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Abstract

Rubrics are the primary reference for manual
scoring of constructed responses, and there is
growing interest in their use in automated scor-
ing methodologies. In this work, we propose
Aspect-Grounded Rubric–Answer Alignment
(AGRAA), a rubric-based end-to-end scoring
framework that models rubric descriptors as
latent aspect spaces. Concretely, rubric de-
scriptors are represented as low-dimensional
subspaces derived from contextualised trans-
former embeddings, and student responses are
scored according to how strongly their rep-
resentations align with these rubric-induced
spaces relative to the residual space outside
them. This formulation provides a geometri-
cally grounded interpretation of rubric-based
scoring while enabling end-to-end training with
standard transformer encoders. We introduce
three distinct architectural variants and evalu-
ate them on multiple short-answer and essay
scoring datasets. Across these tasks, AGRAA
achieves predictive performance highly com-
petitive with strong neural and feature-based
baselines. In addition, the framework yields
interpretable intermediate representations that
expose which rubric-defined aspects contribute
to scoring decisions, enabling decision-aligned
explanations grounded in rubric descriptors.

1 Introduction

Rubric-based scoring plays a central role in as-
sessing constructed responses in educational set-
tings. Rubrics describe performance using qualita-
tive criteria that enable fine-grained evaluation of
responses (Reddy and Andrade, 2010). As auto-
mated constructed-response assessment becomes
increasingly important in digital learning environ-
ments (Mello et al., 2024) and large-scale testing
(Zehner et al., 2025), there is growing interest in
methods that can automatically score responses
while leveraging the criteria defined in the rubrics
(Sonkar et al., 2024; Wang et al., 2019; Gombert

et al., 2026; Cong et al., 2026; Sreedevi et al., 2026;
Eltanbouly et al., 2025).

Across domains and response types, rubrics typ-
ically describe performance in terms of aspects
such as conceptual correctness, completeness, use
of evidence, or argumentative quality (Reddy and
Andrade, 2010). These aspects are usually dis-
tributed across the response rather than localised to
individual words or spans. For example, a science
rubric might require identifying oxidation, explain-
ing oxygen exposure, and linking the process to the
observed color change in an apple. Scoring there-
fore amounts to estimating how strongly a response
expresses the aspects associated with each rubric
level.

In this work, we frame rubric-based scoring as a
form of neural subspace classification (Fukunaga,
2013; Fukui, 2021) on top of contextual embed-
dings produced by transformer encoder models.
Each rubric level defines a low-dimensional seman-
tic subspace derived from the dominant directions
of variation in its textual representation. These di-
rections can be interpreted as latent aspects of the
rubric. Student responses are projected into these
rubric-induced spaces, and scoring is implemented
by measuring how much of the response represen-
tation lies within each rubric subspace relative to
the residual space outside it. The summarised con-
tributions of this paper are:

• We introduce AGRAA, a rubric-based repre-
sentation learning framework that aligns stu-
dent responses with rubric descriptors through
subspace-based similarity, enabling rubric-
aware scoring decisions that expands upon ear-
lier ideas introduced by Gombert et al. (2026).

• We propose three architectural variants:
a bi-encoder formulation (Bi-AGRAA), a
level-wise cross-encoder formulation (Cross-
AGRAA), and a joint cross-encoder formula-
tion (Joint-Cross-AGRAA) that allows direct
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interaction between rubric levels during repre-
sentation learning.

• Through experiments on multiple short-
answer and essay scoring datasets, we
demonstrate that rubric-based subspace align-
ment achieves competitive predictive perfor-
mance while providing transparent, rubric-
aligned explanations of model decisions.

• We show that the approach yields inter-
pretable intermediate representations that
reveal which aspects within rubric descriptors
contribute to a prediction.

2 Background

2.1 Automated Assessment of Constructed
Responses

The automated assessment of constructed re-
sponses is a long-established research branch in
educational natural language processing (Bai and
Stede, 2022; Burrows et al., 2014; Bexte et al.,
2024). In prior research, two genres of constructed
responses, namely essays and short answers, were
the main research focus, with distinct research tra-
jectories for both genres (Bai and Stede, 2022).
While short answer scoring mainly focuses on the
content of given answers ("content scoring") (Bexte
et al., 2024; Ziai et al., 2012), essay scoring is
mainly focused on writing-level traits such as co-
herence, grammar, argumentation, or style (Bai and
Stede, 2022), although there is some work that in-
stead deals with essay content scoring (Gombert
et al., 2024).

