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Figure 1: Overview of the TC-MAG framework in contrast to the existing single-pass LLM-based automated grading. The figure
highlights TC-MAG ’s teacher-cognition pipeline (guideline extraction — rubric creation — parallel markers — arbitration —
calibrated confidence) with short, verifiable micro-explanations and a High/Low confidence tag for selective teacher review.

Abstract

Automated grading in rubric-based, short-answer open-ended ques-
tions often mishandles partial credit, calibration, and actionable
transparency, ultimately requiring teachers to reevaluate. This chal-
lenge is amplified in resource-constrained settings (e.g., with limited
teachers and a large student population), resulting in weaker learn-
ing outcomes. To address this challenge, we present the Teacher-
Cognition Multi-Agent Grading framework (TC-MAG), which mir-
rors teachers’ micro-steps via anchored LLM agents for rubric
creation, guideline checks, blind double marking, arbitration, and
cross-checking to calibrate confidence. Each step produces a concise
explanation for targeted review. We first conducted a motivational
study to inform the design of TC-MAG. Next, we validated the
effectiveness of the TC-MAG framework on a dataset of 2,000 Sin-
gapore primary school students’ responses across 1-4-mark math-
ematics questions with teacher-adjudicated gold labels. TC-MAG
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attained deployment-level reliability (¥=0.968 on 1-mark; quadratic-
weighted ¥=0.936 on 2-4 marks) by outperforming human teach-
ers (Ax=+0.063, p<.001) and state-of-the-art LLM baselines (min
Au=+0.012, p<.001). In a mixed-methods teacher study (N=14; 12.1
years’ experience), explanation format and TC-MAG ’s confidence
score influenced whether teachers delegated grading to TC-MAG.
Staged explanations yielded greater diagnosticity (LR+ 11.5 vs. 4.60
for summarized explanations), informing a progressive disclosure
strategy of explanations based on confidence. Overall, TC-MAG
offers replicable multi-agent framework and triage methods for
classroom deployment while preserving teacher oversight.
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« Applied computing — Computer-assisted instruction; Educa-
tion; - Human-centered computing — Systems and tools for
interaction design; « Computing methodologies — Artificial in-
telligence.
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1 Introduction

Marking open-ended student work at classroom scale is a binding
constraint on equity: in resource-constrained settings, students
receive fewer constructed-response questions, wait longer for feed-
back, and accumulate less durable knowledge than peers who have
access to individualized instruction [90]. Primary-school teachers
spend a disproportionate share of their time grading open-ended
answers that cannot be machine-scored [35]. To keep pace with
syllabus, classrooms often shift toward multiple-choice items; yet
corpus studies and classroom analyses show recognition-based
questions surface far fewer misconceptions than generative re-
sponses, narrowing what assessment can diagnose [62, 76]. Timely
feedback matters too - reducing latency from a week to a day halves
correction time for conceptual bugs and aligns with spaced-practice
cognitive models [35, 82]. Therefore, we aim to automate grading
for open-ended questions to reduce teachers’ effort and improve
learning outcomes.

Prior works span feature-engineered short-answer scoring pipeli-
nes [62], advanced transformer-based grading mechanisms [87],
LLM-based automated scoring approaches using prompt engineer-
ing like few-shot learning, etc. [17, 26, 103]. However, existing
approaches suffer from various shortcomings. First, systems often
fail to achieve human-level inter-rater reliability in high-stakes
grading. For example, on ASAP-SAS, the best GPT-4 prompting
reaches QWK of 0.677 [40]. Moreover, LLMs match humans only
on subsets of questions and can be gamed by prompt-hacking [15].
Second, zero-/few-shot prompting performs poorly, and without
fine-tuning, GPT-4 falls to ‘not feasible for practical use’ in three
benchmark corpora [11]. Third, uncertainty is untrustworthy -
confidence drifts on longer/partial answers, rubric non-compliance
is common, and 22% of the mis-scores being high-confidence un-
dermine selective review. [15, 37, 38]). Finally, post-hoc ‘explain
your score’ prompts do not solve this; empirical evaluations rate
such explanations as inconsistent and pedagogically thin, yield-
ing little time savings because teachers still re-mark the original
answers [40]. Prior HCI work similarly finds that teachers dele-
gate grading only when systems surface clear uncertainty cues
and support low-friction overrides [2, 78, 102]. These shortcomings
highlight the necessity of a comprehensive framework for better
Al grading reliability and high degree of trustworthiness while
aiming to reduce the teachers effort and obtaining better learning
outcomes.

Research Challenges: However, developing such a trustworthy
and reliable AI grading framework poses multiple research chal-
lenges as discussed next. High reliability requirement - Al graders
must exhibit a high reliability agreement while handling partially
correct, multi-step reasoning. Eliciting structured reasoning helps
as LLMs are more accurate when they externalize intermediate
steps or explore multiple branches, yet chain of thought alone
does not ensure verifiable grading [27, 95]. Calibrated uncertainty
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and auditability, selective teacher review is viable only if confi-
dence tracks correctness. However, LLMs are miscalibrated on
open-ended answers, and unverified explanations can increase over-
reliance [2, 37]. Usable transparency for human—AI orchestration,
teachers delegate when systems surface clear uncertainty cues and
enable low-friction overrides [2, 78, 102]

Research questions: In this paper, we ask the following re-
search questions while aiming to develop a trustworthy Al grader
addressing the aforementioned challenges. RQ1 (Reliability), can
a teacher-cognition-inspired multi-agent! LLM grader surpass the
reliability requirement for deployment on primary school short an-
swer mathematics questions, by outperforming human teachers and
existing LLM baselines RQ2 (Teacher trust and delegation), does
the presentation of micro-step explanations (anchored on teacher
micro-decisions) and calibrated confidence buckets change teach-
ers’ willingness to delegate grading to AI? To address these research
questions, we develop TC-MAG (Teacher-Cognition Multi-Agent
Grader), a six-agent framework mirroring teachers’ micro-decisions
while marking: identify the relevant rubric step, extract evidence
from the student answer, check alignment with marking guidelines,
assign provisional marks, solicit a second opinion, reconcile dis-
agreements, and calibrate confidence. The framework operational-
izes advances in LLM reasoning by forcing each micro-decision to
be committed and logged before the next, reducing hidden leaps
that make single-pass grading brittle [27, 95]. We stabilize decisions
by aggregating multiple reasoning paths and reconciling them via
critique [59, 92], and by interleaving verification prompts that ex-
plicitly check outputs against guideline text - a strategy shown
to improve factual and mathematical reliability [92]. To support
selective review, every agent emits a short, verifiable explanation
tied to specific guidelines; a cross-checker flags mismatches and
down-ranks confidence, producing discrete confidence buckets that
teachers can act on [2, 58]. We demonstrate the framework of TC-
MAG in Fig. 1, highlighting differences from the traditional LLM
prompting frameworks.

We evaluated TC-MAG on short-answer primary mathematics
against LLM baselines and conducted a mixed-method classroom
study with practicing teachers to measure trust, delegation, and
audit time under different explanation and uncertainty configura-
tions [37, 40, 102]. In a study involving 2,000 Singapore primary-
school answers, TC-MAG exceeds human and LLM baselines in
QWK across all mark strata, e.g., increase from 0.79 (human base-
line) to 0.95 (TC-MAG), while preserving teacher oversight. In
summary, we make the following contributions in this paper,

e A teacher-cognition—inspired 2 multi-agent LLM framework for
grading short answer, rubric-based mathematics questions. We
introduce TC-MAG, a six-agent framework that decomposes
grading into teacher micro-decisions, committing to and logging

'We use ‘multi-agent’ to denote a system of LLMs with specialized functional roles with
distinct prompts and information boundaries, following conventions in MetaGPT [34],
CAMEL [54], and AutoGen [100]. TC-MAG comprises five such roles. We acknowledge
that stricter definitions requiring model heterogeneity or persistent inter-invocation
state have been proposed; our usage reflects the current predominant convention in
LLM applications literature.

2Here, we use ‘teacher cognition’ in a procedural sense to refer to the the cognitive-
task-analysis elicited sequence of micro-decisions teachers externalize during grading.
We do not claim a validated cognitive theory or computational model of teachers’
judgment.
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each bounded step before moving on. The design builds on evi-
dence that structured, multi-step reasoning improves reliability
over single-pass outputs [27, 95].

e Human-Al orchestration insights for trustworthy grading. Mixed-
methods analyses show how micro-step explanations (anchored
on teacher micro-decisions) and confidence buckets shift teach-
ers’ willingness to delegate grading and concentrate attention on
likely failure points, addressing documented barriers to adoption
in classrooms [2, 78, 102].

These findings underscore the effectiveness of a multi-agent
LLM framework, demonstrating the reliability and trustworthiness
of automatic grading required for real-world deployment.

2 Related Works

In this section, we present the related literature on LLM-based
automated grading and the challenges associated with wide-scale
deployment of such approaches. In addition, we highlight how the
proposed framework aims to address some of these challenges.

2.1 LLM-based Automated Grading

In the existing literature, LLM-based automated grading can be
broadly divided into the following categories - single-pass LLMs,
rubric-based, Al-assisted assessment (including human-in-the-loop
and few-shot grading) and prior multi-agent prompting.

Single-pass LLM based automated grading uses a single prompt
that combines the assignment description, grading rubric, and stu-
dent response, allowing the model to generate a score and feedback
in one inference step [28, 29]. It relies on the LLM’s ability to inter-
pret instructions and apply rubric-based reasoning directly, without
multi-step evaluation or external code execution. This approach
enables fast, scalable, and consistent assessment across many sub-
missions. However, the major limitations of these approaches are
that they suffer from hallucinations, prompt sensitivity, and relia-
bility on edge cases [28].

Rubric-based LLM for automated grading is used to overcome
some of the limitations observed in single-pass LLM. This grading
method uses structured evaluation criteria - typically expressed
as a rubric with specific dimensions like correctness, clarity, and
completeness - as explicit guidance for the model during assess-
ment [8, 73]. The LLM processes the rubric and student submission
in a single or multi-turn prompt, assigning per-criterion scores and
generating targeted feedback aligned with each rubric item. This
approach improves transparency and consistency by guiding grad-
ing decisions in well-defined standards. However, this approach
often suffers from the quality of the rubric and may not generalize
across different types of grading tasks [8, 81].

Al-assisted LLM-based grading leverages large language models
(LLMs) to support automated grading while keeping humans in-
volved in the decision loop to ensure accuracy and fairness [18,
55, 103]. In this framework, the LLM first generates draft evalua-
tions - such as preliminary grades, rubric-aligned comments, or
qualitative feedback, based on the student submission and grad-
ing criteria. Human graders then review, validate, or adjust these
Al-generated outputs, which reduces grading workload while main-
taining accountability [107]. The few-shot grading variant improves
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the LLM’s calibration by showing it a small number of graded ex-
emplars, helping the model better align its scoring with human
standards [107]. This combination enables scalable and explain-
able grading that still preserves human oversight, especially in
open-ended tasks like essays or programming assignments. Over-
all, Al-assisted assessment seeks to combine LLM efficiency with
human judgment to enhance both grading consistency and teacher
productivity. However, it remains limited by bias propagation from
exemplars, and the continued need for human verification to pre-
vent hallucinated or inconsistent assessments [6, 107].

In LLM-based multi-agent approaches, the grading task is split
across specialized agents - each handling a sub-task (e.g., extracting
rubric components, generating feedback, checking rubric compli-
ance, or refining guidelines) rather than having a single model do
everything at once. For example, the AutoSCORE [93] framework
uses one agent to extract rubric-relevant components from student
responses and another to assign the final score based on those com-
ponents. Similarly, GradeOpt [18], uses a trio of agents (Grader,
Reflector, Refiner) where the Reflector identifies errors or misalign-
ments compared to grading guidelines, the Refiner updates them,
and the Grader applies them. However, these systems suffer from
inconsistent behavior across tasks and heavily dependent on expert
validated grading rubric and error detection mechanisms to avoid
propagating mistakes.

2.2 Adopting LLM-based Auto-graders in
Real-world Classroom Setting

Despite the availability of various LLM-based auto-graders, their
adoption is limited in a real-world classroom setting anchored in
three converging lines of evidence. First, Normative psychometric
guidance, current psychometric standards hold that when ‘subjec-
tive judgment enters into test scoring, evidence should be provided
on inter-rater consistency commensurate with the stakes of the de-
cision’ [99], and leading automated-scoring frameworks therefore
foreground Quadratic Weighted Kappa (QWK) [23] as the most
interpretable reliability index for operational approval. Second,
Interpretive frameworks for operational practice, empirically, gold-
standard human-human agreement in large U.S. K-12 programmes
cluster in the 0.83 - 0.92 range, Texas STAAR 2024 writing tasks
report human QWKs up to 0.92 [88]. Landis & Koch proposed the
seminal scale [53] k > 0.81 as ‘almost perfect’ agreement. Later,
Williamson et al. 2012 proposed that in high-stakes automated scor-
ing, Al grades must match expert human agreement and remain
within ~ 0.10 of k of the human baseline [97]. Due to a lack of fixed
deployment kappa criteria, we therefore evaluate reliability rela-
tive to the human baseline and report kappa(for binary grading)
and QWK(for ordinal grading).

