
of contextual information in improving robustness
to question-specific distribution shifts. We hope
that ALICE and our findings will facilitate more

realistic and pedagogically grounded research on
automated short answer scoring in NLP for Educa-
tion.

7 Limitations

This work has several limitations. First, ALICE fo-
cuses on German-language STEM education, and
while the dataset design is general, results may not
directly transfer to other languages or subject do-
mains. Second, although we evaluate a range of
encoder architectures, we restrict our study to dis-
criminative models and do not explore generative
scoring or feedback generation. Future work on
feedback generation and pedagogical capabilities
of LLMs (Daheim et al., 2024; Macina et al., 2025)
could benefit from integrating fine-grained assess-
ment dimensions such as knowledge elements and
skills.

While rubric-ranking proves effective and gen-
eralises well to unseen questions and question-
dependent rubric structures, it requires expand-
ing each answer into multiple answer—rubric pairs,
which increases training and inference costs and
limits scalability to larger models. Finally, rubric-
based scoring relies on the availability of high-
quality rubrics, which may not always be accessible
in real-world settings. Exploring LLM-augmented
rubric representations is a promising direction for
future research.

8 Ethical Statement

The ALICE benchmark is constructed from student
responses to assessment items collected in routine



classroom settings. We obtained all data under ap-
propriate educational governance and privacy pro-
tections; identifiers were removed and responses
were anonymised prior to annotation to safeguard
student privacy. Annotators were trained educators
or trained with standard calibration procedures, and
we monitored for potential annotation bias across
demographic groups to maintain fairness in scor-
ing.

We acknowledge that automated short answer
scoring systems can influence educational out-
comes, and misuse may unfairly advantage or dis-
advantage students if deployed without appropriate
safeguards. ALICE is released solely for research
purposes under a license that prohibits high-stakes
automated decision-making without human over-
sight. Models evaluated on this benchmark should
be interpreted as tools for supporting instructional
practice, not as replacements for expert human
judgment. We encourage researchers to consider
bias, fairness, and interpretability when developing
and reporting models on ALICE, and to avoid appli-
cations that could reinforce inequitable treatment
of learners.
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A Dataset example

See Figure 3. Note that level 1 is not present in the
rubrics of knowledge elements in this example. Be-
cause level 1 is specifically for the "using without
content" scenario, this level description is absent in
the Physics data. Similarly, for the rubrics of skills,
level 1 (partially present) is not available for this
question.
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Question Context Information

Prompt: Based on the patterns and measured values, derive two “the more... the more”
statements for the alignment of the PV cell.

Sample Solution:

The more perpendicular the PV cell is aligned to the radiation source, the higher the electrical
energy. The more light reaches the PV cell (the less the PV cell is shaded), the higher the
electrical energy.

-

Student Response

Answer: The more directly the light source shines on the solar panel, the higher the generated
voltage. The more of the panel was covered, the less voltage was generated.

Learning Performance

Level 0: The students do not formulate any "the more - the more" statements regarding the
angle of incidence and the illuminated area..

Level 1: Students formulate one statement about angle or illuminated area.

Level 2 : Students formulate two statements about angle and illuminated area.

Knowledge Elements

Electrical Energy

Level 0: The term or similar meanings are not mentioned..

Level 2: Non-targeted use: The students use the voltage to explain something other than
energy conversion.

Level 3: Targeted use: voltage is used to make statements about energy conversion.

Radiation Energy

Level 0:The term or similar meanings are not mentioned..

Level 2: Non-targeted use: The students use angles or shading to explain something other
than energy conversion.

Level 3: Targeted use: angle or shading is used to make statements about energy conversion.

Conversion

Level 0: The term or similar meanings are not mentioned..

Level 2: Non-targeted use: The students use transformation concepts to explain something
other than the conversion of radiant energy into electrical energy.

Level 3: Targeted use: student indicates that radiation is converted to electrical energy.

Reasoning
Level 0: Not present: No explanation using experimental results.

Level 2 : Present: Explains patterns using experimental results; includes at least one “the
more... the more” sentence.

Figure 3: Illustrative instance from the short-answer scoring benchmark, translated from German to English.
Selected rubric levels shown in green.
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B Input formats of LLMs

In Ruan et al. (2024), they experimented with
two input formats for LLM-based classification:
natural language and structured. The former
uses natural language as sequence boundaries, and
the latter marks sequence boundaries with XML-
style markup. Below is an example input text for
the LLMs. The structured formatting approach
achieved better results. We adopt this strategy in
our paper:

<Frage>Beschreibe auf Basis Deines

— Vorwissens die Erklarungskraft der
submikroskopischen Ebene (was vermag
— diese Modellebene

— darzustellen?).</Frage>

<Antwort>Die submikroskopische Ebene
stellt Strukturformeln von Molekilen
— modellhaft dar.</Antwort>
<Rubrik>Die Schiler:innen erlautern den
erweiterten Blick der

—

—

<« makroskopischen Ebene
< nicht.</Rubrik>

They also experimented with prepending natural
language instruction to the input and found that it
has a limited impact on the final performance.