2.2 Rubrics in Automated Short Answer
Scoring (ASAS)

Scoring rubrics have previously been explored as
inputs to automatic short-answer scoring systems.
Wang et al. (2019) proposed a BiLSTM-based
architecture that computes word-level alignment
scores between tokens in a student response and to-
kens in rubric descriptors. They showed that incor-
porating rubric information improves performance
compared to a plain BiLSTM-based scoring model
introduced by Riordan et al. (2017), particularly in
low-resource settings. These results provide early
evidence that explicit modeling of rubric informa-
tion can benefit automatic short-answer scoring.

Gombert et al. (2026) proposed two architec-
tures for rubric-based short answer scoring. Both
architectures use attention to calculate alignment

scores between responses and rubric descriptors us-
ing embeddings from transformer encoder models.
The performance level whose corresponding rubric
has the highest alignment to a given response is
assigned as the final score. The variants differ in
how alignment is calculated, on top of mean-pooled
span embeddings or between the embeddings of
individual rubric descriptor and response tokens.

Cong et al. (2026) and Wei et al. (2025) evalu-
ated the utility of rubrics for short answer scoring
when using LLM in-context learning. In both cases,
providing the LLM with rubrics significantly im-
proved performance compared to a baseline with-
out rubrics and was more beneficial than providing
simple few-shot examples.

2.3 Rubrics in Automated Essay Scoring

Sreedevi et al. (2026) proposed a rubric-aware neu-
ral architecture for automated essay scoring that ex-
plicitly incorporates analytic rubric criteria into the
modeling process. Essays are encoded using con-
textual embeddings augmented with discourse in-
formation. These discourse-aware essay represen-
tations are then connected to rubric traits through
trait-specific attention mechanisms, enabling the
model to learn rubric-conditioned representations
of essay quality. The model jointly predicts both
holistic essay scores and rubric-level trait scores,
with the rubric acting as a structured supervisory
signal that guides the decomposition of essay qual-
ity into interpretable evaluation dimensions.

Eltanbouly et al. (2025) implemented an essay
scoring framework that uses LLMs to extract fea-
tures from given rubrics that are then used in a
feature-based statistical classifier. Concretely, they
prompt LLMs to transform given rubrics into bi-
nary yes-no questions that ask whether a given
rubric-defined aspect is fulfilled by the essay or not.
In the next step, the LLM is prompted to answer
these individual questions. The resulting binary
features are used as input features for a logistic
regression classifier.

3 Aspect-Grounded Rubric-Answer
Alignment (AGRAA)

Rubrics typically describe the quality of the answer
in terms of qualitative criteria such as conceptual
correctness, completeness, use of evidence, or qual-
ity of the explanation (Reddy and Andrade, 2010;
Popham, 1997). Importantly, these descriptions
rarely correspond to a single lexical cue or an iso-
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Figure 1: A schematic depiction of both architectures. SVD = Singular Value Decomposition. Questions are
included as context in each forward pass.

lated fact. Instead, rubric levels implicitly refer
to aspects that characterise responses at different
quality levels (Popham, 1997). For example, a
“correct” rubric level in a science task may simulta-
neously require the identification of a process, ex-
planation of a mechanism, and appropriate use of
domain terminology. These aspects are distributed
across the response (Popham, 1997) and can be
realised through a wide range of linguistic expres-
sions (Kreidler, 1998).

Student responses also do not express rubric-
relevant aspects in a single location. Rather, as-
pects are typically distributed throughout the text
and expressed with varying degrees of complete-
ness and clarity. We therefore can interpret both
rubric levels and student responses as configura-
tions of aspects. Each rubric level defines a set
of aspects expected for that level, while each re-
sponse expresses these aspects to varying degrees.
The central task of rubric-based scoring can thus
be framed as estimating how strongly a response
expresses the aspects associated with each rubric
level. Therefore, our approach is based on three
core assumptions:

1. Each rubric level descriptor defines a set of
latent aspects.

2. The responses express these aspects with vary-
ing strength.

3. Scoring corresponds to measuring the align-

ment between the aspects defined in the rubric
and their materialisation in a given response.