Key Takeaways: In summary, while evaluating open-ended
questions, LLM-based autograders rely on techniques such as rubric-
guided prompting, few-shot exemplars, and chain-of-thought or
self-consistency reasoning to enhance scoring reliability and align-
ment with human judgment. Some systems incorporate human-
in-the-loop mechanisms where LLM predictions are calibrated or
verified by educators to reduce bias and improve transparency.
Others employ multi-agent or debate-based setups where multiple
LLMs critique and justify each other’s grading decisions to improve
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fairness and explainability. However, still these approaches face
limitations in subjectivity, limited interpretability of explanations
for grading decisions, and demand a higher degree of reliability for
high-stake assessments so that teachers willingly delegate grading
to Al which we aim to address in this work.

3 Motivational Study

The objective of this study is to design LLM prompts and to under-
stand the limitations of an off-the-shelf single LLM agent framework
for grading tasks. We conducted a two-part pre-study. First, a cogni-
tive task analysis (CTA) with primary school teachers revealed their
grading workflow. Second, we implemented this workflow using a
single LLM agent with multi-step prompts and identified its spe-
cific failure points. We adopt a decomposed stepwise prompt design
because prior work shows that structured intermediate reasoning
aggregation reliably increases accuracy [96, 110]. We describe them
next.

3.1 Cognitive Task Analysis for Prompt Design

The goal of this workshop was to map the micro-decisions that
expert teachers make while grading. We conducted a Cognitive Task
Analysis (CTA) workshop with primary math teachers (N = 5, mean
7 years’ experience). We stopped at five participants because the
behavioral patterns and insights reached thematic saturation, likely
due to similar training and experience [63]. We asked participants to
mark a previously unseen® question (to mitigate learned shortcuts
and to surface the original decision process) by thinking aloud. Two
authors of the paper independently coded the think-aloud sessions
and resolved disagreements by discussion with a senior teacher (15
years’ experience). This qualitative analysis revealed a consistent
four-stage behavioral chain to ensure the accuracy, fairness, and
defensibility of the marks awarded. We note these findings below,
which guide our LLM prompt design,

o Internalizing the official marking guidelines: Teachers first
recall all relevant marking guidelines for the question at hand.
Our partner edtech maintains a 'Marking guidelines document’
that outlines common errors in student answer representations
or units, specifying which cases deserve credit and which don’t,
based on the topic and level of the student. For example, for
a ’Money’ topic question with fraction calculations, teachers
recalled relevant guidelines on the presentation of Money and
fraction values, based on their memory of the ’Marking guidelines
document’.

e Externalizing guidelines into a rubric: It is crucial to gen-
erate a grading rubric of one point per intermediate step and
full points for the final answer to ensure consistent grading of a
question, in accordance with the Singapore curriculum. Based
on the ’Marking guidelines document’ and the question text, the
grading rubric should specify which steps require students to
write "units’ to receive full credit.

3When teachers know a question and typical student responses, they often skip ex-
plicit guideline lookup or rubric drafting because they recall common answer-mark
patterns. They return to guidelines when a student’s answer is novel in presentation
or procedure.
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e Performing independent double-marking: We saw cases
where two teachers gave the same marks but for different rea-
sons. For example, one teacher deducted 1 mark for missing units;
another teacher deducted 1 mark for both missing units and in-
correct answer representation. When another student’s answer
was shown in which the units were corrected but the representa-
tion remained incorrect, the first teacher gave full marks, which
was ruled wrong by a senior teacher. They clarified that 1 mark is
deducted for missing/incorrect units and/or presentation errors.
We hypothesized that, for multiple Al grading passes of the same
question-answer pair, LLMs could also produce identical marks
with different explanations, risking unfaithful explanations. We
therefore created a criterion level for each rubric step. For
example, a 1-mark question that evaluates only the final answer
includes criteria: (1) correct numerical or textual value, (2) correct
unit, (3) correct answer representation (e.g., mixed fractions if
specified; improper fractions not accepted).

e Reconciling any disagreement: If there is discrepancy in marks
by the two human graders (in double blind grading), a third grader
arbitrates disagreements. Any arbitrator must cite exact sources

from rubrics and marking guidelines to provide evidence-grounded

explanations [89] when analyzing upstream errors to ensure
transparency among all graders.

3.2 Reliability Study: Multi-step Prompts

In this section, we discuss the shortcomings of single-agent multi-
step prompting and how multi-agent system with multiple passes
for key actions should be designed for better performance. We
describe them next.

3.2.1 Question-Answer Dataset. We curated a dataset that contains
400 question-student answer pairs from the Singapore primary
mathematics curriculum (Primary 1-6). It contains correct solu-
tion and maximum marks for each question. The corpus is divided
equally into 1 and 2 mark questions (200 per stratum), with a bal-
anced distribution of gold marks (e.g., 50/50 correct/incorrect for
1-mark; 33% per category for 0-2 marks for 2-mark questions).
Further details about the questions dataset are mentioned in Sec-
tion 5.1.

3.2.2  Study Procedure. We replicated the teacher marking process
in a multi-step prompt [110] for higher faithfulness to instructions
for each step of the marking process (using a single LLM agent),
and used the finer observations from our Cognitive Task Analysis
to design the prompts. We designed a three step prompt, consisting
the steps for extracting relevant marking guidelines, creating mark-
ing rubrics and marking student’s answer. We did not include the
double blind evaluation and disagreement reconciliation steps, as
we wanted to test the efficacy of a single agent first. Inputs included:
marking guidelines, question, correct solution, student answer, and
maximum marks. We summarize the steps with the prompt snippet
in Table 1. We tested the prompt described above using OpenAI’s
GPT-03 model [68].

3.2.3  Key Findings. We used the prompt strategies described in
the Study procedure section, and obtained an accuracy of 91.23%
(98% for 1 mark questions, 84.46% for 2 mark questions). Based on
the single agent’s step-wise output (extracted marking guidelines,
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Step number

Prompt snippet

Step 1: Internalizing marking guideline

Given the full marking guidelines and one question, for this step,

produce a copy of only the rules needed to grade this question

(< 250 words). Keep section / rule numbers unchanged.

Step 2: Externalizing guidelines into a rubric

Create marking rubrics for a {max_marks} mark question. Parse

the solution into chunks of intermediate computational steps, and

label their step_code as Sy, Sy, . .

., Sk, and Final answer. Each

intermediate step has a maximum mark_value of 1 mark, and

the Final answer has a maximum mark_value of {max_marks} mark.

Step 3: Mark based on rubric and criteria

Mark a student’s answer using the provided question, solution,

and maximum marks. Marking criteria for the Final answer steps

are as follows:

1. Criteria 1 — Answer Equivalence: If the student’s final

answer is mathematically equivalent to the evidence_required

mentioned in the Marking Rubrics, assign 1 for this criterion.

2. Criteria 2 — Unit Accuracy: If units_required is

mentioned, verify the unit correctness. If units_required

is none, assign 1 for this criterion.

3. Criteria 3 — Answer Format and Clarity: Confirm that the

student’s answer format follows the marking guidelines.

Table 1: Prompt snippets used in the multi-step pipeline (key instructions for each agent stage).

marking rubric, and marking process breakdown and explanation),
we could isolate the main error causes for incorrect marks. Two
authors of this paper independently coded all incorrect AI marks
(different from gold labels) and resolved disagreements with a se-
nior teacher (15 years’ experience). Notably, we observed several
reasons causing drift (i.e., the deviation in the LLM output from the
instructions in the prompt input). We elaborate these next.

e Prompt drift in marking (32.8% errors): . Broadly, there are
two reasons for this. Lack of precision, in this case, mark awarded
if the correct value appeared somewhere rather than as a precise
final answer (e.g., awarding full marks if the student listed all
factors of two numbers when the question asked for the highest
common factor). Inconsistent partial marking, in this case, an
intermediate result without a label received marks, while other
times, an intermediate result with a label did not get any marks.

e Prompt drift in rubric adherence (30.4% errors): This stems
from several reasons such as awarding full marks in case the
solution is correct but it does not include the required unit (e.g.,
student wrote 5027 instead of 5027 gm).

e Prompt drift in answer presentation and formatting (15.7%
errors): We noted instances like lexical or presentation tolerance,
i.e., near-miss spellings or presentation variants treated as correct
and inability to recognize equivalent forms, i.e., fraction or decimal
answers not accepted as the same value for specific question
types.

e Gaps in the original marking guideline document (21.1%
errors): All allowable answer formats were not pedantically
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listed in source document (e.g., all variations of time formats:
correct - 09 00, 9:00 AM; wrong - 9 00 AM, 09 00 AM, 09:00 AM).

In summary, using a single LLM agent to perform a sequence
of cognitively distinct tasks - rule extraction, rubric synthesis, and
rubric application - resulted in a cascade of errors. This vulnerability
to drift, even in a chained prompt setup, motivated our multi-agent
approach. Research shows that decomposing complex tasks into
focused sub-problems mitigates ‘lost-in-the-middle’ effects where
LLMs lose track of initial instructions [57]. By designing agents
with orthogonal scopes - each mirroring a specific stage of teacher
cognition - we can ensure that the output of one stage is a constraint
for the next. Our design is grounded in both observed human exper-
tise and established principles for creating reliable and verifiable
Al systems [5, 84].

Additionally, we also investigated the need for independent
double-marking and reconciliation (as seen in the CTA). Multi-
ple passes can raise accuracy [91, 108], so we tested the accuracy
of multiple marker agents (the key actors in TC-MAG) and a single
adjudicator. Moving from one to two marker agents yielded a 2.71%
accuracy gain; a third marker gave 1.21% additional gain; beyond
three, performance degraded (Fig. 2), likely due to token overhead
affecting the adjudicator agent. We therefore selected a 2-marker
assembly to balance token cost and accuracy. Notably, we trigger the
arbitrator to adjudicate even when markers agree on the total mark
but diverge at the criterion level (as noted in Section 3.1). Based on
all these findings, we now describe the end-to-end framework in
the next section.
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Accuracy vs Number of AI Markers

0.916575 0.915675

0.9

0.9045 0.90365

Average accuracy

0.8774

1 Marker 2 Markers 3 Markers 4 Markers 5 Markers

Figure 2: Accuracy vs. number of marker agents. Gains
plateau after two markers (+2.71% from 1—2; +1.21% from
2—3), with degradation beyond three due to arbitration over-

head.

4 TC-MAG Framework

In this section, we describe the TC-MAG framework (Fig. 3). It
comprises of six agents (guideline extractor, rubric creator, markers
(two), arbitrator, and confidence estimator) and demonstrates how
the grading for the questions are done based on the interaction
among these agents. Next, we discuss the role of each agent.

4.1 Guideline Extractor

The goal of this agent is to extract relevant marking guidelines for
the question to be marked. The inputs provided are the full version
of the "primary math marking guideline" (created by our partner
edtech organization - as noted in Section 3.1), question and solution.
We prompt the agent to extract the relevant marking guideline, and
it outputs the extracted marking guidelines for a particular question
and solution.

4.2 Rubric Creator

This agent works to create grading rubrics. It takes the following as
inputs - question, solution, the extracted marking guidelines (from
the previous agent) and the maximum marks for the question. We
prompt the agent to create a step-wise grading rubric by identifying
essential intermediate steps and final answer from the solution. We
also prompt the agent to identify essential numerical (or textual)
evidence required for each step to be correct and identify the unit
requirements based on the extracted marking guidelines. The out-
puts from this agent are step-wise grading rubric with essential
intermediate steps and the final answers. It also includes the units
required (if any).

4.3 Markers

We employ two passes of the marking agent (called agents 3 and 4
for distinctive labeling in the framework) to score the student’s an-
swer. The dual-pass design exploits documented non-determinism
in OpenATI’s API (even with temperature=0) to highlight meaning-
ful disagreement [64, 69]. We provide each agent the following
inputs - marking guidelines, rubric, question, solution, maximum
marks and student’s answer. We prompt each agent to grade the
student’s answer for each step in the rubric based on three criteria
(numerical equivalence, unit accuracy, and answer format). We also
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instruct to use the extracted marking guideline to assess alternative
answer representations for assessing answer format. The agents
output the following: final marks and criteria-level marks, along
with explanation for marks awarded for each step of the rubric.

4.4 Arbitrator

The role of this agent is to resolve any discrepancy between the two
marking agents (in criteria-level marks for any step). We provide
this agent with all the inputs that were provided to the marking
agents, along with the outputs from the two marking agents. We
prompt the agent to decide which agent is correct. The agent pro-
vides the output of the preferred marker along with the explanation
for its preference, citing the exact rubric step where marking erred
or the exact line number of the extracted marking guideline missed.

4.5 Confidence Estimator

This is the final agent of the framework (Fig. 3). It takes the following
as input - marking guidelines, grading rubrics, questions, solutions,
maximum marks, student’s answer, marker 1 output, marker 2
output (if there is discrepancy between marker 1 and marker 2),
and arbitrator’s output (if any). We prompt the agent to estimate
confidence by assessing faithfulness of previous agents to their
prompts, and flag inconsistencies . We obtain the confidence tags
(high or low) and the explanation behind it as output. We introduced
a separate confidence agent (rather than embedding confidence in
earlier prompts to avoid lost-in-the-middle effects [83]; [105].

