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Abstract

In this paper, we present the RETUYT-INCO
participation at the BEA 2026 shared task
“Rubric-based Short Answer Scoring for Ger-
man”. Our team participated in track 1 (Un-
seen answers three-way), track 3 (Unseen an-
swers two-way) and track 4 (Unseen questions
two-way). Since these tracks required scoring
short student answers using specific rubrics, we
looked for ways to handle the changing nature
of the task. We created a method called Meta-
prompting. In this approach, an LLM creates
a custom prompt based on examples from the
Train set. This prompt is then used to grade
new student answers. Along with this method,
we also describe other approaches we used,
such as classic machine learning, fine-tuning
open-source LL.Ms, and different prompting
techniques. According to the official results,
our team placed 6th out of 8 participants in
Track 1 with a QWK of 0.729. In Track 3,
we secured 4th place out of 9 with a QWK of
0.674, and we also placed 4th out of 8 in Track
4 with a QWK of 0.49.

1 Introduction

Short-answer scoring is a promising research di-
rection in the field of Natural Language Processing
for education. Unlike multiple-choice tests, which
only require students to recognize a correct answer,
short answers require them to actively construct
a response using the concepts they have learned
from the curriculum. This may be appropriate for
capturing a student’s true understanding of a sub-
ject. The automation of short-text assessment has
the potential to deliver faster feedback and consis-
tent grading, offering vital support to overburdened
educators, especially in under-resourced environ-
ments. Over the years, researchers have used var-
ious benchmarks and shared tasks to refine these

1 Corresponding author: isastre@fing.edu.uy.

systems (Burrows et al., 2015; Bai and Stede, 2023;
Dzikovska et al., 2013). We, as a research group,
are deeply interested in these applications of NLP
tools (Chiruzzo et al., 2022; Rosa et al., 2025).

In this paper, we present the RETUYT-INCO
participation in the BEA 2026 Shared Task 2:
Rubric-based Short Answer Scoring for German
(Gombert et al., 2026). This task involves the auto-
matic evaluation of short-answer responses in the
domains of science and mathematics, framed as
a classification problem with both two-way and
three-way scoring rubrics. Our team participated in
Tracks 1 (Unseen answers three-way), 3 (Unseen
answers two-way) and 4 (Unseen questions two-
way). Our team has participated in various shared
tasks of the BEA workshop in recent years (Bal-
adon et al., 2023; Sastre et al., 2024; Gdéngora
et al., 2025), generally exploring solutions that
do not require extensive computational resources.
Additionally, this year we were able to incorpo-
rate state-of-the-art Gemini models into our experi-
ments through the Gemini Academic Program.

2 Meta-prompting

We mainly focus on the unseen answer tracks, in
which systems must score new student answers for
question-rubric pairs that have already been ob-
served in the training data. An analysis of the
Train split revealed 72 distinct question-rubric
groups, each defined by a fixed question and its
associated rubric. As a baseline, we used Gemini 3
Flash! with a generic scoring prompt instantiated
with the corresponding question and rubric. On
the Trial set, this baseline exhibited substantial
performance variation across groups, suggesting
that a single generic prompt does not capture the
scoring criteria equally well for all question-rubric
pairs.

1ht’cps: //blog.google/products-and-platforms/
products/gemini/gemini-3-flash/
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Figure 1: Meta-prompting operation scheme in its two phases

To address the performance inconsistencies ob-
served with generic scoring prompts, we leverage
established advances in automated prompt opti-
mization. This field has progressed from Instruc-
tion Induction (Honovich et al., 2022), which iden-
tifies task descriptions from few-shot examples, to
the Automatic Prompt Engineer (Zhou et al., 2023)
framework for systematic search and scoring. Most
recently, GEPA (Agrawal et al., 2026) introduces
a reflexive evolution approach that uses genetic
algorithms and natural language reasoning to itera-
tively refine instructions, offering a robust alterna-
tive to static baselines for the diverse requirements
of rubric-based scoring.

Based on this line of work, we introduce the
meta-prompting approach, that induces a custom
scoring prompt for each question-rubric group. The
method consists of two phases. In the first phase,
for each group, we prompt an LLLM with the ques-
tion, the rubric, and the full set of labeled train-
ing answers for that group, serialized as JSON.
The model is asked to generate a reusable scoring
prompt tailored to that specific group. In the second
phase, at inference time, each new student answer
is routed to its corresponding question-rubric group
and evaluated using the group-specific prompt gen-
erated in the first phase. Figure 1 shows a diagram
of the method.