Based on these assumptions, we implemented
AGRAA, an architectural framework for end-to-end
scoring of constructed responses grounded in sub-
space classification methodology (Fukui, 2021).

3.1 Encoder and Asymmetric Projection

Given a question/item q and a response a, we aim
to predict the correct performance level 0, . . . , i for
answer a based on the qualitative criteria described
in rubric R consisting of performance level-wise
descriptors r0, . . . , ri. For this purpose, we con-
sider three architectural variants that differ in how
contextual interactions between the response and
the rubric are modeled. Figure 1 depicts these vari-
ants schematically.

Bi-AGRAA. The first variant is a bi-encoder
setup (Bi-AGRAA), where the response and each
rubric level are encoded independently. In this
case, the response representation is shared across
all rubric levels. The question is added as contex-
tual input at each forward pass but masked during
all downstream processing steps.

Cross-AGRAA The second variant is a level-
wise cross-encoder setup (Cross-AGRAA), where
the encoder jointly processes the response together
with a single rubric level at a time. This produces
response representations that are conditioned on the
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rubric level under consideration. The question is
added as contextual input at each forward pass but
masked during all downstream processing steps.

Joint-Cross-AGRAA The third variant is a joint
cross-encoder setup (Joint-Cross-AGRAA), where
the question, response, and all rubric levels are
encoded together in a single forward pass. This
allows for direct contextual interaction between
rubric levels while producing a single globally
contextualised response representation. The ques-
tion is added as contextual input at each forward
pass, but is masked for all downstream processing
steps. This is the exact setup used by Gombert et al.
(2026) for their architectures.

In all variants, functional tokens such as CLS or
SEP are masked for all following computations to
prevent the models from learning uninterpretable
shortcuts involving these tokens. Moreover, all
tokens of q are masked for all steps after encoding.
Each of the three variants yields contextualised
embeddings for response and rubric tokens:

Ha ∈ RTa×d, Hri ∈ RTri×d (1)

In these, d denotes the encoder hidden size. To
account for the different functional roles of rubric
and response text (the former describes in which
aspects a correct response materialises, while the
latter is a concrete materialisation), we apply asym-
metric linear projections into a shared comparison
space of dimension l:

Xa = HaWa +Ba, Xa ∈ Rna×l (2)

Xri = HriWr +Br, Xri ∈ Rnri×l (3)

Separate projection layers allow rubric tokens to
define aspect directions while response tokens are
evaluated relative to these directions.

3.2 Rubric-induced Aspect Spaces
On top of the three underlying encoding ap-
proaches, we use the same specialised head, which
can be viewed as a neural subspace classifier (Fuku-
naga, 2013) in which each rubric level descriptor
defines a semantic subspace of one or more latent
aspects. In this perspective, scoring corresponds
to a form of nearest-subspace classification where
responses are assigned to the rubric level whose se-
mantic subspace best explains their representation.
We estimate these aspects by constructing a low-
dimensional subspace from the rubric token embed-
dings. Given projected rubric token embeddings

Xri , we compute a singular value decomposition:

Xri = UiΣiV
⊤
i (4)

The right singular vectors define orthogonal direc-
tions in the projection space capturing dominant
semantic variation within the rubric text. We inter-
pret these directions as latent aspects. To determine
the number of aspects a given rubric descriptor con-
tains, which of course differs from descriptor to de-
scriptor, we retain the smallest number of singular
directions explaining a fixed proportion of variance
τ (e.g., 0.9), capped by a maximum number of as-
pects kmax. Both need to be set as hyperparameters
depending on the granularity of the rubrics at hand:

ki = min
(
{kmax} ∪ {k :

∑k
j=1 σ

2
ij∑

j σ
2
ij

≥ τ}
)

(5)

This yields an orthonormal basis Qi ∈ Rr×ki rep-
resenting the aspect space associated with rubric
level i, together with singular values σij .