C Dataset collection, annotation and
further statistics

Dataset collection, annotation The students’ an-
swers are collected from Moodle courses used in
high schools in Blinded state, Germany. The Moo-
dle courses cover four subjects: biology, chemistry,
mathematics and physics. The ALICE-SK and
ALICE-SK don’t include rubrics for mathematics.
The dataset was scored in four phases, each for
a subset of the contained questions. Each phase
was further grouped into a pilot phase and an an-
notation phase. The annotation was performed on
the INCEPTION (Klie et al., 2018) platform. In
the pilot phase, for each domain and question, the
annotators were trained to score answers using a
smaller subset of the data until a desirable Cohen’s
k > 0.75 was reached per question. Where needed,
initial scoring rubrics and question-wise guidelines
were revised for better clarity, and the annotators
were retrained using the updated guidelines. Fol-
lowing this, the remaining student answers were
distributed among the different annotators. Due to
the size of the overall dataset, multiple annotators
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needed to be replaced during the annotation pro-
cess, resulting in minor fluctuations across the four
phases.

For learning performance, we reached a Cohen’s
Kappa score of 72; For knowledge element, the
Cohen’s Kappa score is 81. And for skills, the
score is 80.

Further statistics See Table 6 for per-subject
statistics and Figure 4 for level distribution across
subtasks.

50 Learning Performance
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Figure 4: Distribution of levels across the subtasks

Subject answers  questions ke sk
Biology 1987 11 8 11
Chemistry 8977 66 70 23
Mathematics 1257 14 NA NA
Physics 4353 21 8 12

Table 6: Per-subject number of answers, questions,
knowledge elements and skills.

D Model configuration and
Hyperparameters

Model Selection Rationale. XLM-Roberta-
Long 3 is chosen as a strong multilingual encoder
baseline with extended context length, which
is important for handling multi-sequence inputs
consisting of answers, rubrics, questions, and
sample solutions.

In addition, we evaluate a set of lightweight
LLMs with parameter sizes between 1B and 3B.
These models offer substantially larger pretraining
corpora and stronger reasoning capabilities than
MLMs, while remaining feasible for fine-tuning
under realistic computational constraints. We in-
clude both base and instruction-tuned variants to

Smarkussagen/xIm-roberta-longformer-base-4096



Reproducibility Considerations.
ments are conducted using fixed random seeds.
Model checkpoints, preprocessing scripts, and eval-
uation code will be released upon publication to
facilitate reproducibility and future benchmarking.

examine whether instruction tuning confers advan-
tages in discriminative rubric-ranking settings.

For MLM-based encoders, we use the [CLS] to-

ken representation as the sequence embedding. For
LLM-based encoders, we extract the final [EOS]
token representation. In both cases, the sequence
embedding is passed through a feedforward layer
to produce alignment scores.

All experi-

We randomly sample 10% of the training data

as the validation set and evaluate the model on it at
each epoch. The model checkpoint that achieves
the highest accuracy is saved for testing.

MLM-based models We fine-tune with a learn-
ing rate of 2 x 10~° for 8 epochs with a batch size

of 16.

LILM-based models We train with 4-bit quanti-
sation (QLoRA), a LoRA rank of 64, and a learning

rate of 1 x 10~%. We use a batch size of 4 and

gradient accumulation of 8 steps. For ALICE-LP,

we train the model for 6 epochs. During the exper-
iment, we found that the model converges after 4

epochs on ALICE-KE and ALICE-SK, so we train

these subtasks with 4 epochs on LLMs.

E Benchmarking with Close-source LLM

E.1 Prompt
E.1.1 System Prompt

Listing 1: Base System Prompt (German)

Wenn eine Rubrik "eines von/von mehreren
" verwendet, folgen Sie dieser Logik.
- Bewerten Sie ausschliesslich basierend auf
der Uebereinstimmung zwischen der
Schuelerantwort und den Rubrikkriterien
(und der Frage, falls vorhanden).
Ignorieren Sie den Stil, es sei denn, er
wird von der Rubrik verlangt.
- Geben Sie nur eine ganze Zahl zurueck, die
der hoechsten erfuellten Rubrik
entspricht.