To further improve performance, we generate
multiple candidate prompts for each question-
rubric group, varying the prompt formulation (see
Appendix B), the thinking budget (medium or
high), and the use of synthetic examples (explained
in Section 2.2). For each group, we then retain the
prompt that performs best on the Trial set. Table 1

reports all evaluated variants and their correspond-
ing weighted F1 and QWK scores.

21

For each question-rubric group, we generate a ded-
icated scoring prompt in an offline step using the
fixed question, its rubric, and the labeled training
answers associated with that group. The training
instances are provided as a JSON object contain-
ing each answer and its gold label. An LLM then
infers the scoring criteria that best characterize the
group and produces a reusable prompt template
for evaluating unseen answers. The meta-prompt
encourages the model to capture the semantic dis-
tinctions underlying the rubric instead of relying
on superficial lexical patterns. The resulting tem-
plate includes placeholders for the question, rubric,
and answer, and instructs the downstream model
to output only the final label. This process yields
one candidate scoring prompt per group, which can
later be used directly or compared with alternative
prompt variants. The complete prompt template is
provided in Appendix A.

Meta-prompt generation

2.2 Synthetic data

As part of a strategy to normalize the data imbal-
ance within each question, we implemented a syn-
thetic data generation module.

The pipeline is implemented as a state graph (us-
ing LangGraph? and LangChain®). Given a ques-
tion, a student answer, and the rubric description
only for the target label, the LLM is prompted
to produce a new student answer matching that

2ht’cps: //github.com/langchain-ai/langgraph
*https://github.com/langchain-ai/langchain
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Approach

Weighted F1 QWK

Baselines

Prompting Llama 3.1 8B Instruct 0.610 0.050
Prompting Gemini 3 Flash 0.820 0.563
Classical Machine Learning

SVM + TF-IDF (2-10)grams 0.815 0.545
Tuning Llama 3.1 8B

Fine-tuning LoRA 0.808 0.523
Prompt tuning 0.824 0.577
Prompt tuning with synthetic data 0.826 0.583
Ensemble prompt tuning with Gemini baseline 0.832 0.595
Meta-prompting

Meta-prompt thinking medium 0.851 0.649
Meta-prompt thinking high 0.845 0.635
Meta-prompt thinking high with synthetic data 0.856 0.659
Meta-prompt thinking high (different prompt) 0.859 0.661
Meta-prompt best variant per group 0.892 0.743

Table 1: Results on the Trial set. In bold, the best result for each metric.

quality level. The prompt instructs the model to
role-play as a real student, explicitly forbidding
meta-commentary, references to grading criteria,
or verbatim copying of the reference answer. Ad-
ditionally, all previously generated answers for the
same question are included in the prompt, instruct-
ing the model to produce a substantially different
response in terms of wording, structure, and rea-
soning.

This is followed by a noise injection module
to add grammatical errors and colloquialisms that
mimic real-world writing. Finally, each response is
validated against the full rubric and a conditional
retry system that discards inconsistent examples to
ensure the quality of the synthetic dataset.

We applied this method to the 25 questions with
the greatest imbalance between correct and incor-
rect answers in the Train set, producing the num-
ber of samples necessary to reduce the gap between
the two categories by half.

3 Other approaches

Apart from meta-prompting, we explored other ap-
proaches ranging from classic machine learning
algorithms to fine-tuning open LLMs.

3.1 Role-playing prompting

Vaguely inspired in contemporary works that report
Role-playing prompting may change the expected
behavior of an LLM (Wang et al., 2025b,a; Luo
et al., 2026), we wanted to give a try on a prompt

that described the classification task differently.
Therefore, we prompted Gemini 3 flash to act
as isolated teachers in a distant planet. The API
was called three times, always giving as an input
the original question, the student’s answer, and
the rubric. The first call prompts the model to act
as a teacher that focus on the positive side of the
student’s answer, while the second one focuses on
the negative aspects. The outputs of those calls are
two reviews given as an input to the third teacher
(anew API call), acting as a meta-reviewer that has
to make the final decision. Given how expensive
it was to run this experiment (it takes 3 API calls
to classify each instance), we only submitted its
predictions for the 2 way unseen questions track,
without evaluating on the Trial set. Appendix C
includes the prompts used for this approach.