3.3 Response-to-Aspect Alignment
To evaluate how strongly a response expresses each
rubric aspect, we project response token embed-
dings into the rubric-induced subspace:

Ai = XaQi ∈ Rna×ki (6)

Each column of Ai represents the strength with
which the response tokens align with a particular
rubric aspect. To quantify how well a response
can be expressed within the rubric-induced aspect
space, we compute the proportion of response vari-
ance explained by this subspace. Let

E∥,i =
1

na
∥Ai∥2F (7)

denote the energy of the response within the rubric-
induced subspace, and

Etot =
1

na
∥Xi∥2F (8)

The total response energy in projection space. The
residual energy outside the rubric subspace is:

E⊥,i = Etot − E∥,i. (9)

We then define the alignment between a response
and rubric level i as the log-ratio between the en-
ergy explained by the rubric-induced subspace and
the residual energy outside the subspace, a form
closely related to the classical subspace classifica-
tion criteria in statistical pattern recognition (Fuku-
naga, 2013):

si = log
E∥,i + ε

E⊥,i + ε
. (10)
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3.4 Classification and Training
The predicted scores are obtained by an argmax in
all s0, . . . , si:

ŷ = argmax
i

si. (11)

The model is trained end-to-end using softmax
cross-entropy loss over these alignment scores.

Aspect distribution regularisation. While the
above objective optimises predictive performance,
early pre-experiments showed that the resulting
models often collapsed onto one dominant “master”
aspect that largely determined correctness, while
the remaining directions acted as residual aspects
without a clear function. This constitutes a learned
shortcut. However, as stated earlier, rubrics typi-
cally describe performance across multiple aspects.
To encourage the model to better reflect this multi-
aspect structure, we introduce an additional regu-
larisation term to the loss function that promotes
a more distributed use of rubric-based semantic
directions.

To obtain a direction-level summary of how
strongly each aspect contributes to the alignment
with a rubric unit, we first compute pooled per-
direction alignment values:

ei,j =

√√√√ 1

α
ln

na∑

t=1

exp
(
α (Ai)2t,j

)
. (12)

These values summarise the strongest token-level
evidence for each semantic direction. We then
derive a normalised distribution over aspect contri-
butions

pk =
ei,k∑ki

m=1 ei,m
, (13)

and compute its entropy

H(p) = −
ki∑

k=1

pk log pk. (14)

In practice, this entropy is normalised with respect
to the number of retained directions and is used as
a soft constraint: the model is penalised only when
the aspect distribution becomes too concentrated,
that is, when its entropy falls below a predefined
target range. This encourages the model to make
use of multiple rubric-defined semantic directions
without forcing all directions to contribute equally.
Because regularisation operates only on the dynam-
ically retained directions for a given rubric unit

through variance-based subspace construction, it
promotes a balanced use of the available seman-
tic directions without forcing the model to use the
maximum possible number of aspects in every case.
The final loss function is defined as

L = LCE + λLent, (15)

where Lent denotes the entropy-based penalty and
λ controls its strength.

3.5 Interpretability
To obtain decision-aligned explanations, we de-
compose the final prediction into contributions of
individual aspects. Let ei,j denote the pooled re-
sponse energy along the aspect j of rubric level i
(as defined in equation 12), and wi,j the correspond-
ing normalised singular-value weight. Within each
rubric level, aspect contributions are computed as:

c̃i,j =
wi,j e

2
i,j∑ki

m wi,m e2i,m
. (16)

To align the explanation with the model’s cross-
level decision, these quantities are weighted by
softmax-normalised level scores:

ci,j = softmax(s)i · c̃i,j . (17)

The values ci,j sum to one across all levels and
aspects and therefore directly quantify how much
each rubric-defined semantic direction contributed
to the final classification. The resulting visuali-
sations make explicit which rubric aspects drove
the decision and which rubric tokens characterise
these aspects (see Figure 2). This yields a decision-
aligned explanation in terms of rubric semantics.
Because explanations are derived directly from the
same projected response representations used in the
scoring function, the resulting aspect contributions
reflect the internal evidence underlying the model’s
decision rather than a post-hoc approximation.