In summary, TC-MAG operates as a single causal chain - guide-
lines — rubric — twin grounded reasoners — arbitrator —anchor-
audited confidence. By embedding grounded-attribution CoT in
every link and stress testing it via disagreement and ablation, we
make the framework faithful and verifiable.

4.6 Motivation for Multiple Agents: Empirical
Findings

In this section, we empirically back the motivation of having mul-
tiple agents (in the TC-MAG framework). We ablated one agent
at a time while holding the LLM prompt context constant, and
tested on 800 question-student answer pairs from the Singapore pri-
mary mathematics curriculum (Primary 1-6). The corpus is divided
equally into 1-, 2-, 3- and 4-mark questions (200 per stratum),
with a balanced distribution of gold marks (50/50 correct/incorrect
for 1-mark; 20% per category for 0-4 marks for 4-mark questions).
Further details about the questions dataset are mentioned in Sec-
tion 5.1. When the Marking guideline extractor and Rubric creator
were removed, their prompts were inserted into the Marker agents.
When the arbitrator agent was removed, we adjudicated discrepan-
cies between the two markers by selecting one marker at random.
We present the ablation study findings in Table 2.

Results show that each agent contributes meaningfully to accu-
racy. Removing the Rubric-Creator produced the largest average
drop (4.08%), with nearly 10% loss on 4-mark questions. Remov-
ing the Guideline-Extractor had a similarly large impact (3.95%),
indicating that relying on Marker agents to extract guidelines leads
to significant errors. Removing the Arbitrator reduces accuracy by
2.85%, confirming that reconciliation is crucial with two markers.
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Figure 3: TC-MAG framework overview: the Guideline Extractor outputs extracted marking guidelines; the Rubric Creator
generates a step-wise grading rubric; two Markers perform independent double-marking and output final marks plus criteria-
level marks and explanations for numerical equivalence, unit accuracy, and answer format; the Arbitrator resolves any
criteria-level discrepancy by citing the exact rubric step or extracted marking guideline line number; and the Confidence
Estimator flags inconsistencies to output confidence tags (high or low) with an explanation.

Agent 1mark 2marks 3 marks 4marks Avgaccuracy drop
Original (six agents) 0.984 0.930 0.864 0.840 -

Marking guideline extractor removed  0.985 0.900 0.840 0.735 3.95%

Rubric creator removed 0.985 0.885 0.845 0.740 4.08%

Arbitrator removed 0.984 0.906 0.834 0.780 2.85%

Table 2: Ablation study of TC-MAG with one agent removed at a time while holding the LLM prompt context constant. When the
Marking guideline extractor or Rubric creator is removed, its prompt is inserted into the Marker agents. When the Arbitrator is
removed, discrepancies are adjudicated by selecting one marker at random. The table reports per-stratum accuracy and average

accuracy drop relative to the original six agents.

These findings further highlight the necessity of having different
agents in the TC-MAG framework.

4.7 Disclosure on TC-MAG LLM Prompts

In the deployed LLM pipeline, each agent prompt contains addi-
tional scaffolding for reliability (e.g., schema enforcement, safety
checks, edge-case handling). These additions do not change the
task definition or grading policy, but they can change output sta-
bility and error rates in corner cases. The actual LLM prompts
(excluding the variable question text, solution, extracted guidelines,
rubric JSON, and marker outputs) are typically 10x longer than
the excerpts for corresponding stages as seen in Table 1. TC-MAG
prompts are the Intellectual Property of our partner edtech; how-
ever, we provide a redacted prompt template for each agent to aid
replicability in A.5.

5 RQ1: Reliability of TC-MAG as an Autograder

In this section, we evaluate RQ1, i.e, reliability of the TC-MAG
framework as an auto-grader. We report first the dataset, followed
by the different baselines and experiment setup. We present the
comparative analysis with the baselines and human evaluators and
eror analysis subsequently.

5.1 Dataset

The dataset contains 2,000 question—student answer pairs from
the Singapore primary-math curriculum (Primary 1-6); contain-
ing correct solution and maximum marks. The question set was
divided into 1-, 2-, 3- and 4-mark questions (500 per stratum),
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with a balanced distribution of gold marks (50/50 correct/incorrect
for 1-mark; 20% per category for 0-4 marks for 4-mark questions)
to avoid prevalence-induced ‘kappa-paradox’ [23]. The questions
contain arithmetic and word problems in English; 20% questions
contain images. Singapore national curriculum emphasizes struc-
tured problem solving and multi-step constructions [44, 45, 60],
which makes partial-credit accuracy central to reliable grading.
The full questions dataset is Intellectual Property of our partner
edtech organization, and with their approval, we present a set of
12 representative questions in Appendix A.4.

Gold-label Creation: For the creation of gold labels, each student’s
answer was double-blind-marked by primary-math teachers (mean
7 years’ experience), and a senior-teacher verified all marks
(15 years’ experience) [23]. Further details regarding the questions
dataset are provided in Appendix A.1. The question and student
answer data are owned by a partner regional edtech provider and
are protected intellectual property.

5.2 Baselines

In this section, we introduce the baselines along with reasoning for
selecting them as baselines. We compare the performance of TC-
MAG framework using GPT-03 against (a) human teachers and (b)
five LLM prompt variants (using GPT-40 and GPT-03). We discuss
these baselines next.

5.2.1 Human-based Baselines. For the creation of human marks,
each student answer was independently double-blind marked by
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two primary-math teachers (mean 7 years’ experience) and a senior-
teacher (15 years’ experience) adjudicated the discrepancies. Teach-
ers marked these questions as part of their regular duties, unaware
that their grading accuracy would be assessed in our research study,
thereby inducing effects of real-world tradeoffs, such as time pres-
sure, in this dataset [52]. Teachers marked using our partner ed-
tech’s official marking guidelines and the same rubric conventions
as the inputted in TC-MAG’s prompts.

5.2.2 LLM-based Baselines. We used following five LLM variants
as baselines. All variants have a a common I/O contract (Inputs:
question, solution, maximum marks, student answer, marking guide-
lines; Outputs: JSON of rubric-criterion marks and the final mark).
We enforce greedy decoding for all variants (temperature= 0, nu-
cleus top-p = 1) to reduce output diversity versus stochastic sam-
pling (higher temperatures or p < 1 increase diversity at the cost
of stability [33, 39]).

(1) GPT-40 vanilla: Prompting strategies outlined in the Sec-
tion 3.2 using OpenAI’s GPT-40 model.

(2) GPT-03 vanilla: Prompt identical to (1); using OpenAI’s 03 rea-
soning model (but it may have internal CoT (Chain of Thought)
systems that cannot be altered via prompting [68]).

(3) GPT-40 with CoT: Model identical to (1) but prompted to
generate free-form natural-language reasoning before emitting
the final mark.

(4) GPT-03 with CoT: Identical to (3) but using OpenAI’s GPT-03
reasoning model.

(5) GPT-40 with TC-MAG: TC-MAG using OpenAI’'s GPT-40
model (to isolate architectural effects from model effects).

Reasoning for these LLM-based baselines: CoT (Chain of Thought)
prompting is the most established single-model reasoning base-
lines for math word-problem reasoning [92, 95]. We include both
(i) vanilla (no explicit CoT) and (ii) CoT variants to span the typical
practice space. Program-of-Thought [14] motivates separating rea-
soning from computation but, since we do not calculate model an-
swers or evaluate intermediate step calculations in student answers,
we retain CoT as the closest prompting baseline. Other judge-style
prompting schemes (e.g., LLM-as-a-judge [109] or majority-vote
self-consistency [91]) are in effect, analyzed in our ablation study
in section 4; when we remove other TC-MAG agents while keeping
the arbitrator agent (equivalent of a judge), the model underper-
formed. We compare across two recent OpenAl families - GPT-40
and GPT-o03 reasoning line to isolate TC-MAG framework effects
from model effects.

5.3 Evaluation Metrics

We use the following metrics to evaluate the performance of TC-
MAG.

e 1-mark (binary) questions: Cohen’s kappa (x) [24], Matthews
correlation coefficient (MCC) [16], Mean absolute error
(MAE) [98], exact accuracy and F1-mark [75] for 1-mark
questions.

e 2—4 marks (ordinal) questions: Quadratic Weighted Kappa
(QWK) [24], exact and within-1 accuracy and MAE [98] for
2-4 marks questions.
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e Normalized confusion matrices (1-4 mark questions): 2x2
matrices for 1-mark and full KxK tables for 2—4 marks to highlight
over/under-scoring patterns or near-diagonal (near-miss) vs. far-
off errors.

e We compute 95% ClIs via stratified paired bootstrap (1-4 mark
questions; 200 resamples per stratum; paired by item), and assess
one-sided paired bootstrap p-values for the null hypothesis
(Ho :baseline k/ QWK > TC-MAG k/QWK, adjusting for each
baseline via Holm-Bonferroni.

We present formulae used for each metric in Appendix A.2.1.
We assess TC-MAG and the baselines solely on marks because our
dataset includes gold labels only for the awarded marks, and not for
the question-level extracted marking guidelines or rubrics - these
elements are non-unique and lie outside the main scope of this

paper.

5.4 Findings: Comparison with Human
Baselines

We present the comparative performance analysis between TC-
MAG and human-based baselines in Table 3. Across 1-4 mark strata,
TC-MAG achieves a higher macro-average x/QWK (simple mean
of k/QWK ) compared to human markers (0.950 vs 0.888).

5.4.1 Performance for 1-mark (binary) questions. The TC-MAG ’s k,
MCQC, balanced accuracy and F1-mark all exceed human consensus.
However, a paired bootstrap test shows the difference in « is not
statistically significant.

5.4.2 Performance for 2-, 3- and 4-mark (ordinal) questions. TC-
MAG achieves QWK values between 0.94 and 0.96 on 2- and 4-mark
questions. Human QWK decreases markedly as the number of
marks increases, particularly in the 4-mark questions where it drops
to 0.79. TC-MAG significantly outperforms the human baseline on
the 3- and 4-mark questions, while the 2-mark difference is not
significant.

5.4.3 Confusion patterns. In this section, we present the systematic
differences between TC-MAG and human markers using confusion
matrices,

o In 1-mark questions, TC-MAG ’s false positive and false negative
counts are symmetric (2% and 1%, respectively). Human review-
ers show a slight bias towards false negatives (3% vs 2%). The
normalized matrices in Fig. 4a show that both systems rarely
mis-label.

e In 2-mark questions, the TC-MAG slightly over-predicts full
marks for mid-quality answers (10% instances of a true mark
1 predicted as 0 vs 5% predicted as 2, See Fig. 4b). Humans, how-
ever, leniently over-predict marks for many zero-credit responses
(22% instances of a true 0 marked as 1).

o In 3-mark questions, the TC-MAG tends to err by at most one
mark (predicted mark within +1 in 96% of cases). Human marks
exhibit both under-scoring and some over-scoring of mid-level
answers (37% true 0 answers marked 1, and 10% true 2 marked 1,
See Fig. 4c).

e In 4-mark questions, the human confusion matrix is markedly
diagonal but with heavy off-diagonal elements: 16% answers
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Task Metric TC-MAG (95% CI) Human (95%CI) A Significance
Cohen’s k 0.968 (0.944-0.9838) 0.948 (0.916-0.976)  0.020 n.s.
1-mark MCC 0.968 (0.944-0.9838) 0.948 (0.916-0.976)  0.020 n.s.
Exact acc. 0.984 (0.972-0.994) 0.974 (0.960-0.988)  0.010 n.s.
F1 0.984 (0.972-0.994) 0.974 (0.959-0.988)  0.010 n.s.
QWK 0.944 (0.924-0.962)  0.933 (0.909-0.954) 0.011  n.s.
9-marks MAE 0.072 (0.050—0.096) 0.080 (0.054-0.108)  -0.008 n.s.
Exact acc. 0.930 (0.908-0.950) 0.922 (0.902-0.940)  0.008 n.s.
Within-1 acc.  0.998 (0.994-1.000) 0.998 (0.994-1.000)  0.000 n.s.
QWK 0.933 (0.913-0.951)  0.882 (0.851-0.911) 0.051  p < 0.006
3-marks MAE 0.148 (0.114-0.182) 0.198 (0.160-0.234) -0.050 p < 0.006
Exact acc. 0.864 (0.832-0.890) 0.838 (0.806-0.864)  0.026 p < 0.006
Within-1 acc.  0.990 (0.980-0.998) 0.966 (0.936-0.982)  0.024 P < 0.006
QWK 0.955 (0.945-0.965) 0.787 (0.738-0.828)  0.168 p <0.001
4-marks MAE 0.168 (0.136—0.198) 0.412 (0.356-0.466) -0.244 p < 0.001
Exact acc. 0.840 (0.806—0.868) 0.722 (0.684-0.756)  0.118 p <0.001
Within-1 acc.  0.992 (0.982-0.998) 0.902 (0.880-0.922)  0.090 P <0.001

Table 3: TC-MAG vs human evaluators (baseline). TC-MAG outperforms human evaluators in all types of questions. A indicates
the difference between TC-MAG and the baseline for a given metric; for MAE, a more negative value is better, for the rest, a
higher value is better. n.s. indicates no significance difference is observed.

deserving full credit were marked lower and 60% true 0-mark an-
swers were marked higher, indicating a potential grading rubric
misalignment. The TC-MAG ’s confusion matrix remains nearly
tri-diagonal; most errors are one-step deviations and only 4%
answers were mis-marked by more than one mark. Normalized
confusion matrices for each task are shown in Figs. 4a, 4b, 4c,
and 4d.