3.2 Prompt tuning and LoRA fine-tuning

Following our approach in previous shared tasks,
where we fine-tuned small LLMs (Baladén et al.,
2023; Sastre et al., 2024; Géngora et al., 2025),
we also explored this strategy using Llama 3.1 8B
Instruct (Grattafiori et al., 2024).

In the unseen answers tracks, the task can be nat-
urally decomposed into 72 question-rubric groups,
each associated with its own subset of training ex-
amples. A straightforward approach would there-
fore be to fine-tune one model per group. However,
performing 72 separate fine-tuning runs, even with
a parameter-efficient method such as Low-Rank
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Submission QWK WF1 #
Track 1 - Unseen Answers 3-Way

Meta-prompt thinking medium 0.729 0.728 30/44

Meta-prompt thinking high (different prompt)  0.696 0.702 35/44
Track 3 - Unseen Answers 2-Way

Baseline prompting Gemini 3 Flash 0.598 0.835 37/51

SVM + TF-IDF (2-10)grams 0.520 0.806 43/51

Prompt tuning with synthetic data 0.492 0.786 44/51

Ensemble prompt tuning with Gemini baseline  0.537 0.809 42/51

Meta-prompt thinking medium 0.654 0.853 25/51

Meta-prompt best variant per group 0.674 0.863 14/51
Track 4 - Unseen Questions 2-Way

Baseline prompting Gemini 3 Flash 0.490 0.789 12/39

SVM + TF-IDF (2-10)grams 0.341 0.736  38/39

Roleplaying Gemini 3 Flash 0.432 0.766 28/39

Table 2: Results for the three tracks evaluated. The QWK metric is used as the primary reference. The "#" column

indicates the ranking position out of all submissions.

Adaptation (LoRA) (Hu et al., 2022), would be
computationally expensive and time-consuming.
In addition, the amount of training data available
for each group is often limited and may be highly
imbalanced.

For this reason, we explored Prompt Tun-
ing (Lester et al., 2021), in which the base model
is kept frozen and only a small set of input em-
beddings, known as a soft prompt, is learned. Re-
cent work on Concept Tokens (Sastre and Rosa,
2026) has shown that, in Llama 3.1 8B, learning a
single embedding using a definitional corpus can
be sufficient to steer model behavior. Inspired by
this idea, we learned one embedding per question-
rubric group. Each embedding was trained using
the corresponding training examples, augmented
with synthetic data (see Section 2.2), while the
Trial split was used for early stopping. At in-
ference time, given a new answer, we construct a
prompt containing the question together with the
learned embedding associated with its question-
rubric group.

We compared this method against a single LoRA
fine-tuning run over the full Train set. As shown
in Table 1, prompt tuning achieved better perfor-
mance on the Trial set than this global LoRA base-
line. Both adaptation methods substantially outper-
formed prompting alone with the same small open-
source model, which obtained a QWK of 0.050,
whereas prompt tuning reached 0.583. This also
highlights the large gap between prompting small
open-source LLMs and prompting strong propri-

etary models: under the same general prompting
setup, Gemini 3 Flash achieved a QWK of 0.56.

3.3 Support Vector Machines

Since this was ultimately a classification task, we
wanted to attempt it using at least one classic
machine learning algorithm. We began with the
premise that the scores might be inferable from
the student’s writing alone, without the need for
additional context. While we anticipated that this
model would not compete with neural architec-
tures, following our previous work in BEA shared
tasks (Sastre et al., 2024; Géngora et al., 2025), we
consider it worthwhile to quantify the widening per-
formance gap relative to modern transformer-based
models.

Using Scikit-learn (Pedregosa et al., 2011),
we conducted several preliminary experiments.
We tested a wide range of statistical classi-
fiers—including Naive Bayes, Random Forest, and
Support Vector Machines—alongside various bag-
of-words configurations for text representation at
both word and character levels. The best config-
uration we found when evaluating on the Trial
set was feeding a sigmoid-kernel SVC*, with the
Train set represented by a TF-iDF vectorizer® us-
ing character-level n-grams in a [2, 10] range. We
trained and submitted a model using this config-

4https: //scikit-learn.org/stable/modules/
generated/sklearn.svm.SVC.html

Shttps://scikit-learn.org/stable/modules/
generated/sklearn.feature_extraction. text.
TfidfVectorizer.html
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uration for the 2-way unseen answers track and
another one for the 2-way unseen questions track.