3.6 Applicability across response types
Given a long-context encoder is used as backbone,
the architecture can support constructed response
types of varying length. Short answers and essays,
as the most important types of written constructed
responses, differ primarily in the number, focus,
and complexity of aspects expressed, as well as
in overall length. This can be accommodated by
adjusting the maximum number of retained aspect
directions kmax.
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Approach UA P UA R UA F1 UA QWK UQ P UQ R UQ F1 UQ QWK

ModernGBERT-1B Joint-Cross-AGRAA .760 .740 .743 .748 .620 .577 .581 .539
ModernGBERT-1B Cross-AGRAA .745 .734 .736 .733 .594 .584 .586 .521
ModernGBERT-1B Bi-AGRAA .726 .711 .714 .705 .567 .552 .558 .475

ModernGBERT-1B Classifier (Q+A+Ru) .732 .716 .719 .713 .579 .553 .553 .466
ModernGBERT-1B Classifier (Q+A) .707 .704 .705 .692 .533 .529 .522 .404

GBERT-large ToLeGRAA (Gombert et al., 2026) .748 .739 .742 .751 .620 .595 .600 .569
Claude Sonnet 4.5 5-shot (Gombert et al., 2026) .680 .679 .679 .665 .646 .640 .641 .603

Table 1: Results achieved for the ALICE-LP dataset. We follow the evaluation protocol established in Gombert et al.
(2026) and report dataset-wide metrics for the unseen answers and unseen questions evaluation sets. P = Weighted
Precision. R = Weighted Recall. F1 = Weighted F1. QWK = Quadratic Weighted Kappa. UA = Unseen Answers
subset. UQ = Unseen Questions subset.

4 Evaluation

Following the definitions from Murdoch et al.
(2019), we evaluate the models for both predic-
tive and descriptive accuracy. While predictive
accuracy refers to the predictive performance of
models, descriptive accuracy concerns whether
these models make predictions for plausible rea-
sons, i.e., whether plausible aspects are extracted
from the rubrics and whether the calculated align-
ment matches what is stated in a given input answer.
Our evaluation, therefore, addresses two concrete
research questions:

RQ1. What is the predictive accuracy of the three
AGRAA variants?

RQ2. Are the models faithful in terms of descrip-
tive accuracy in regard to the content of answers
and rubrics?

For the first research question, we measure pre-
diction quality, while for the second research ques-
tion, we qualitatively analyzed 64 randomly se-
lected examples from the unseen-answers evalu-
ation set of the ALICE-LP dataset (see next sec-
tion) for each model variant (Bi-AGRAA, Cross-
AGRAA, Joint-Cross-AGRAA).

4.1 Datasets

For our experiments, we used two datasets for short-
answer scoring and one for holistic essay scoring,
namely ALICE-LP, ASAP-SAS, and PERSUADE
2.0. In every evaluation, the models are trained on
the whole respective dataset.

ALICE-LP 1.0. This short answer scoring
dataset was first introduced by Gombert et al.
(2026) and includes 13,075 German short an-
swers to 118 questions from four different STEM
domains collected in German middle and high
schools. All answers are rated on a three-point

scale following question-specific rubrics. It is di-
vided into a test and two evaluation sets. One of
these contains answers to questions seen during
training (unseen answers), while the other contains
answers to questions unseen during training (un-
seen questions).

ASAP-SAS. This short-answer scoring dataset
was first introduced in the context of a 2012 Kaggle
competition (Barbara et al., 2012) and has since
grown into a widely used benchmark for automated
short-answer scoring. It comprises 22,067 English
answers to a total of ten different questions with
question-specific rubrics, including both STEM
and reading comprehension questions, collected at
US-American schools.

PERSUADE 2.0. This essay scoring dataset was
first introduced by Crossley et al. (2024). It com-
prises 25,996 argumentative essays written in En-
glish for 15 different prompts. It includes holistic
scores on a 6-point scale, as well as analytic scores
for multiple argumentation-related criteria on a 3-
point scale. In this work, we focus on predicting
the holistic scores. The dataset contains source-
based and independent writing prompts, both of
which are scored using slightly different rubrics.