5.5 Findings: Comparison with LLM-based
Baselines

We present the comparison with the LLM-based baselines in Table 4
and 5. Our results suggest that TC-MAG yields A QWK =+0.012
across ordinal grading tasks against GPTo3 using Chain of Thought
(CoT) (see Table 5). TC-MAG framework with GPT-03 has superior
performance for ordinal grading, while the GPT-03 CoT approach
could suffice for binary grading (see Table 4). The apparent supe-
riority of GPTo3 over GPT4o in our study reflects model quality
rather than architectural effects [65, 68].

1-mark (binary) task. The CoT-prompt GPT-03 baseline achieved
the same k as TC-MAG on this binary task (Table 4). All other
baselines delivered x marks 0.04-0.12 points lower than TC-MAG
and were significantly inferior (adj. p < 0.05). Applying the TC-
MAG framework helped increase the accuracy of vanilla
GPT-40 by 3.6%.

Multi-mark tasks (2-4 marks aggregated). All baselines were
significantly inferior to our system on the multi-mark tasks (Ta-
ble 5). GPT-4o0 baselines performed considerably worse; both vanilla
and CoT prompts produced QWK around 0.79-0.80 and high MAE
(0.43-0.45), indicating frequent under-/over-scoring, Interestingly,
applying the TC-MAG framework increased exact accuracy
by 4% for vanilla GPT-40, and by 7% for vanilla GPT-03. Eval-
uation of 2-4 mark strata individually is in Appendix A.3.
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5.6 Error analysis of TC-MAG (TC-MAG
GPT-03)

In this section, we perform the error analysis. Two researchers
independently coded every case where the TC-MAG ’ mark differed
from the gold, inspecting the Marking Guideline Extractor, both
Marker agents, and the Arbitrator agent to locate the fault. The
codes were reconciled with the discussion. We summarize the key
findings from error analysis below,

(1) Partial-credit rubric mismatch (multi-answer questions):
37%

(a) TC-MAG’s Rubric creator is prompted to create a one-point-
per-intermediate-step rubric, with the total number of rubric
steps < maximum marks. However, some questions have
more intermediate steps than the maximum marks (especially
in 3-4 mark questions); some demand a single final answer,
and some mix sequential steps with independent sub-answers.
Therefore, the Rubric creator fails to identify the essential,
mark-carrying steps. A potential solution could be adding a
Rubric-Type Classifier agent (single-answer / multi-answers
/ mixed-sequential) that conditions the Rubric creator agent
to choose a matching rubric template based on the question’s
solution structure.

(2) Marking guideline gaps: 26%

(a) Some topic-specific guidelines (e.g., allowable answer for-
mats) are either absent or ambiguous in the document, so
Marker agents improvise and diverge. This calls for ensuring
that the source marking guideline documents (or any source
documents) are pedantic enough to reduce ambiguity for
LLMs.

(3) Prompt drift (Markers): 21%

(a) Marker agents frequently ignore the ‘no marks for unlabeled

intermediate steps’ prompt, and leniently award marks if
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Figure 4: Normalized confusion matrices (1-4 marks). TC-MAG is near-diagonal across strata; humans show leniency on
zero-credit answers and larger off-diagonal errors at higher marks.

Model type Model K (95% CI) Exact Acc. MAE MCC p (adj.) Ak
GPT-40 vanilla 0.848 (0.800 — 0.888)  0.924 0.076 0.854 p <0.001 —0.120
GPT-40 CoT 0.900 (0.860 — 0.932)  0.950 0.050 0901 p <0.001 —0.068

Baseline GPT-40 TC-MAG 0.920 (0.884 — 0.952)  0.960 0.040 0922 p <0.001 —0.048
GPT-03 vanilla 0.960 (0.932 - 0.984)  0.980 0.020 0.960  0.500 —0.008
GPT-03 CoT 0.968 (0.944 - 0.988)  0.984 0.016 0.968  0.425 0.000

Proposed TC-MAG (GPT-03)  0.968 (0.944 — 0.988)  0.984 0.016 0968 - 0.000

Table 4: 1-mark (binary) results. CoT-prompt GPT-03 ties TC-MAG on x; other baselines are significantly lower.

Model type  Model QWK (95% CI) Exact Acc. Within-1 Acc. MAE  p (adj.) A QWK
GPT-4o0 vanilla 0.788 (0.762-0.805)  0.643 0.926 0.449 p <0.001 —0.148
GPT-40 CoT 0.799 (0.780-0.819)  0.655 0.935 0.423 p <0.001 —0.137

Baseline GPT-40 TC-MAG 0.811 (0.786-0.832)  0.685 0.944 0.385 P <0.001 —0.125
GPT-03 vanilla 0.918 (0.906-0.928)  0.809 0.981 0.211 p <0.001 —0.018
GPT-03 CoT 0.924 (0.913-0.933)  0.813 0.989 0.199 P <0.001 —-0.012

Proposed TC-MAG (GPT-03)  0.936 (0.923-0.951)  0.878 0.993 0.129 - 0.000

Table 5: 2-4 marks (ordinal) results. All baselines are inferior.

the student wrote an intermediate step value without con- helps catch some errors, but does not guarantee detection, es-
text/label. Based on the agent’s produced explanations, we pecially when both Markers share the same mistaken premise.
think this could be due to two reasons: (i) position-sensitivity (4) Prompt drift (Arbitrator): 3%

in long prompts [56], and (ii) bias from appropriate marking (a) We prompted the arbitrator agent to cite evidence-grounded
strictness learned in the training dataset. arbitrator agent explanations [89] while analysing errors in preceding agents.
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However, it occasionally misses rubric/marker prompt con-
text and sides with the wrong explanation; consistent with
known LLM-as-judge biases (position/verbosity) [108].

(5) Prompt drift (Rubric generator): 4%

(a) We prompted the rubric agent to specify if units carry marks
or not (essential/non-essential) for each step. Rubric gen-
erator made keyword errors, treating nouns as units (e.g.,
‘oranges’, ‘apples’). A solution could be to restrict the rubric
generator to a list of keywords that can be classified as units
(standard SI, unit keywords like “years old”, etc).

In summary, we show that for a given model, applying the
TC-MAG framework produced substantial improvements
over vanilla and CoT prompts for ordinal grading (largest com-
peting model: Ak = +0.012, p < 0.001). Teachers show the known
accuracy decline as partial-credit complexity rises, and TC-MAG
significantly outperforms human baseline on harder (3-4 mark)
questions (Ax=+0.046, p<.001). The next section (RQ2) will address
how teachers perceive and trust these Al-generated marks, which
is another critical aspect of deployment feasibility.

6 RQ2: Effectiveness of TC-MAG as a
Trustworthy Autograder

In this section, we evaluate RQ2, i.e., teacher trust and willingness
to delegate marking to TC-MAG. We study the baseline trust of
teachers in Al-generated marks relative to their own, and how trust
changes when micro-step-based explanations and confidence scores
are displayed.

6.1 Variants

In this section, we examine how explanation granularity (Staged
micro-steps vs Summarized) and confidence (High or Low) shape
delegation and perceived trust.

e Staged (micro-step) explanation: Key outputs from agents in the
TC-MAG framework: the marking guideline extracted, rubric cri-
teria applied, the preferred marker’s explanation, and a high/low
confidence badge. The staged micro-steps are designed to align
with teachers’ mental models of the marking process and to
support a sense of control [5, 22, 49].

e Summarized explanation: Summary with a focus on why TC-
MAG deducted marks, with a high/low confidence badge to offer
teachers a low-effort, quicker way to triage Al marking accu-
racy. Summarised versions of explanations were generated using
GPT-03 by inputting the staged explanation and prompting it to
create a summarised version with all key marking decisions. All
summarised explanations were verified by a senior teacher (15
years’ experience).

We evaluate two directional hypotheses:

e H1 (Delegation): Staged (micro-step) explanations yield higher
delegation than Summarized, because staged explanations in-
crease perceived transparency/control (teachers see how grading
criteria were applied) [50].

e H2 (Calibration): Low confidence reduces delegation relative
to High confidence in both Uls; and the reduction is larger
under Staged than Summarised, reflecting stronger reliance on
the confidence cue [106].
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6.1.1 Reasoning for these explanation-type variants. Prior work
shows that higher predictive accuracy increases reported trust,
and explanations can raise perceived transparency; therefore, we
include explanations in all conditions and model accuracy as a
covariate to isolate the effect of explanation design on delega-
tion [25, 52, 74, 104], while communicating uncertainty with confi-
dence tags [106].

6.2 Participants

We recruited N=14 credentialed primary-school teachers from the
exhaustive pool of our partner edtech organization’s teaching staff
employed as primary mathematics teachers via volunteer sampling
(sample mean 12.1 years of teaching/marking experience, SD=4.6)
across experience bands and qualifications. Highest qualifications
(normalized): Bachelors n=11; Masters+ n=3. Prior exposure to
generative Al ranged from never/rarely (n=4) to several times per
week (n=4). This population represents the practitioners who would
adopt an Al grader in our deployment context. We conducted a pre-
task survey to understand our participants’ baseline trust in Al and
automation by adapting questions from the work of Papenmeier et
al. [72]. Individual survey questions and responses can be found in
Appendix B.1.1.

6.3 Study Design

We used a within-subjects design to compare two explanation forms
crossed with confidence tags (as seen in Table 6). Descriptions of
our 3-part user study (60 minutes) are provided next.

6.3.1  Part 1: Familiarization block (8 questions; 5-10 minutes). Ob-
jective: Let participants view both Staged and Summarized expla-
nations to become familiar with the types of explanations and the
user interface (Ul) of the study. The setup and user flow can be
seen in Fig. 5.

Questions: 8 primary-math short-answer questions (balanced
across mark stratum, confidence, and Al accuracy; previously un-
seen questions; from the same bank used in RQ1), so that partic-
ipants develop fair expectations of the system. The distribution
of questions shown in part 1 can be found in Appendix B.2.1. To
mitigate anchoring, we first elicited a human mark before revealing
Al outputs [9, 52]. The gold label marks were revealed at the end
of Part 1.

6.3.2  Part 2: Assessment of delegation under crossed factors (32
questions; 30 minutes). Objective: Measure behavioral delegation
and triage time under Explanation form x Confidence with
realized accuracy as a covariate.

Questions: 32 primary-math short-answer questions (balanced
across mark stratum, confidence, and Al accuracy; previously un-
seen questions; from the same bank used in RQ1; questions different
from Part 1). The distribution of questions shown in Part 2 can be
found in Appendix B.3.1. The setup and user flow can be seen in
Fig. 6. Questions split between Staged and Summarized (with
A/B sets) are mentioned below,

e From the fixed 32 questions, we created two blocks of 16 ran-
domised questions.

o Each block was time-bounded to 15 minutes, designed to induce
real-world trade-offs [52].
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Factor type Factor Description

Predictive (IV) Explanation form Staged (micro-step); summarized.

Predictive (IV) Confidence tag High; low.

Control (IV) Accuracy info Participants informed of model accuracy by mark stratum
(pre-task)

Control (IV) Realized accuracy of TC-MAG Treated as a covariate (TC-MAG vs. gold label) and shown before
the study.

Design Structure Within-subjects; 2 X 2 factorial design (Explanation x Confidence).

Table 6: Study factors and design summary.

Question i007 (Part 1)

Step 1: Show question, max marks, and the student answer with choice
prompt: (1) Mark myself or (Il) Use Al.

Step 2a: If the teacher clicks on

"Mark myself', we do not reveal

TC-MAG's mark, explanation, or

confidence. Teacher's marks are
final.

Explanation
variant

Aok 314

Step 2b: If the teacher clicks on

"Use Al", it reveals TC-MAG's mark +
confidence. Teacher may Accept Al
marks (delegation to Al)or Re-mark.

-
Confdance: Hin Cankdance
Summarised

Explanation
variant

Figure 5: UI flow for Part 1 (familiarization). Participants can view both Staged (micro-step) and Summarized explanations for

each question before proceeding.

e We used two variants, L1 and L2, to counterbalance the order of
showing Staged vs Summarized explanations:

— L1: Block 1—Staged, Block 2—Summarized

— L2: Block 1—»Summarized, Block 2—Staged

Gold labels were revealed after both Block A and Block B ended,
so that the Al mark accuracy doesn’t affect behavior in the sub-
sequent block [9, 52].

Participants were asked to think aloud while marking each ques-
tion. Think aloud protocol can be found in Appendix B.3.1.

6.3.3  Part 3: Post-task surveys and interview (15-20 mins):

6.4 Performance Metrics

We use the following metrics to evaluate the effectiveness of staged
explanations (aligned with teachers’ mental models of the marking
process) vs summarised explanations.

e Delegation (binary): We define delegation as accepting Al mark
without re-marking [72]. Non-delegation is defined as teachers
marking themselves or re-marking, either after viewing AI's
marks or without viewing them. (Behavioral trust proxy)

— Delegation rate for different explanation types and confi-
dence tags [9, 74].
- Selective delegation rate to capture whether staged expla-

o We collected self-reported trust, perceived predictability/understanding, nations improved the discrimination between correct/wrong

willingness to delegate, and workload (NASA-TLX [31]). Ques-
tions can be found in Appendix B.4.2.

e We conducted a semi-structured interview about what made Al

grades trustworthy/untrustworthy, how explanation granularity
affected control, and the role of confidence tags [5, 72].