4 Results

Table 2 summarizes the performance of our sub-
mitted systems across the three shared-task tracks
in which we participated. Our main focus was
Track 3 (two-way unseen answers), for which we
submitted the Gemini 3 Flash prompting baseline,
the SVM model, the prompt tuning approach based
on Llama 3.1 8B, an ensemble of the baseline and
prompt tuning methods, and several variants of
the meta-prompting technique. The ensemble com-
bines the baseline and prompt-tuning systems by se-
lecting, for each question—rubric group, the method
that achieved the best performance on the Trial
set.

For Track 4 (two-way unseen questions), where
the questions and rubrics are not available in ad-
vance, we submitted the same Gemini 3 Flash base-
line, the SVM model, and the role-playing method.
The remaining approaches depend on prior access
to the question—rubric groups and therefore are not
applicable in this setting. Finally, for Track 1 (three-
way unseen answers), we submitted only variants
of the meta-prompting approach, as this method
yielded the strongest results on Track 3.

The only method that improved upon the prompt-
ing baseline was the meta-prompting approach.
This result is likely due to the fact that the baseline
relies on Gemini 3 Flash, a much larger and more
recent model than the open model used in other
experiments, Llama 3.1 8B. The strength of this
baseline is further supported by its ranking in the
top third of submissions on Track 4.

Meta-prompting and the role-playing strategy
are the only other methods that use the same base
LLM, making them the most directly comparable
to the baseline. Among the Gemini 3 Flash-based
approaches, meta-prompting achieved the strongest
performance, improving over the baseline by nearly
8 points on QWK and ranking 14th out of 51 sub-
missions overall. At the team level, this placed us
4th out of 9 teams that submitted to Track 3.

For Track 4, the baseline was our strongest sub-
mission, outperforming the role-playing strategy
and placing us 4th out of 8 teams. Finally, we
placed 6th out of 8 teams on Track 1 with the
meta-prompting submission. It is worth noting
that we did not tune the method on the Trial set
for the three-way setting, and instead reused the

same meta-prompting configuration developed for
Track 3, which may partly explain the lower perfor-
mance on this track.

Regarding the Llama 3.1 8B prompt tuning
method, we observe a substantial drop in perfor-
mance from the Trial set to the final Test set. A
likely explanation is that the Trial set was used for
early stopping, which may have caused the learned
embeddings to overfit to those examples. This is-
sue is further compounded by the fact that many
question-rubric groups are both small and highly
imbalanced, with some groups containing exam-
ples from only a single class in the Trial split.

5 Conclusions

In this paper, we presented the RETUYT-INCO par-
ticipation in the BEA 2026 shared task, “Rubric-
based Short Answer Scoring for German”. Our
team tried different approaches across Track 1 (Un-
seen answers 3-way), Track 3 (Unseen answers
2-way), and Track 4 (Unseen questions 2-way).

A central part of our experimentation involved
meta-prompting, where an LLM generated scor-
ing prompts based on available training instances;
these prompts were then used as input for a sub-
sequent LLLM inference to classify unseen texts.
Alongside this technique, we evaluated the perfor-
mance of traditional machine learning models and
the fine-tuning of open-source LLMs.

The official results placed our systems in the
mid-table across the three tracks. In Track 1, we
obtained a Quadratic Weighted Kappa (QWK) of
0.729, placing 6th out of 8 participants. Our perfor-
mance in the two-way tracks was notably robust,
securing 4th place out of 9 in Track 3 with a QWK
of 0.674, and 4th place out of 8 in Track 4 with a
QWK of 0.490.