AUSGABE
Geben Sie NUR ein gueltiges JSON-Objekt mit
genau diesen Feldern zurueck:

{

"reasoning”: "1-3 praegnante Saetze, die
erklaeren, warum diese Punktzahl am
besten zur Rubrik passt.”,

"score"”: <Ganzzahl>

3
WICHTIG

- Fuegen Sie KEINE zusaetzlichen Schluessel,
Texte oder Formatierungen ausserhalb
des JSON hinzu.

E.1.2 Task-Specific Prompt

Listing 2: Learning Performance (LP)

FOKUS: Bewerten Sie die GESAMTLEISTUNG des
Schuelers bei der Bearbeitung der
Aufgabe, einschliesslich Verstaendnis,
Anwendung und Kommunikation des Wissens.

Listing 3: Knowledge Elements (KE)

FOKUS: Bewerten Sie die BEHERRSCHUNG
SPEZIFISCHER WISSENSELEMENTE (z.B.
chemische Reaktionen, physikalische
Gesetze, mathematische Konzepte).
Konzentrieren Sie sich auf die
Korrektheit und Tiefe des fachlichen
Verstaendnisses der jeweiligen
Wissenskomponente.

Sie werden die Antwort eines K12-Schuelers
in MINT-Faechern bewerten.

ZIEL

Weisen Sie basierend auf dem
bereitgestellten Rubrikensatz genau EINE
ganze Zahl als Punktzahl zu. Sie
muessen die Schuelerantwort intern
anhand jeder Rubrik bewerten und dann
die am besten passende Punktzahl
auswaehlen.

FOKUS: [Task-specific focus, see below]

REGELN

- Beruecksichtigen Sie die Frage und die
Beispielantworten nur, wenn sie
bereitgestellt werden; sie sind
optionale Hilfsmittel zum Verstaendnis,
keine strikten Anforderungen.

- Eine Rubrik ist nur erfuellt, wenn ihre
erforderlichen Kriterien erfuellt sind.
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Listing 4: Skills (SK)

FOKUS: Bewerten Sie die ANWENDUNG
SPEZIFISCHER FAEHIGKEITEN (z.B.
Hypothesen formulieren, Experimente
entwerfen, Daten interpretieren,
Schlussfolgerungen ziehen).
Konzentrieren Sie sich auf die Qualitaet

der methodischen und prozeduralen
Fertigkeiten, nicht nur auf das
Fachwissen.

E.1.3 User Prompt

Listing 5: User Prompt

RUBRIKENSATZ
{rubrics}

FRAGE



{question}

BEISPIELLOESUNGEN
{sample_solutions}

SCHUELERANTWORT
{answer}

E.2 Results
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Base Model  Input Format LP KE SK
UA (FI/QWK) UQ (FI/QWK) | UA (FI/QWK) UQ (F1/QWK) | UA (FI/QWK) UQ (FI/QWK)

ar 59.1/54.9 60.2/53.6 52.2/53.5 51.2/54.0 65.9/36.1 63.1/41.2
GPT-do-mini T4 60.5/57.3 60.7/57.6 4771519 47.6/52.4 70.7/43.6 66.7/43.8
+s 58.0/53.4 60.0/53.6 52.8/53.9 52.4/54.1 66.3/36.6 62.7/41.0
+gs 60.8/56.9 60.5/58.9 48.4/51.7 47.8/52.6 70.2/42.5 66.6/44.3

Table 7: Prompt-based results on ALICE benchmark. F1 and QWK scores are reported as percentages.

F Benchmarking on ASAS-SAP
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Table 8: Per-question QWK scores on ASAP-SAS dataset