Al marks (needed for safe autonomy) in case the participant

delegated marking to AI [9].

* Sensitivity (when teacher changed Al marks when Al was
wrong), Specificity (when teacher kept Al marks when AI
was right).

117



Smarter Together: Enhancing Human-Al Collaborative Grading With Teacher-Cognition Multi-Agent LLM Framework

1U1 °26, March 23-26, 2026, Paphos, Cyprus

Time et 450

Question 2002 (Part 2a)

Choosa how you want o mark s uestion

Quetton: o el ot o st G s o ch B,

=

e e, ZCOE e e 20 o ZAGC.

Step 1: Show question, max marks, and the student answer with choice
prompt: (1) Mark myself or (Il) Use Al.

Step 2a: If the teacher clicks on

“"Mark myself', we do not reveal

TC-MAG'’s mark, explanation, or

confidence. Teacher's marks are
final.

Staged
Explanation
variant

Step 2b: If the teacher clicks on
"Use Al", it reveals TC-MAG's mark
+ confidence. Teacher may Accept
Al marks (delegation to Al) or Re-
mark.

Summarised
Explanation
variant

Figure 6: UI flows for Part 2 (teacher study). Staged vs. Summarised explanations crossed with Low vs. High confidence, showing
the marking and explanation review sequence teachers followed.

#* LR+ and LR- to quantify how much a teacher’s ‘flip’ or
‘no-flip’ of Al marks changes the odds that the Al mark is
wrong or right respectively [3, 19].

e Triage time (seconds): time from seeing a question to submit-
ting marks (by accepting AI's or submitting own mark) as an
efficiency proxy [9].

e Workload (adapted NASA-TLX)(from post-task survey): mini-

mally adapted version of the original NASA-TLX questions to fit

our grading context; survey done on a scale of 0-10. [30, 31, 47].

Post-task self-reported trust (from post-task survey): per-

ceived fairness, accuracy, understanding, predictability, overall

trust, and willingness to delegate [72].

We present formulae used for each metric in Appendix B.5.

6.5 Results

6.5.1 Delegation rate. Teachers delegated more with Staged than
Summarized at both confidence levels. The confidence badge pro-
vided an effective risk cue that teachers used to throttle reliance
[104]. We present the delegation rate details in Table 7. Based on
these findings, we evaluate our hypotheses:

e H1 (Delegation: Staged > Summarized) is supported. Staged
elicited higher delegation at both confidence levels (0.84 vs 0.73
at High; 0.48 vs 0.38 at Low).

H2 (Calibration: Low confidence reduces delegation; larger drop
for Staged is supported, but by a small margin.

6.5.2  Selective delegation rate. We treat a teacher flip (overturning
the AT’s mark) as a test for the condition AI mark is wrong. We
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Explanation type Confidence Delegation rate
High 0.84
Staged Low 0.48
, High 0.73
Summarized Low 0.38

Table 7: Delegation rates by explanation type and confidence
(teacher kept AI mark vs. changed or self-marked)

only look at the samples where the teacher decided to view Al
marks.

e Condition positive = Al mark Incorrect (relative to gold).
e Test positive = teacher changed the Al's mark (‘flip’).
o Test negative = teacher did not change the AI's mark.

Flip diagnostics (overturning TC-MAG’s marks). We present the
statistics of selective delegation from flip in Table 8. Teachers’ flips
are most selective under Staged—High confidence (Spec=95%,
LR+~11), indicating these flips are highly diagnostic, but the low
Sensitivity under Staged-High confidence (57%) indicates poten-
tial overreliance. Summarised-Low confidence increases sensitiv-
ity (69%), but both Summarised-Low confidence and Summarised-
High confidence substantially reduce specificity (87% and 64% ,
respectively), indicating over-correction.

LR+:how much a flip raises the odds the Al is wrong. Merged
across confidence tags :
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Explanation type Confidence Sensitivity (flipjwrong) Specificity (keep|right) LR+ of aflip LR- of a flip

Staged High 0.57 0.95 12.14 0.45
Low 0.62 0.86 4.58 0.40

Summarized High 0.64 0.87 4.97 0.41
Low 0.69 0.64 1.94 0.48

Table 8: Selective-delegation diagnostics from flip-vs-correctness confusion matrices when teacher choose to see AI marks.

Staged: Marking time for each Delegation category

Summarised: Marking time for each Delegation category

“® Delegated False - Al Delegated False - SELF Delegated True

‘Time taken (seconds)

‘Time taken (seconds)

“® Delegated False - Al Delegated False - SELF Delegated True

a—

Max marks of question

(a) Staged variant

Max marks of question

(b) Summarised variant

Figure 7: Triage time for staged and summarised explanation variants. 1. Delegated True: Participant submitted AI’s mark
without changing it; 3. Delegated False - Self: Participant marked themselves; 2. Delegated False - AI: Participant used Al to

mark but, later changed marks.

e Staged: ~ 11.50 —a flip is a strong error signal.
e Summarized: = 4.60 —a flip is a moderate error signal.

6.5.3 Triage time (sec) by Ul x Confidence. Now, we analyze the
time taken by teachers to mark under different delegation scenarios
(as seen in Fig. 7):

o Self-marking is fastest on 1-2 marks but slowest on 4-mark ques-
tions. This could also arise in case teachers hand-picked the
simplest questions to mark themselves.

Staged explanations on 3—-4 mark questions keep the time moder-
ate and below self-marking; it is a better default for higher-mark
questions.

Summaries are quickest on 1-2 marks (especially when accept-
ing), but become costly on 3-4 marks - particularly when teachers
open Al and then overturn (+15-20s vs Staged).

6.5.4 NASA-TLX (raw workload). Both Uls produced low to mod-
erate workload in the NASA TLX composite with no meaningful
difference (Staged 3.32 vs Summarized 3.27, paired A=+0.05, 95%
CI [0.85, 0.95], n.s.). Teachers reported slightly more mental de-
mand with Staged (5.86) than Summarized (4.86) due to a larger
amount of content reviewed with Staged. The inverted Perfor-
mance (i.e., lower perceived success) was higher for Sum-
marised (3.29) vs Staged (1.93). Question-wise survey analysis
can be found in Appendix B.4.2.

6.5.5 Post-task Self-reported trust. Teachers preferred Summa-
rized explanations slightly higher on attitudinal trust and under-
standability, even though behaviorally they delegated more with
Staged. This attitude-behavior gap is commonly studied [72, 74].
Exact questions can be found in Appendix B.4.1.
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6.6 Qualitative Findings

Two paper authors conducted a thematic analysis of post-task in-
terview transcripts from all sessions and resolved disagreements
through discussion. The quotes below are lightly paraphrased for
clarity. We use themes to explain common behaviors and derive
design implications.

(1) Perceived marking effort dictates delegation:

(a) Verbatim: “I read the question and the student’s answer to
see if it’s quick to grade (final answer is clearly right/wrong)
or if it needs effort (final answer is wrong and the working is
not exactly like the solution). Then I look at the confidence
and decide”

(i) High confidence + perceived low-effort: “I just accept the
Al it’s faster”

(ii) Low confidence + perceived low-effort: “I'll mark it myself,
it’s faster than reading an explanation.”

(iii) High/low confidence + perceived high-effort "It’s basically
a robot marking based on the given solution, so I don’t
expect it to correctly mark answers that are different from
the solution, I'd rather mark this case myself”

(b) Implication: This aligns with progressive disclosure and ap-
propriate reliance: teachers scale review depth with perceived
risk [5, 104].

(2) Micro-steps serve accountability:

(a) Verbatim: “If a parent appeals, I can point exactly where the
mark came from when AI showed that it followed our rubric.
Otherwise, I will need to mark again, then what’s the point?”

(b) Implication: Staged, rubric-aligned steps function as an audit
trail that can help to justify decisions later, and are not just
useful while marking.
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(3) Summarised vs Staged explanations depend on question
familiarity:

(a) Verbatim: "On legacy questions, a summary is enough be-
cause I am familiar with all sorts of student answers on those
questions by now. But on new question types, I want to see
the steps.”

(b) Implication: Staged explanations were very useful in under-
standing how to grade new questions, and possibly training
new teachers for marking tasks.

(4) Why teachers overdelegate with Staged and overcorrect
Summarised:

(a) Verbatim (Staged): "Al is using the correct rubric and guide-
line here, so it seems like its mark should be correct.”

(b) Verbatim (Summarised): "It’s not clear why it awarded these
marks, so I need to check the (student’s) answer steps.

(c) Implication: This signals an over-reliance on staged explana-
tions and calls for taking appropriate measures, e.g., regular
training/testing sessions that require teachers to assess a mix
of correctly and incorrectly Al-marked cases.

(5) Confidence is a cue, but fragile:

(a) Verbatim (Low confidence): “Low confidence is the AI’s red
flag, so I will mark myself because the Al made a mistake.

(b) Verbatim (High confidence): “If your Al isn’t 100% accurate,
how is its confidence accurate?”

(c) Implications: Confidence modulates reliance, but teachers
want evidence of near-perfect confidence calibration; as mis-
calibration can erode trust more than silence [104].

(6) Marking guidelines are a helpful anchor:

(a) Verbatim: “I misremembered the unit rule because the pri-
mary math guidelines have changed recently, and this guide-
line helped me” “It’s useful when it shows what value of &t
to use for this question, otherwise I would have to look for it
in the marking guidelines document”

(b) Implication: Extracted guideline snippets help align to local
policies (units, rounding, method marks) and reduce policy-
driven disagreements, and are helpful for all questions.

7 Discussion

Our work demonstrates that a multi-agent LLM framework grounded
in teacher cognition can exceed human expert performance in grad-
ing complex, multi-step problems. We now discuss the theoretical

and practical implications of this finding, focusing on how such

systems can reshape collaborative grading workflows, enhance

educational fairness, and the critical considerations for their re-
sponsible deployment.

7.1 Design Implications for Real-world
Deployment

The following properties of TC-MAG collectively facilitate real-
world deployment. These findings correlate well with the teachers’
expectations and, therefore, allow a smooth ride to adopt the frame-
work for a real-world setting.

(1) Confidence-adaptive progressive disclosure
(a) High confidence default to Staged micro-steps to preserve
correct marks and reduce unnecessary reversals (harmful
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flips lower with Staged vs Summarised: 0.14 vs 0.24), match-
ing teachers’ accountability need ("I need to defend the
mark").

(b) Low confidence use Summarized explanations to surface
risk quickly (beneficial flips 66.7%)(Low confidence —
"I'd re-mark it myself") and progressive disclosure (with
one-click expansion to Staged) to let them view extracted
marking guidelines if needed (‘marking guideline is help-
ful’).

(2) Lead with the decisive criterion, grounded in evidence

(a) Start explanations with rubric criteria-embedded evidence
that moved the grade (e.g., ‘Step 1: unit missing: -1°) to cut
triage times, then offer collapsible detail for in-depth evalua-
tion [49, 51].

(3) Flip-aware review and learning loops

(a) Because LR+ of a flip is high, capture a brief reason when
teachers overturn Al This is a rich signal for prompt refine-
ment [5].

(4) Guardrails against harmful flips at High confidence When
overturning a High-confidence mark, consider subtle ‘are you
sure?’ nudges to reduce over-correction without blocking teacher
autonomy [5, 10].

7.2 Superiority of TC-MAG over Human
Baselines and its Implications in Human-AlI
Collaboration

7.2.1 Reasoning for Superior Performance. Our error analysis of
TC-MAG and behavioural insights from RQ2 suggest that TC-
MAG outperforms experienced teachers on complex questions by
systematically mitigating the cognitive biases inherent in human
evaluation. When faced with multi-step, partial-credit problems
that overload working memory, humans may resort to heuristics
and are susceptible to biases like the Halo Effect or Confirmation
Bias [43]. While our cognitive task analysis described an ideal
grading process, teachers in practice may inadvertently deviate by
over-relying on memory, misapplying guidelines, or overlooking
details in lengthy answers. TC-MAG framework operationalizes an
ideal grading process by deconstructing it into discrete, auditable
micro-steps: guideline extraction, rubric generation, criterion-level
marking by independent agents with justifications, and discrep-
ancy arbitration. Via modularization of each step (executed by a
separate LLM agent), TC-MAG avoids shortcuts and ensures ev-
ery component of a student’s answer is evaluated against explicit
criteria.