Future work should first explore how to better
adapt the meta-prompting strategy to the three-way
setting, where our submitted results were still pre-
liminary. Beyond this shared task, the approach
should also be evaluated in other rubric-based scor-
ing datasets, as well as in related educational NLP
tasks, to assess its generalization and robustness.
Finally, our experiments highlight the substantial
gap between large proprietary models and smaller
open-source LLMs. Narrowing this gap remains
an important direction, both to reduce dependency
on closed systems and to make high-performing
educational NLP tools more accessible and cost-
effective.
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Limitations

Many of our experiments rely on closed proprietary
models that are accessible only through provider
APIs. Although these models are relevant from a re-
search perspective due to their strong performance,
this dependence limits the accessibility and applica-
bility of the proposed methods in real educational
contexts. This is especially important in settings
such as rural schools, where internet connectiv-
ity, privacy constraints, and cost considerations
may restrict the use of external APIs. Moreover,
the meta-prompting and role-playing approaches
require multiple LLM calls and consume a large
number of tokens, increasing both cost and latency.
Our experiments with Llama 3.1 8B were con-
ducted using a single Google Colab Pro subscrip-
tion, which limited our ability to tune hyperparam-
eters and perform ablation studies. Consequently,
these results should be viewed as preliminary rather
than fully optimized. Regarding the generated syn-
thetic data, we did not conduct a human evaluation
of whether the generated samples were of good
quality. We focused on the empirical side of this
method, hence prioritizing seeing an improvement
in the results. Additionally, we did not evaluate
how the distant planet setting in the role-playing
approach impacted the performance of the method.
Finally, we explored the three-way setting less
extensively than the two-way configurations. The
submitted systems for this track were mostly adap-
tations of methods developed for the two-way un-
seen answers setting, rather than approaches specif-
ically optimized for three-way scoring. Given the
stronger results obtained in the two-way setting
after task-specific tuning, we believe that better-
adapted versions of our methods could substantially
improve performance in the three-way setting.

Ethics

Our research uses state-of-the-art, closed-source
models. These models are proprietary and oper-
ate via external APIs, so they may not be suitable
for processing sensitive data, particularly involv-
ing minors. The lack of transparency regarding
data handling and privacy for minors presents a
significant risk. We believe it should always be a
priority, when using these solutions in real-world
educational deployments, to use local, private in-
frastructure.

Furthermore, we acknowledge the substantial en-
vironmental impact associated with the deployment

of these large-scale models. The energy consump-
tion and resulting carbon footprint of state-of-the-
art closed models are significant. Given that the
work in this paper is a relatively constrained classi-
fication task, we emphasize that these state-of-the-
art models may be computationally excessive. We
encourage the community to explore smaller, spe-
cialized models that can provide a more sustainable
and resource-efficient alternatives.
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A Baseline prompt

This Appendix presents the prompt used for the
prompting baselines.

Baseline prompt

You are an expert educational rater for
< rubric-based short-answer scoring.

Your task is to assign a binary score to a
— student's answer using the question and
— the rubric.

Label set for this 2-way setting:

- Output "Correct” only if the student's
<« answer satisfies the rubric for

— "Correct”.

- Output "Incorrect” otherwise.

- Answers that match "Partially Correct”
< must be labeled "Incorrect”.

Decision procedure:
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Read the question, the student answer,
and all rubric levels.

Identify the full set of meaning
requirements for the rubric label
"Correct”.

Use the question only as context to
interpret the student's wording.

Do not use outside knowledge to add
content that is not stated or clearly
implied by the student's answer.

Accept paraphrases, synonyms, different
wording, and short or fragmentary
answers if their meaning clearly matches
the rubric.

Output "Correct” only if all requirements
for a fully correct answer are present
and unambiguous.

Output "Incorrect” if any required
element is missing, only partially
present, too vague to verify, off-topic,
self-contradictory, nonsensical, or
incompatible with the rubric.

If the rubric allows multiple alternative
ways to be fully correct, any one

Ignore spelling and grammar errors unless
they make the meaning unclear.

Ignore extra details unless they
contradict the required content or make
the answer incompatible with the rubric.
For multi-part requirements, all
required parts must be present unless
the rubric explicitly states otherwise.
Do not output any explanation.

L T I e

[oz

—_
N

question, answer, and rubric may be in
German. Score based on meaning, not
language quality.

U=
[0}

Input:
<Question>
{question}
</Question>

<StudentAnswer>
{answer_to_classify}
</StudentAnswer>

<Rubric>
<Incorrect>
{rubric_incorrect}
</Incorrect>
<PartiallyCorrect>
{rubric_partially_correct}
</PartiallyCorrect>
<Correct>
{rubric_correct}
</Correct>
</Rubric>

Return exactly one word and nothing else:
Correct

or

Incorrect

complete valid alternative is sufficient.