4.2 Backbone Models, Hyperparameters and
Baselines

As backbone models, we used ModernBERT
(Warner et al., 2025) variants. ModernBERT is
a modified variant of the original BERT architec-
ture that supports long-context processing with the
help of RoPE embeddings (Su et al., 2024). For the
German ALICE-LP set, we use ModernGBERT-1B
(Wunderle et al., 2025), a German-specific Mod-
ernBERT (Warner et al., 2025) variant, while for
the English ASAP-SAS and PERSUADE 2.0, we
use the regular ModernBERT-large (Warner et al.,
2025). As baselines, we employ two classifier vari-
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Approach 1 2 3 4 5 6 7 8 9 10 QWKm QWKF

ModernBERT-large Joint-Cross-AGRAA .871 .883 .709 .760 .796 .887 .714 .667 .830 .782 .790 .802
ModernBERT-large Cross-AGRAA .874 .878 .715 .717 .810 .883 .732 .664 .846 .749 .786 .800
ModernBERT-large Bi-AGRAA .885 .863 .706 .748 .837 .835 .706 .679 .842 .740 .784 .795

ModernBERT-large Classifier (Q+A) .857 .831 .729 .707 .802 .806 .716 .658 .825 .759 .769 .776
ModernBERT-large Classifier (Q+A+Ru) .859 .816 .654 .730 .791 .803 .732 .641 .829 .783 .764 .772

Ensemble of fine-tuned MLMs (Ormerod, 2022) .882 .868 .722 .750 .813 .822 .734 .702 .865 .779 .796 .803
Random Forests + div. feats. (Kumar et al., 2019) .872 .824 .745 .743 .845 .858 .725 .624 .843 .832 .791 .802
GTE-EN-MLM Classifier (Q+A+R) (Gombert et al., 2026) .868 .848 .715 .738 .790 .827 .681 .718 .844 .773 .780 .788
ModernBERT-large GRAASP (Gombert et al., 2026) .876 .852 .724 .727 .803 .871 .702 .672 .802 .749 .779 .788
GRU (Riordan et al., 2019) .830 .791 .662 .731 .844 .861 .736 .664 .809 .777 .771 .779
ModernBERT-large Classifier (Q+A+Ru) (Gombert et al., 2026) .856 .836 .677 .703 .768 .831 .699 .675 .817 .748 .761 .775

Table 2: Results achieved for the ASAP-SAS dataset. We follow the evaluation protocol used by Riordan et al.
(2019), Kumar et al. (2019), Gombert et al. (2026), and Ormerod (2022) to report question-wise Quadratic Weighted
Kappa scores, which are then averaged using the arithmetic (QWKm) as well as the Fisher-weighted (QWKF )
mean.

ants of these models. For the first variant, a given
classifier receives a response and the corresponding
question/item prompt, and for the second variant,
the classifier is also given the full rubrics. For
ALICE-LP and ASAP-SAS, we set kmax = 3, and
for PERSUADE 2.0, we set kmax = 12, based on
a manual inspection of the number of aspects con-
tained in the corresponding rubric descriptors. We
set τ = 0.9, λ = 0.2, and α = 5.0 in all cases.
Training was run for 12 epochs with a learning rate
of 1e-5, a weight decay of 0.1, gradient clipping set
to 1.0, a batch size of 16, and early stopping active
using AdamW as optimiser. We report results for
the best checkpoint per run.

5 Results

5.1 Predictive Accuracy

Across all evaluated datasets, the proposed
AGRAA variants achieve competitive predictive
performance. When compared against conven-
tional classifier architectures built on the same un-
derlying backbone models, several AGRAA vari-
ants consistently match or outperform these base-
lines. On the ALICE-LP dataset, Joint-Cross-
AGRAA reaches performance comparable to the
previously reported ToLeGRAA model on the un-
seen answers setting, while all AGRAA variants
outperform both rubric-aware and rubric-free clas-
sifier baselines implemented with the same en-
coder. On the ASAP-SAS dataset, the AGRAA
variants likewise improve over the corresponding
classifier baselines and achieve results competitive
with strong published neural and feature-based sys-
tems, with Joint-Cross-AGRAA and Cross-AGRAA
closely approaching the best reported aggregate
QWK scores. On the essay scoring dataset, the
proposed models perform on par with or slightly

Approach P R F1 QWK

ModernBERT-large Cross-AGRAA .694 .693 .691 .878
ModernBERT-large Joint-Cross-AGRAA .690 .689 .688 .873
ModernBERT-large Bi-AGRAA .672 .668 .666 .866