7.2.2  Implications for Human-Al Collaborative Grading Workflows.
Our results position TC-MAG as a grading collaborator for teach-
ers for automating the repetitive aspects of grading. Teachers can
delegate high-confidence, simple-answer questions to the Al and
focus their expert attention on low-confidence cases or questions
with higher mark values. This emergent behavior was observed
in our RQ2 study, where teachers under time pressure chose to
offload grading for simple answers where the AI's confidence was
high.
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7.3 Broader Impact on Educational Practice

7.3.1 Enhancing Grading Consistency and Fairness. A key implica-
tion of TC-MAG is its potential to improve grading consistency
and fairness at scale. By anchoring every marking decision to for-
mal guidelines and rubric criteria, TC-MAG forces a collaborating
teacher to re-trace the ideal grading logic, and therefore reduces the
idiosyncratic grading practices that can vary between teachers. As
participants in our RQ2 study noted, the explicit guideline snippets
served as valuable reminders of official policy. This standardization
is crucial for high-stakes contexts like national or district-wide
assessments, contributing to greater equity by ensuring students
are evaluated against the same standard, regardless of the assigned
grader.

7.3.2  Supporting Student Learning and Agency. In our current de-
sign, students do not directly interact with TC-MAG, and teachers
mediate results and any feedback. Ethically, it is vital to disclose
the AI’s role in grading. Providing a clear explanation (even if sim-
plified) for why marks were deducted could help students accept
and learn from their grades. We recommend that any classroom
deployment include a channel for students to challenge grades, in
accordance with the principles of contestability and explanation in
algorithmic systems [1].

7.3.3  Managing Stakeholder Expectations and Algorithmic Aversion.
Deploying a system like TC-MAG, even with its superior accuracy
(than our human teacher participants), must confront a deep-seated
human bias: algorithmic aversion [21]. An AI’s mistake is of-
ten perceived as a systemic failure, whereas a similar error from
a human teacher is a forgivable lapse. Bridging this perceptual
gap requires communication strategies that frame the AI not as
an infallible judge, but as a powerful, yet, probabilistic partner
in the grading process. The conversation with parents, students,
and teachers should center on the new possibilities Al grading un-
locks: the chance for more frequent assessments, rapid feedback
that accelerates learning, and more time for teachers to devote
to personalized instruction. By empowering all stakeholders to
contest the AI's decisions against solution keys and TC-MAG’s
explanations, we transform them from passive recipients into ac-
tive participants in the system’s ongoing refinement, building trust
through transparency [79].

7.4 Towards Responsible and Equitable
Deployment

7.4.1 The Imperative of Human-Led Audits for Fairness. TC-MAG
will faithfully reflect any biases embedded in its source materials.
Outdated or skewed prompts, rubrics, or guidelines will lead to
systematically flawed grading. However, TC-MAG ’s modularity
facilitates audits because each mark is tied to a visible criterion,
making it easier to spot and rectify systemic errors, such as unjustly
penalizing an unconventional but correct problem-solving method.
For responsible deployment, we recommend a ‘human-in-the-loop’
governance model where educators periodically review and refine
both the source guidelines and the Al-generated rubrics - a critical
step, given that incorrect rubrics were the primary source of TC-
MAG’s errors (37%) in our RQ1 analysis.
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7.4.2  Mitigating Automation Bias and De-skilling. As Al graders
approach and exceed human accuracy, the risk of automation
bias and teacher de-skilling becomes salient [85]. Our RQ2 findings
hinted at this, with some teachers occasionally over-delegating to
the AI when presented with staged explanations. To counteract
this, we advocate for interfaces and training protocols that promote
active human engagement. For instance, institutions could imple-
ment calibration exercises where teachers must identify and correct
Al grading errors, analogous to pilots training to handle autopilot
failures. Such practices ensure that the teacher remains a vigilant
and skilled supervisor in the collaborative loop.

7.4.3  Addressing Practical Barriers: Cost, Connectivity, and Com-
pute. Our multi-agent approach, especially with powerful foun-
dation models, is computationally expensive and requires reliable
computer hardware and internet, posing significant barriers for
low-resource contexts. We have provided token counts, API call
costs per question (for both real-time processing and batch process-
ing), and processing times per question for all the LLM baselines
used in our RQ1 study.

Our results indicate that multiple models (GPT-40 and GPT-03)
benefited from the TC-MAG framework (yielding improvements
over vanilla and CoT prompting), suggesting a potential to improve
Al grading accuracy using TC-MAG framework even while using
cheaper or offline models. However, we recommend using inferior
inference models with great caution, as the accuracy drop can pro-
hibit delegation of marking to Al (as seen in our RQ1 study 5.5, the
macro k drop from GPT-03 to GPT-40 on our dataset is from 0.936
to 0.811). Institutions deploying human-AI collaborative grading
should ensure teachers’ capacity to address students’ grade review
requests, especially in low-resource settings [32].

7.4.4  Design choices to enable wider school-led deployment. We fo-
cused our baselines on closed-weight LLM variants (no fine-tuning)
so that schools that may lack labeled data, governance capacity,
or compute/engineering resources needed to fine-tune safely and
maintainably, still be able to adopt Al-based grading [20, 36, 86].
However, fine-tuning can improve instruction-following and task
adherence [71, 94]. Some single-agent errors, as identified in our
motivational study, stem from non-adherence to prompts, and fine-
tuning could reduce such “prompt drifts”. If successful, it would
provide a lower-latency alternative to a multi-agent LLM frame-
work [41, 42]. However, fine-tuning is not guaranteed to improve
performance, can introduce regressions or forgetting, and requires
a robust, large-scale dataset to ensure generalization [46, 48].

7.4.5  Generalizability beyond Mathematics and Singapore Curricu-
lum. Our findings generalize most directly to assessments with: (i)
explicit marking guidelines, (ii) decomposable scoring criteria, and
(iii) verifiable correct answers. Extension to holistic assessments
(e.g., creative writing, argumentation essays) requires additional
validation. When extending our TC-MAG framework beyond math-
ematics or beyond the Singapore curriculum, we expect accuracy-
enhancing and confidence-gating design patterns to remain in-
variant (multiple passes of marker agents, arbitration, confidence
estimator). However, the design patterns based on micro-decisions
uncovered in the CTA Section 3.1 (marking guideline extraction,
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rubric generator, marking based on criteria) may vary across curric-
ula and subjects. Unlike the U.S. Common Core, which emphasizes
multiple solution strategies equally, Singapore’s curriculum privi-
leges the Model Method for specific problem types [44, 45, 60, 61].
Our rubric generator is prompted to adhere to this preference and
may require adaptation for curricula that emphasize solution diver-
sity. In domains where rubrics cannot fully specify content quality
(e.g., interpretive essays), TC-MAG would shift from step-wise solu-
tion decomposition to criterion-level evidence, exemplar-anchored
moderation, and stronger uncertainty signaling.

7.4.6  Broader Justice and Unintended Negative Consequences. Prior
work on automated scoring shows that high inter-rater reliability
can coexist with systematic score differences across demographic
groups [77, 101]. These disparities can arise when prompts, rubrics,
and reference solutions operationalize local norms about what
counts as “good reasoning,” and those abstractions are treated as
universal, thereby disadvantaging legitimate alternative solution
paths [80]. In response, deployments should (i) report disaggre-
gated performance across relevant learner groups and contexts, (ii)
document evaluation conditions, and (iii) preserve contestability
through clear appeal and override procedures aligned with estab-
lished testing standards and education governance guidance [4].
A further unintended consequence is pedagogical: if Al systems
assess most student responses, teachers may lose opportunities to
notice misconceptions and personalize instruction.

7.5 Limitations and Future Work

We note the limitations of the proposed framework and the possi-
ble future works. First, the framework is evaluated on Singapore’s
primary mathematics curriculum, which we aim to generalize in
terms of subjects, educational systems in our future work. Second,
we carried out analysis involving experienced teachers. However,
the findings may differ for novices or teachers with varying tech-
nological fluency. Third, our analysis is based on typed responses,
whereas classrooms often rely on handwritten work, diagrams,
and equations. A full capture—convert—grade pipeline can make the
framework more generalized. Finally, error may stem from imper-
fect Al-generated rubrics and limited context in marking guidelines
that we aim to address in our future work. Finally, our evaluation
uses commercial OpenAl models (GPT-40 and GPT-03) [65, 68],
and model behavior can change due to provider updates, even for
the same model name, complicating exact long-term reproducibil-
ity [12, 13, 70]. We partially mitigate this by reporting inference
settings and validating that the TC-MAG framework improves per-
formance across two distinct models.

8 Conclusion

We introduce TC-MAG, a multi-agent LLM framework that utilizes
expert teacher cognition to improve accuracy and foster more effec-
tive teacher-Al collaboration in Al grading. The agents embedded
in the framework perform distinct tasks (e.g., guideline extraction,
rubric creation, or arbitration) to have a deployment ready trustwor-
thy autograder. Our work provides two key contributions: First, we
demonstrated that our teacher-cognition approach achieves greater
reliability on complex, partial-credit questions (quadratic-weighted
kappa (x)=0.936), significantly outperforming both human markers
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(Ax = +0.046) and strong LLM baselines. Second, we established
that UI affordances are critical for earning teacher trust and foster-
ing effective collaboration. Specifically, with staged step-by-step
explanations, teachers maintained higher precision in accepting
Al grades (LR+ 11.5 vs 4.60 with summarised explanations). By
functioning as a grading collaborator, TC-MAG can improve grad-
ing consistency and fairness at scale, freeing educators to focus on
more nuanced pedagogical tasks. Future work should adapt this
framework to other subjects, accommodate handwritten student an-
swers, and conduct longitudinal studies to assess long-term impact
on teacher workload and student feedback cycles.

9 Ethics and Responsibility Statement

The research protocol, including the use of student data, received
written approval from the partner edtech organization’s equivalent
institutional review board. TC-MAG’s full prompts and datasets re-
main proprietary to our partner organization. All student response
data were deidentified before analysis (i.e., no names, school af-
filiations, or other Personally Identifiable Information). Written
consent was obtained from all research participants, who were
briefed on the purpose, data usage, their right to withdraw and
anonymity safeguards of the study, were salaried employees of the
partner organization, and participated as part of their regular duties
without additional compensation, and were assured their responses
would not affect their employment and were encouraged to pro-
vide critical feedback. We protect data privacy by using OpenATI’s
GPT-40 and GPT-03 through the API in data opt-out settings (no
student data was retained or used for model training, according to
OpenAT’s enterprise privacy policy). Two co-authors are employees
of the partner edtech organization that provided the dataset and
may have a commercial interest in automated grading. A third co-
author is an independent academic collaborator who contributed
only to research design, methodological oversight, and analysis
of de-identified data. Several design choices were implemented
to mitigate potential conflicts, including the use of pre-existing
marking protocols with blind adjudication by a senior teacher and
pre-planned analyses aligned with stated research questions and hy-
potheses. Additionally, results for all tested conditions are reported,
and the partner organization had no veto power over publication
decisions.

10 GenAlI Usage Disclosure

We used OpenAI's GPT-5 [67] to refine portions of the text (the
abstract and related works) and Anthropic’s Claude Sonnet 4 [7]
to generate Python code for the TC-MAG agent workflows and
baseline models. We also used ChatGPT Codex [66] to generate code
for the prototype used in our RQ2 user study. We used OpenAI’s
GPT-5 for the initial draft of the design elements of Fig. 1.
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A RO1
A.1 Dataset

Field Type Remarks

Question (text + image) multimodal avg. 39 words, avg. 0.2 figures

Model solution text avg. 26 words

Student answer text varies with mark (see Table 2)
Maximum mark int {1, 2,3, 4}

Gold score int 0-Maximum mark

Grade level ordinal Primary 1 - Primary 6

Table 9: Schema of each datum used in evaluation.

Questions and model solutions All questions follow the syl-
labus and question format of the Singapore national curriculum
(prescribed by the Ministry of Education, Singapore). However,
these questions were not created or approved by the Ministry of
Education.

Student answers All student answers were entered as text (no
images) by students studying at their respective levels through the
online interface of our partner edtech organization.

Marking Scheme used in gold labels and human marks
Gold labels and human marks were produced by human teachers,
who followed a customized marking scheme used by our partner
edtech organization. The marking scheme largely follows Singa-
pore’s Primary School Leaving Exam (PSLE) rubric, with one key
modification in awarding full marks for multi-mark questions. In
our partner’s marking scheme, a student receives full points for a
correct final answer, regardless of whether they showed intermedi-
ate work, whereas the standard PSLE marking scheme awards full
marks only if the final answer is correct and proper working steps
are shown. Marching scheme used,

For 1-mark questions

o 1 mark is given if the final answer is fully correct (including
correct units and answer format) and 0 if not.

For 2—-4 mark questions

o Full marks are given if the final numerical answer is correct
(even without intermediate steps) under our scheme.

o If the final answer is correct but minor formatting elements
(units, etc.) are missing, we deduct 1 mark.

o If the final answer is incorrect, we award partial credit: start-
ing from 0, the student earns 1 mark for each correct interme-
diate step result they provided. The PSLE marking scheme
would similarly give partial credit for each correct step if the
final answer is wrong.

We adopted this customized marking scheme in our TC-MAG
model due to the nature of the marked dataset available in the
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partner organization. Still, due to the modular nature of our TC-
MAG architecture, we can change the desired marking scheme
to fit the official PSLE marking rubric, or other global curricula.
The Singapore Ministry of Education specifies the national cur-
riculum syllabus, placing mathematical problem-solving and rea-
soning processes at the core of instruction alongside content mas-
tery [44, 45, 60, 61]. This context naturally favors stepwise, partial-
credit grading schemes, which the TC-MAG framework incorpo-
rates through marking guidelines and agent prompts.