B Meta-prompting phase 1 prompts

This Appendix presents the prompts utilized in the
Metaprompting approach, the second text is an
extension from the metaprompt, that is appended
before the return criteria.

Meta-prompt

You are an expert in educational assessment
< and prompt design.

Given a question, a rubric, and labeled

< training answers for one fixed

< question/rubric group, generate a

< reusable prompt for scoring a NEW answer
— for that same group.

The possible labels are Correct and

— Incorrect (Partially Correct are

— classified as Incorrect).

The generated prompt must:
- be specific to this question/rubric group,
- reflect the rubric and the training
< signals,
- use training examples for illustrating the
— classification instructions,
- instruct the model to output only the
< final label and nothing else,
- contain exactly these placeholders:
- {question}
- {answer_to_classify}

Do not:

- Repeat the rubric as-is: the idea is for
< you to reflect on the training examples
— and generate better criteria,

- Add examples as few-shot: use the

— examples to explain the task and

« classification criteria, and to

— illustrate your explanations.

Return only the generated prompt template as
— plain text.
Do not include any explanation or extra text.

Input:
<Question>
{question}
</Question>

<Rubric>
<Incorrect>
{rubric_incorrect}
</Incorrect>
<PartiallyCorrect>
{rubric_partially_correct}
</PartiallyCorrect>
<Correct>
{rubric_correct}
</Correct>
</Rubric>

<TrainingExamples>
{training_examples?}
</TrainingExamples>
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Meta-prompt extension

The expected prompt should be sufficiently
complex, nuanced, and comprehensive so
that, if you were given only your own
prompt, you would be fully confident in
your ability to correctly classify all
training examples, without overfitting
to the specific examples provided. Do
not optimize for brevity at the expense
of completeness. It is perfectly
acceptable for the prompt to be long if
that is necessary to capture all
relevant distinctions, edge cases, and
decision criteria required for perfect
classification. Ask yourself: does this
prompt contain all the information needed
to classify every example correctly?

R

C Roleplaying prompts

This Appendix presents the prompts used in the
Role-playing prompting approach, described in Sec-
tion 3.1.

Positive reviewer

You are a teacher in a distant planet

< correcting homework in german. You do not
< have the possibility of communicating

— with any of your colleagues.

Consider the following question in German

< written by some teacher in your solar

— system: 'question'. A high-school

— student wrote this answer: '{answer}'.

Your task is to generate a three-paragraph
discussion on reasons to consider that
answer as Correct or Incorrect. In order
to provide a framework, you can consider
the answer is Correct or Incorrect
according to the following criteria:

- The answer is Incorrect if: {incorrect}

- The answer is Correct if: {correct}

Feedd

In your discussion try to focus on the

— POSITIVE aspects of the answer: why

< would you consider it as Correct? Write
< your review in English.

Negative reviewer

You are a teacher in a distant planet

— correcting homeworks in german. You do
< not have the possibility of communicating
< with any of your colleagues.

Consider the following question in German

— written by some teacher in your solar

— system: '{question}'. A high-school

— student wrote this answer: '{answer}'.

Your task is to generate a three-paragraph
discussion on reasons to consider that
answer as Correct or Incorrect. In order
to provide a framework, you can consider
the answer is Correct or Incorrect
according to the following criteria:

R A

- The answer is Incorrect if: {incorrect}
- The answer is Correct if: {correct}

In your discussion try to focus on the

< NEGATIVE aspect of the answer: why would
— you consider it as Incorrect? Write your
< review in English.

Metareviewer

You are a teacher in a distant planet. You
have received two opinions from
colleagues in your solar system about
the following question-answer pair in a
high-school test:

- Teacher's question: '{question}'.

- High-school student's answer: '{answer}'.

rerd

On one hand, the first colleague says:

— '{positive_review}"'.

On the other hand, the second colleague says:
— '{negative_review}"'.

Your task is to have the final word.
Considering that the answer was written
by a high-school student, say if it is
'Correct' or 'Incorrect', according to
the words of your colleagues and the
following criteria:

- The answer is Incorrect if: {incorrect}

- The answer is Correct if: {correct}

rrrrd

Write a brief essay to support your decision,
< and then end it saying if it is

— 'Correct' or 'Incorrect' between two #
— (e.g. #Correct#).

1243