Joint Rubric-Ranking

Base Model Q1 Q@2 Q@ Q4 Q5 Q6 Q7 Q8 Q9 QIO | Mean
BERT-base-cased 81.5 774 67.6 709 786 819 676 629 781 714 73.8
RoBERTa-base 83.3 720 689 760 772 832 703 69.4 79.8 755 755
ModernBERT-base 763 575 683 657 734 756 568 525 79.6 702 | 67.6
XLM-RoBERTa-Long 80.9 70.8 69.8 73.1 827 842 677 568 792 744 | 739
Llama-3.2-1B 846 809 695 77.0 81.0 80.7 720 677 828 763 | 772
Llama-3.2-1B-Instruct 81.5 77.8 685 747 829 835 69.1 689 820 764 | 765
Llama-3.2-3B 85.8 80.7 713 69.5 837 863 716 713 839 77.1 | 78.1
Llama-3.2-3B-Instruct 87.8 835 674 692 829 854 714 721 831 792 | 782
Previous Methods
Method Q1 Q@2 Q@ Q4 Q5 Q6 Q7 Q8 Q9 QIO | Mean
Ramachandran et al. (2015) | 86.0 78.0 66.0 70.0 84.0 88.0 66.0 63.0 84.0 79.0| 78.0
Riordan et al. (2017) 795 718 684 700 830 79.0 648 554 717 735| 723
Wang et al. (2019) 792 714 NA NA 804 793 NA NA NA 753 | NA
Kumar et al. (2019) 872 824 745 743 845 858 725 624 843 832 | 791
Bexte et al. (2022) MAX 840 79.0 67.0 67.0 720 580 680 77.0 720 720 | 724
Bexte et al. (2022) AVG 88.0 780 740 720 69.0 740 580 69.0 77.0 72.0| 73.1

We also benchmarked our method on ASAP-
SAS, which contains diverse domains such as En-
glish Literature, and Science Bexte et al. (2022).
Note that all the listed methods train a separate
model for each question. Below are short descrip-
tions of each method.

Ramachandran et al. (2015) The paper pro-
poses a supervised short-answer scoring approach
that represents student responses using a com-
bination of lexical overlap, semantic similarity
(via WordNet and distributional semantics), and
question-specific reference answers, which are
then fed into a regression/classification model.
The method is deliberately feature-driven rather
than neural, reflecting the low-resource and inter-
pretability constraints of the time.

Kumar et al. (2019) The paper proposes Au-
toSAS, a supervised short-answer scoring system
that predicts a numeric score for a student response
using engineered linguistic and semantic features.
For each answer, the system extracts lexical diver-
sity measures, Word2Vec embeddings, and over-
lap features between the student response and the
prompt or reference content. These features are
then fed into a regression model that outputs a
score. They built a separate model for each ques-
tion.
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Wang et al. (2019) It proposes a neural short
answer grading model that augments a baseline
encoder with an explicit rubric component. The
architecture has two parts: (1) a base component
that encodes student answers using a BILSTM over
word embeddings to produce a feature vector, and
(2) a rubric component that computes word-level
attention alignments between the answer and each
key element in the rubric to produce rubric-aware
features. These features are merged (by concate-
nation or weighted sum) and passed through a re-
gression layer to predict the score, allowing the
model to learn alignment between rubric criteria
and answer content.

Ormerod (2022) The authors fine-tune a variety
of transformer-based pretrained language models
(small, base, large) on the Kaggle Automated Short
Answer Scoring dataset (ASAS) task, train a sepa-
rate feature-based model, and then build ensembles
of these models (via logistic regression over model
log-probabilities) to produce the final score. They
built a separate model for each question.

Riordan et al. (2017) The paper evaluates sim-
ple neural architectures for short-answer scoring
by training CNN- and LSTM-based models on stu-
dent responses, using word-embedding inputs and
treating scoring as regression or classification de-
pending on the dataset. The models take only the



student’s answer text (plus prompt-specific training
data) and do not incorporate rubrics or reference
criteria as structured inputs. They compare these
neural models to a strong feature-engineered base-
line across three SAS datasets and find that neural
models can outperform the baseline, though the
best architecture varies with prompt characteristics.
They built a separate model for each question.

Bexte et al. (2022) The authors train the model,
which, given an answer pair, predicts if it belongs
to the same level. During testing, the model com-
pares the candidate answer with answers of various
levels to determine the final level. During testing,
they used the MAX or AVG similarity between the
candidate’s answer and anchor samples to deter-
mine the final score.

Table 8 reports per-question QWK scores on
ASAP-SAS using the standard per-prompt evalu-
ation protocol. Overall, our joint rubric-ranking
models achieve competitive but not state-of-the-
art performance compared to prior work that trains
separate models for each prompt. In particular,
while some previous methods attain higher peak
scores on individual questions, they rely on prompt-
specific training and tuning, which deviates from
realistic deployment scenarios where new ques-
tions are encountered without retraining.

In contrast, our approach uses a single jointly
trained model across all prompts. Among our mod-
els, lightweight LLM encoders (e.g., Llama-3.2-3B
variants) outperform MLM baselines and achieve
mean QWK comparable to or exceeding most prior
neural approaches, despite the more challenging
joint-training setting. These results indicate that
rubric-ranking with joint training trades off maxi-
mal per-prompt performance for improved general-
ity and practical applicability, aligning better with
real-world ASAS use cases.
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