ModernBERT-large Class. (Q+A+Ru) .681 .679 .675 .869
ModernBERT-large Class. (Q+A) .668 .667 .664 .864

DeBERTa-v3 Class. (Ravindran and Choi, 2025) - - - .870
ModernBERT Class. (Ormerod, 2025) - - - .868

Table 3: Results achieved for the PERSUADE 2.0
dataset. We report weighted precision (P), weighted
recall (R), weighted F1 score, and quadratic weighted
Kappa.

above strong transformer-based baselines.
Taken together, these results indicate that the

rubric-based subspace formulation underlying
AGRAA can match, and, in several cases, exceed
the predictive performance of conventional clas-
sifier formulations using the same encoder back-
bones.

5.2 Descriptive Accuracy

Overall, the Bi-AGRAA and Joint-Cross-AGRAA
variants frequently decomposed rubric representa-
tions into several semantically meaningful aspects
that corresponded to distinct rubric criteria or con-
ceptual components.

Across most inspected visualisations, the ex-
tracted aspects highlighted meaningful content
words from the rubric descriptors as well as modi-
fiers associated with them, such as determiners or
descriptive adjectives (e.g., die, der). This suggests
that the learned semantic directions are anchored
in linguistically and semantically plausible parts of
the rubric descriptors.

Figure 2 illustrates an explanation produced
by the Joint-Cross-AGRAA model. Within the
predicted rubric level, three aspects that charac-
terise the expected reasoning are visible. The
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ANSWER: Der Wasserstand sinkt erst kaum , dann sehr schnell und stoppt schließlich . Zudem ist die Gasentwicklung am Anfang sehr stark , nimmt aber mit der Zeit ab .

RUBRICS: [0] Incorrect: Die Schüler:innen beschreiben das Phänomen wiederholend ohne Bezug zur momentanen Reaktionsgeschwindigkeit. [1] Partially correct: Die Schüler:innen
beschreiben die Gasentwicklung als entscheidende Beobachtung. [2] Correct: Die Schüler:innen beschreiben die Gasentwicklung als entscheidende Beobachtung und verknüpfen sie mit der
Stoffgröße Volumen als Funktion der Zeit.

Decision-aligned aspect contributions  PREDICTED: Correct

Figure 2: This figure shows an example of the aspect contributions with a correct answer from the ALICE-LP
dataset the system rightfully judged as correct. Each bar represents the ci,j (see Equation 17) for a given score
si (see Equation 10) and a given aspect j for a Cross-AGRAA ModernGBERT-1B model trained with kmax = 3.
Since the model is highly confident, there are only bars visible in the correct cell. For each aspect, we show the four
most characteristic words from the respective rubric.

most influential aspect is associated with the to-
ken beschreiben, reflecting the rubric requirement
that the response should provide a description. A
second aspect is characterised by tokens such as
Zeit, Volumen, and Funktion, corresponding to the
rubric requirement that the gas volume should be
interpreted as a function of time. A third aspect
reflects observational terminology such as the ad-
jective entscheidende in Beobachtung, capturing
the emphasis on identifying the gas development as
the key phenomenon. The student response indeed
describes how the gas development changes over
time (“Gasentwicklung . . . nimmt aber mit der Zeit
ab”), which aligns closely with these rubric-defined
aspects, suggesting that the extracted directions cor-
respond to semantically meaningful components of
the rubric. Across all the inspected examples, we
could observe similar patterns of align

6 Discussion

The experimental results suggest that rubric-based
scoring can be effectively framed as a subspace
alignment problem between responses and rubric
descriptors. Across three datasets covering short
answer- and essay scoring, the proposed AGRAA
variants achieved predictive performance stronger
than plain transformer classifier baselines in the ma-
jority of cases. The strongest among these across
all datasets is the Joint-Cross-AGRAA variant, in-

dicating that cross-attention between rubric descrip-
tors as well as between rubric descriptors and an-
swers is needed to best differentiate between perfor-
mance levels. Overall, we can conclude that neural
subspace classification as employed for AGRAA
can be seen as beneficial for predictive performance
in rubric-based constructed response scoring.