A.2 Evaluation metrics
A.2.1  Formulas used. Confusion matrices: Human and Al accuracy
The normalized confusion matrices shown above are derived as
follows. For each class i (true mark) and class j (predicted mark)
we compute

Notation. Let y; be the gold (true) mark for item i, yAi(m) the

mark given by the model, and gl.(h) the mark given by the human
marker. Each dataset is partitioned into strata corresponding to the
maximum possible marks K € {1, 2, 3, 4}.

n = number of items per stratum,
Y=y y2---,Yn)
y(m) - (y*im) gém)’ e ?/r(lm) )’

A h) A(h ~(h
g™ =@M g, g

= (9
Evaluation Metrics.

Exact Accuracy.

n

1
ExactAcc = — Zu‘[gi =y;].
n
i=1

Within-1 Accuracy.
1 n
Within-1Ace = — Zu‘[mi —yil <1].
i=1
Mean Absolute Error (MAE).
1 n
MAE = — Z 19i = yil.
i=1

Quadratic Weighted Kappa (QWK).
2 wijOij
2ijwijEij’

_(i-))?

ij= 7 o

QWK =1- TS

Here Oj; is the observed rating frequency and E;; the expected
frequency under independence.

Matthews Correlation Coefficient (MCC).
C= TPXTN - FPXFN
(TP + FP)(TP + FN)(TN + FP)(TN + FN)_

Cohen’s k.

k=B po= D P =00 pe= )Py =KIPGi = F).
i k
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Number of
wmber o Mean words

Mark stratum  unique student

Mean words in

Mean words in Range of marks awarded

in question (SD) model answer (SD) students’ answers (SD) to students (gold standard)
responses
1-mark 500 27.06 (£ 12.15) 4.00 (+ 1.80) 1.54 (£ 0.73) Binary (0, 1)
2-mark 500 36.90 (+ 16.88) 19.42 (+ 7.33) 3.19 (+ 1.60) Ordinal (0, 1, 2)
3-mark 500 43.73 (¢ 13.63) 35.55 (+ 6.10) 13.57 ( 5.64) Ordinal (0, 1, 2, 3)
4-mark 500 47.00 (% 15.18) 47.27 (+ 7.40) 24.21 (£ 12.53) Ordinal (0, 1, 2, 3, 4)
Table 10: Dataset statistics by mark stratum.
F1 Score. Baseline N QWK Exact-acc Within-1 MAE
2TP
= GPT-4o simple 500 0744 0.562 0.884 0.588
2TP+FP+FN GPT-40 CoT 500 0780 0518 0.870 0.652
Bootstrap Confidence Intervals and Significance Testing. We used a GPT-40 TC-MAG 500 0780  0.600 0.910 0524
stratified paired bootstrap with B = 200 resamples per stratum. For GPT-03 simple 500 0919 0730 0.586 0.286
each bootstrap replicate b, items were sampled with replacement GPT-03 CoT 200 0914 0740 0.970 0.292
GPT-03 TC-MAG (our model) 500 0.955  0.840 0.992 0.168

within strata and all metrics recomputed.
5(m) 5(h) _
Gb ,9b forb=1,...,B
The 95% confidence interval for metric 6 is taken as:
[quantile, 5., quantiley; 5,,] of {éb}.

A one-sided paired bootstrap test compared TC-MAG vs. human
baselines:

Ho:ghzem, HA:9m>eh~
The p-value is the fraction of bootstrap replicates where é;m) <

élgh). Holm-Bonferroni correction was applied across baselines.

A.3 Findings: LLM Baseline accuracies of 2-4
mark questions

A.3.1 2-mark. Please refer to Table 11.
Baseline N QWK Exact-acc Within-1 MAE
GPT-40 simple 500 0.839  0.708 0.960 0.322
GPT-40 CoT 500 0.853  0.723 0.958 0.329
GPT-40 TC-MAG 500 0.814  0.770 0.992 0.238
GPT-03 simple 500 0932  0.844 0.998 0.174
GPT-03 CoT 500 0.935  0.847 0.994 0.174
GPT-03 TC-MAG (our model) 500 0.945 0.889 0.998 0.113

Table 11: 2-mark (ordinal) results.

A.3.2 3-mark. Please refer to Table 12.

Baseline N QWK Exact-acc Within-1 MAE
GPT-40 simple 500 0.737 0.614 0.928 0.462
GPT-40 CoT 500 0.768 0.632 0.918 0.464
GPT-40 TC-MAG 500 0.777 0.684 0.930 0.392
GPT-03 simple 500 0.881 0.782 0.974 0.246
GPT-03 CoT 500 0.902 0.820 0.982 0.202
GPT-03 TC-MAG (our model) 500 0.933 0.864 0.990 0.148

Table 12: 3-mark (ordinal) results.
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Table 13: 4-mark (ordinal) results.

A.3.3 4-mark. Please refer to Table 13.

A.4 Representative Questions

This section contains 12 representative sample questions (3 per
mark stratum: 1-, 2-, 3-, and 4-mark questions), along with their
model solutions. These examples span different primary grade levels
and question types to illustrate the diversity of our evaluation
corpus.

A.4.1  4-mark questions.

(1) [4 marks] Level: Primary 6
Strategies
Question. Mrs Tay baked some muffins and packed them
into boxes containing 6 muffins each. The next day, she baked
96 more muffins and she re-packed all her muffins into boxes
containing 10 muffins each and realised that she needed 4
more boxes. How many muffins did she bake altogether?
Solution.

Topic: Gap and Difference

Muffins in the 4 more boxes = 4 X 10 = 40
Difference per box =10 — 6 =4
Muffins added to original boxes = 96 — 40 = 56
Number of original boxes = 56 + 4 = 14
Number of boxes the next day = 14+4 = 18
Total number of muffins = 18 x 10 = 180
Answer: 180 muffins

(2) [4 marks] Level: Primary 6
gies
Question. Jolene and Michelle had some money. Jolene had
$485 more than Michelle. After Jolene spent % of her money

Topic: Model drawing strate-

on a watch and Michelle spent % of her money on a mo-
bile phone, Jolene had $584 more than Michelle. How much
money did they have altogether at first? Refer to Figure 8.

Solution. Use a common unit: % = % and % = %
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At first

15 units $485

$388

Jolene l 12 units l 3 units l |$97‘

Michelle [ 10 units I 5 units |

15 units
In the end

Jolene | 12 units [ sss |

$584

Michelle | 10 units

Figure 8: 4 mark - question 2

Spent Left
Jolene 3 units 12 units
Michelle 5 units 10 units

Jolene’s difference over Michelle decreases because Jolene
has fewer units left than before.

< X $485 = $97
New difference due to Jolene spending = $485 — $97 = $388
2 units = $584 — $388 = $196
1 unit = $196 + 2 = $98
Total at first = 30 units + $485
=30 X $98 + $485
= $2940 + $485
= $3425
Answer: $3425

(3) [4 marks] Level: Primary 3  Topic: Money
Question. A party shop is selling balloons at 5 for $2. Mrs
Tay wants to buy 100 balloons for a party. If she only has
ten-dollar notes in her wallet, how many ten-dollar notes
does she need to give the cashier? She needs to give the
cashier ten-dollar notes.
Solution.

Number of groups of 5 balloons = 100 + 5 = 20
Cost of 20 groups = 20 X $2 = $40
Number of ten-dollar notes = $40 + $10 = 4

Answer: 4

A.4.2  3-mark questions.

(1) [3 marks] Level: Primary 5
Whole Numbers
Question. Kyla bought 5 boxes of oranges from her supplier
for her fruit stall. Each box contained 56 oranges. She then
repacked them into packets of 4 and sold them at $2.50 per
packet. She sold all the packets during the weekends. How
much money did she collect from her sales?
Solution.

Topic: Four Operations of

Number of oranges = 5 X 56 = 280
Number of packets = 280 + 4 = 70
Money collected = 70 X $2.50 = $175

Answer: $175

(2) [3 marks] Level: Primary 5
gies

Topic: Whole Number Strate-
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Figure 9: 3 mark - question 3

Figure 10: 2 mark - question 1

Question. Teacher Ryan arranged all his students in his
class to line up to go for Chinese New Year dancing event.
Every 4 girls was standing in between every 2 boys. There
were 28 girls participating. How many students did he have
in his class?

Solution. Between every 2 boys there is one “spacing”, and
each spacing contains 4 girls.

Number of spacings =28 +4 =7
Number of boys =7+1 =238
Total students = 28 + 8 = 36

Answer: 36 students

(3) [3 marks] Level: Primary 5 Topic: Angles
Question. The figure below, not drawn to scale, is made up
of an isosceles triangle SQR and an equilateral triangle PQR.
£RSQ = 134°. Find £SQP. Refer to figure 9. Solution.
180° — 134°
/SQR = - =
/PQR = /PRQ = /RPQ = 60°

£SQP = 23° +60° = 83°

23°  (isosceles triangle)

(equilateral triangle)

Answer: 83°

A.4.3  2-mark questions.

(1) [2 marks] Level: Primary 6
Figures
Question. The figure below is made up of a big semicircle
and 4 small quarter circles. (Take 7 = %.) Find the area of
the figure 10. Solution.

Topic: Circles and Composite

Radius of small quarter circle = 28 + 2 = 14 cm

. .. 1 22 9
Area of big semicircle = 3 X - X 28 X 28 = 1232 cm’

. 22 2
Area of 4 quarter circles = - X 14 X 14 = 616 cm
Area of figure = 1232 + 616 = 1848 cm?
Answer: 1848 cm?

(2) [2 marks] Level: Primary 1  Topic: Numbers to 10
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Figure 11: 2 marks - question 2

Figure 12: 1 mark - question 1

Question. What are the missing numbers? Refer to figure 11.
Solution. Since the numbers are increasing, count on start-
ing from 2:

2,3,4,5, 6
Answer: 4, 5

(3) [2 marks] Level: Primary 2  Topic: Fractions
Question. Emily had 4% m worth of ribbon. Every present
that she wrapped used up % m of ribbon. Find the maximum
number of presents that she could wrap and the fraction of
ribbon left (in metres).

Solution.
1 1 13 5 65
—ro=xI=Z=212
3 5 3 1 3
So she can wrap 21 presents.
. 1 1
Ribbon used = 21 X 5= 43 m
. 1
Ribbon left = 45 —4-
5 3 2
4= 4= =" nm
15 15 15

Answer: 21 presents and % m

A.4.4  1-mark questions.

(1) [1 mark] Level: Primary 2 Topic: Shapes and Patterns
Question. Look at figure 12. There are rectan-
gles and triangles altogether in the figure. Solution.

Number of rectangles = 2
Number of triangles = 1
Total=2+1=3

Answer: 3

(2) [1 mark] Level: Primary 3 Topic: Time
Question. Perform the following subtraction of time:
5h5min —1h 25 min = h min
Solution.

5h5min—1h 25 min =4 h 65 min — 1 h 25 min
=3 h 40 min

Answer: 3 h 40 min
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(17

Figure 13: 1 mark - question 3

(3) [1 mark] Level: Primary 3 Topic: Mass
Question. Two identical cubes are placed on the weighing
scale. What is the mass of each cube? Refer to figure 13.
Solution.

Mass of 2 identical cubes =370 g
Mass of each cube =370 +2=185¢g

Answer: 185 g

A.5 Prompt Constructs
Agent 1: Guideline Extractor

e Purpose: Extract only the marking-guideline rules needed
to grade one question, preserving rule IDs for later citation.

o Inputs: {question}, {solution}, {question_topic},
{full_marking_guideline_document}

e Output: {guideline_snippet}

e Hard constraints

- Copy only relevant rules.

— Do not paraphrase rule IDs.

— Anticipate likely variations in student answers and provide
topic-specific guidelines to evaluate them, including the
rules needed to decide between variants.

- Output in <250 words

Agent 2: Rubric Creator

e Purpose: Convert the official solution into an analytic step-
wise rubric with step codes S1...Sk and Final answer, plus
unit requirements.

e Inputs: {question}, {solution}, {question_topic}, {max_marks},
{guideline_snippet}

e Output: {rubric_json}

— List of rubric steps, each with step_code, step_summary,
evidence_required, units_required, and mark_value.

e Hard constraints
— Decompose the solution into intermediate steps; assign 1

mark per intermediate step; the final answer has {max_marks}
marks.

— Enforce step-count constraints so students cannot receive
full marks solely via intermediate steps.

— Two worked examples of different scenarios of step de-
composition

— Evidence_required must be a value/conclusion (no calcu-
lations); step evidence must be mutually exclusive.

- Intermediate step units_required default to “none”; final
step units_required determined by explicit rules (e.g., fill-
in-blank unit already given in question vs not).

— The output must match the provided JSON schema.
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Agents 3 and 4: Marker Agents (Marker A and Marker B)

o Purpose: Score the student’s answer against the rubric using
criteria-level evaluation.
o Inputs: {question}, {solution}, {max_marks}, {student_answer},

{rubric_json}, {guideline_snippet}

e Output: {markerA_output}, and {markerB_output} from re-
spective agents

— Step_marks: step_code, criteria scores, marks contribution,
short justification

— Final_marks: marks

e Hard constraints

— Authority constraints (“don’t deviate from the provided
solution”)

— Criteria definitions (equivalence/unit/format).