Moreover, the subspace formulation yields inter-
pretable intermediate representations that expose
how rubric-defined aspects contribute to scoring
decisions. Qualitative analysis indicated that these
aspects frequently correspond to meaningful rubric
aspects, suggesting that the learned semantic di-
rections capture pedagogically relevant structure
present in the rubrics. However, it needs to be con-
firmed whether this pattern holds up across varied
models and datasets, which needs to be the objec-
tive of future work.

Limitations

Several limitations remain. First, the interpretabil-
ity analysis in this work is primarily qualitative
and future work could investigate quantitative mea-
sures of explanation quality. Second, the number of
retained semantic directions is controlled through
global hyperparameters, which may not always per-
fectly reflect the conceptual granularity of a given
rubric. We did not conduct an extensive hyperpa-
rameter search. A small-scale stability analysis (see
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Appendix) revealed that the predictive performance
stays stable under varied hyperparameters, but may
experience drops for certain configurations. Fi-
nally, the approach assumes that rubric descriptors
sufficiently capture the semantic structure of the
scoring task, which may not hold for poorly spec-
ified rubrics. Therefore, future work would need
to test the relationship between variables such as
linguistic and conceptual uncertainty within rubrics
and the resulting predictive performance.

Ethical Statement

Automatic constructed response scoring is an edu-
cational NLP task. The EU AI act (European Par-
liament and Council of the European Union, 2024)
labels AI technology (including NLP technology)
in education rightfully as a high-risk application.
While the individual risk depends highly on the ex-
act context in which the corresponding technology
is used and must be assessed case-by-case, mispre-
dictions can tremendously impact learner success
even in low-stakes scenarios.

For example, there is clear empirical evidence
that negative feedback (and the predicted perfor-
mance levels, if low, are nothing but that, if pre-
sented to a given learner) can hurt the intrinsic mo-
tivation of learners (Fong et al., 2019). If a system
based on one of our presented approaches wrong-
fully scores correct answers as wrong, learner moti-
vation might thus unnecessarily suffer. Even worse,
when such mistakes happen in high-stakes assess-
ments, it might negatively affect students’ overall
life path since, in many countries, access to uni-
versity programs and jobs is highly coupled with
assessment results, e.g., in the form of GPA scores.
Deployment in such scenarios, therefore, requires
extensive evaluation.

On the other hand, if a model is, for example,
used in formative assessment and mispredicts a
given wrong student answer as being correct, the
corresponding student might not revise possible
misconceptions present in their answer. If this hap-
pens too often throughout a given unit, students
might develop misunderstandings about the con-
tent. Moreover, there is already existing research
on teacher dashboards that comprehensively sum-
marise student performance so teachers can plan
interventions based on that (Karademir et al., 2024).
If a non-reliable short-answer scoring system pow-
ers such a dashboard, teachers might make incor-
rect interventions, which, in turn, could harm stu-

dent learning.
Another aspect that needs to be further assessed,

which was out of the scope of this particular study,
is whether the underlying models replicate unde-
sired biases. An example of this might be a possible
bias against students with dysgraphia or dyslexia.
If dyslexic or dysgraphic writing is not sufficiently
represented in a given training set, systems might
encounter problems dealing with the same, hurt-
ing downstream predictive performance for student
answers formulated by affected students.
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A Appendix

Sensitivity analysis of kmax and λ. To exam-
ine the sensitivity of the model to the two cen-
tral structural hyperparameters, we conducted a
targeted ablation for Joint-Cross-AGRAA on the
ALICE-LP unseen-answers setting. We varied the
cap on the number of retained rubric directions
kmax ∈ {3, 4, 5, 6} and the entropy regularisation
weight λ ∈ {0.0, 0.2, 0.6} while keeping all other
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Figure 3: QWK results for the different kmax and λ
combinations.

hyperparameters fixed. Due to computational con-
straints, the analysis was performed with a single
random seed and should therefore be interpreted as
a compact sensitivity check rather than an exhaus-
tive hyperparameter search. Across most config-
urations, performance remains within a relatively
narrow range, with some outliers present. This sug-
gests that kmax and λ can influence performance
and should therefore not be set randomly, but over-
all, the model is able to handle varying configura-
tions of these hyperparameters.
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