- Final answer is evaluated first under three criteria: 1) An-
swer equivalence; 2) Unit accuracy; 3) Format/clarity (us-
ing guideline snippet).

— If final answer meets all criteria — {max_marks}; if only
equivalence passes but unit/format fail — {max_marks-1};
if equivalence fails — 0 from final answer.

- If final answer yields 0, sum 1-mark contributions for
intermediate steps whose evidence_required can be un-
ambiguously matched in the student work.

- Scoring algorithm (final answer precedence, partial-credit
logic)

— The output must match the provided JSON schema.

Agent 5: Arbitrator Agent

e Purpose: Resolve disagreements between Marker A/B at the
criterion level, selecting the better evaluation and citing the
exact rubric step and/or guideline rule IDs that justify the
decision.

o Inputs: All agent 3/4 inputs + {markerA_output}, {markerB_output}

e Output: {arbitrator_output}
— final_marks, preferred_marker, lists of rubrics_missed and
rule_ids_missed, and brief justification.
o Hard constraints
— Must choose one marker output and justify briefly.
— Must cite the missed criterion by step_code or guideline
rule_ids referred to for marker choice.
- The output must match the provided JSON schema.

Agent 6: Confidence Analyzer

e Purpose: Provide a conservative High/Low confidence tag
for the final mark, used for human routing.

Inputs:. All agent 5 inputs + {arbitrator_output} (if any).
Output: {confidence_output}

Confidence bucket € {High, Low}, and brief justification.
Hard constraints

- Conservative rule: if any credible uncertainty remains,
output “Low confidence”

Must explicitly comment on each rubric/rule grounding
quality.

<100-word justification.

— The output must match the provided JSON schema.
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B RO2
B.1 Pre-task survey
B.1.1  List of questions and results . 7-point Likert; 1=Strongly dis-

agree, 7=Strongly agree. Please refer to Table 14.

B.2 User study Part 1

B.2.1
ble 15.

Distribution of questions used in Part 1. Please refer to Ta-

B.3 User study Part 2

B.3.1
ble 16.

Concurrent think-aloud Before beginning Part 2, participants
were given with prompt, “Please verbalize what you are noticing
about the rubric, explanation steps, and confidence.” We captured
verbatim quotes and timestamp alignments to telemetry.

Distribution of questions used in Part 2. Please refer to Ta-

B.4 User study Part 3

B.4.1 Survey questions. Survey questions for each architecture
(Staged and Summarized): Trust & willingness to delegate:

e “I trust this system to assign criterion-aligned marks most
of the time” (7-point)
“I'would delegate marking of similar questions to this sys-
tem.” (7-point + binary “Would you delegate to this system
for your next unit?”)
“I felt I could understand why this system assigned each
mark?” (7-point; perceived transparency)
“I could predict when the system might be wrong.” (7-point;
predictability)
Open-ended: “Briefly, why would/wouldn’t you delegate to
this system?”

Confidence cue perception:

e “The confidence indicator helped me decide whether to
accept or re-mark.” (7-point)
e “When the system showed Low confidence, I was less likely
to accept its mark” (7-point)
Architecture preference:
e “If you had to pick one for your class next term, which would

you choose, and why?”

B.4.2 NASA-TLX survey questions and results. Please refer to Ta-
ble 17 for the survey questions used and Table 18 for the results.

B.5 Performance metrics
Formulas used.
Delegation rate.

AI marked-not changed (delegated)

Total instances

Delegation =

Selective Delegation rate. Confusion matrix (flip test vs Al cor-
rectness; for only when teacher viewed Al marks) Let:
e TP = Al wrong and flipped
e FN = Al wrong and kept
e TN = Al right and kept
o FP = Al right and flipped
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Survey question

Mean + SD  Top-box (6-7) %

Human graders are generally more reliable than Al graders on my subject

I would accept an Al-generated mark if it follows the correct marking rubric.
If I disagree with an AI's mark, I expect that I am more likely to be correct.

I am comfortable delegating routine marking to an AT if I can audit exceptions.

An Al grader can consistently apply marking rubric-level rules.

I can predict how the AI will assign marks across similar questions.
I trust the intentions of developers who build grading Al for educational institutes.
In general, I trust automated systems when they are tested before releasing.

I tend to try Al systems myself before deciding to trust them.

5.43 +1.09 42.9
6.36 £ 0.93 85.7
5.64 + 1.40 64.28
6.00 + 1.04 64.3
5.64 +0.84 57.1
5.29+0.73 42.9
6.21 = 0.80 78.6
6.07 £ 0.48 92.9
5.50 + 2.03 71.4

Table 14: Pre-task survey items - 7-pt Likert, N = 14

Mark stratum  Correct-High Correct-Low Incorrect-High Incorrect-Low Total f::::::; ﬁe:{lgled aceuracy
1-mark 2 0 0 0 2 6/6 = 100% 98.4%
2-mark 1 1 0 0 2 5/6 = 83% 93.0%
3-mark 1 0 1 0 2 9/10 = 90% 86.4%
4-mark 1 0 0 1 2 8/10 = 80% 84.0%

Table 15: Split of questions used in Part 1 study to ensure a mix of incorrect/correct TC-MAG marking instances and high/low

confidence labels.

Mark stratum  Correct-High Correct-Low Incorrect-High Incorrect-Low Achieved Beallsed accuracy
accuracy  in RQ1

1-mark 3 1 0 0 4/4 = 100% 98.4%

2-mark 3 0 1 0 3/4=175% 93.0%

3-mark 3 0 0 1 3/4=75% 86.4%

4-mark 2 0 1 1 2/4 = 50% 84.0%

Table 16: Split of questions used in Part 2 study to ensure a mix of incorrect/correct TC-MAG marking instances and high/low

confidence labels.

Category

Adapted question (used)

Original question

Mental Demand
Physical Demand

Temporal Demand

While marking student answers with the Al, how mentally de-
manding was the task?

While marking student answers with the Al how physically de-
manding was the task?

While marking student answers with the AL how hurried or rushed
did you feel?

How mentally demanding was the task?
How physically demanding was the task?

How hurried or rushed was the pace of the task?

Performance While marking student answers with the Al how successful were How successful were you in accomplishing what you were asked
you in accomplishing what you were asked to do? to do?
Effort While marking student answers with the Al how hard did you How hard did you have to work to accomplish your level of per-
have to work to accomplish your level of performance? formance?
Frustration While marking student answers with the Al how insecure, dis- How insecure, discouraged, irritated, stressed, and annoyed were
couraged, irritated, stressed, and annoyed did you feel? you?
Table 17: Adapted NASA-TLX workload questions, which participants rated on a scale of 0-10.
TP
Sensitivity (TPR) = ———
TP+FN
TN
Specificity (TNR) = ——
P Y (INR) = o5 Fp
" Sens Sens
IR"= —— = ——
1-Spec FPR
_ 1-Sens FNR
IR =——=
Spec Spec
TP+TN 131

Al =
CCWraACY = TPy FP+ FN+ TN



Smarter Together: Enhancing Human-Al Collaborative Grading With Teacher-Cognition Multi-Agent LLM Framework 1UI °26, March 23-26, 2026, Paphos, Cyprus

Dimension Staged: mean (SD) Summarised: mean (SD)
Mental Demand 5.86 (2.85) 4.86 (2.18)

Physical Demand 3.57 (2.17) 3.71 (2.81)

Temporal Demand (hurried/rushed)  3.07 (1.86) 2.86 (2.03)

Effort (work required) 3.50 (2.62) 3.07 (2.02)

Frustration (affect) 2.00 (2.42) 1.86 (1.61)

Performance (inverted) 1.93 (2.02) 3.29 (3.27)
TLX_official_mean (0-10) 3.32 (1.55) 3.27 (1.59)

Table 18: NASA-TLX workload (0-10) by explanation architecture; “Performance” is inverted.

C Discussion

C.1 Cost comparison of TC-MAG and Baselines

These costs are calculated based on the following OpenAI API prices
available on their website as of October 4, 2025.

OpenAlI API costs used for per question cost calculation. Please
refer to Table 19.

132

Mean total cost for marking each question. Please refer to Table 20.

Mean total input+output tokens for marking each question. Please
refer to Table 21.

Mean runtime of LLM API per question in seconds. Please refer to
Table 22.
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Scenario Input $/1IM Output $/1IM
GPT-40 Standard 2.5 10

GPT-40 Batch 1.25 5

03 Standard 2 8

03 Batch 1 4

Table 19: OpenAlI API costs as of October 4, 2025.

Prompt strategy

Scenario

1-mark

2-mark

3-mark

4-mark

Mean (SD)

Mean (SD)
for 10,000
questions

CoT

GPT-40 — Batch

GPT-40 — Standard

03 — Batch
03 — Standard

0.0089 (0.0019)
0.0178 (0.0037)
0.0071 (0.0015)
0.0142 (0.0030)

0.0101 (0.0004
0.0202 (0.0008
0.0086 (0.0005
0.0172 (0.0009

0.0104 (0.0023)
0.0208 (0.0045)
0.0090 (0.0019)
0.0180 (0.0037)

0.0109 (0.0037)
0.0218 (0.0074)
0.0091 (0.0030)
0.0183 (0.0061)

0.0101 (0.0021
0.0201 (0.0041
0.0085 (0.0017
0.0169 (0.0034

100.63 (20.65)
201.26 (41.31)
84.60 (17.09)

169.20 (34.18)

TC-MAG

GPT-40 — Batch

GPT-40 — Standard

03 — Batch
03 — Standard

0.0114 (0.0049)
0.0228 (0.0099)
0.0114 (0.0050)
0.0227 (0.0100)

0.0180 (0.0104
0.0360 (0.0207
0.0187 (0.0085
0.0374 (0.0170

0.0182 (0.0032)

0.0190 (0.0036)
0.0379 (0.0073)

0.0198 (0.0077)
0.0396 (0.0153)
0.0205 (0.0071)
0.0410 (0.0142)

0.0168 (0.0065

0.0174 (0.0061
0.0348 (0.0121

168.49 (65.47)
336.97 (130.94)
173.83 (60.63)
347.66 (121.26)

Vanilla

GPT-40 — Batch

GPT-40 — Standard

03 — Batch
03 — Standard

0.0079 (0.0019)
0.0158 (0.0037)
0.0062 (0.0015)
0.0124 (0.0030)

0.0079 (0.0004
0.0158 (0.0008
0.0063 (0.0004
0.0127 (0.0008

N AN AN INS AN NG AN RN NN

0.0081 (0.0023)
0.0161 (0.0045)
0.0066 (0.0018)
0.0132 (0.0037)

(
(
(
(
(
0.0363 (0.0064)
(
(
(
(
(

0.0087 (0.0037)
0.0174 (0.0074)
0.0069 (0.0030)
0.0139 (0.0060)

0.0081 (0.0021
0.0163 (0.0041
0.0065 (0.0017

)
)
)
)
)
0.0337 (0.0131)
)
)
)
)
)
0.0130 (0.0034)

81.34 (20.60)
162.67 (41.20)
65.08 (16.83)
130.15 (33.66)

Table 20: Cost per question (and per 10,000) for TC-MAG and baselines under standard vs. batch settings, by mark stratum and

averaged.

1-mark

2-mark

3-mark

4-mark

4442.206 (201.2445)
4449.486 (282.4776)

5053.254 (936.1298)
5382.606 (933.7186)

5189.982 (1132.2522)
5612.002 (1165.6006)

5440.55 (1860.9829)
5705.57 (1891.1585)

7608.0763 (1608.3931)
9468.1188 (2275.8994)

12013.8788 (2474.2308)
15583.4475 (3125.3922)

12110.7938 (3835.5834)
15795.7675 (4449.5073)

13196.5938 (5175.5666)
17096.7525 (5307.2182)

Prompt strategy Scenario

CoT GPT-40
03

TC-MAG GPT-40
03

Vanilla GPT-40
03

3938.816 (190.2211)
3864.67 (242.2269)

3943.976 (936.4563)
3964.992 (930.5844)

4030.376 (1133.4951)
4109.93 (1147.0398)

4354.194 (1859.6119)
4329.758 (1887.6148)

Table 21: Total tokens per question for TC-MAG and baselines (by model and mark stratum).

Prompt strategy Model 1-mark 2-mark 3-mark 4-mark
CaT GPT-40  10.9761 (8.8865)  13.5221 (16.5404) 16.8521 (11.9888)  17.4214 (13.1744)
o
03 18.2643 (8.706)  28.0869 (9.2168)  30.363 (16.1338)  35.071 (19.9536)
Simnl GPT-40  8.6512(3.4773)  9.2087(3.7395)  10.077 (4.1627)  11.8114 (5.1043)
imple
P 03 21.0464 (10.1919)  24.8229 (24.4807)  25.6753 (18.2845)  29.346 (14.7187)
TOMAG GPT-40 16.1122 (26.8534)  21.6127 (6.2684)  23.6487 (6.023)  25.3682 (5.8533)
03 26.9498 (7.456)  37.6004 (10.745)  41.2038 (10.1782)  42.0307 (11.8474)

Table 22: LLM API runtime per question for TC-MAG and baselines under real-time vs. batch processing (by model and mark

stratum).
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