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Abstract

Automatic question generation with large lan-
guage models has advanced rapidly, yet pro-
ducing assessment-ready items, complete with
mark schemes and expected answers, remains
challenging, especially when generation must
reliably target higher-order cognitive levels in
Bloom’s Taxonomy. We propose a multi-agent,
multi-stage framework that generates struc-
tured assessment tuples for both short-answer
questions (SAQs) and scenario-based questions
(SBQs), combining Bloom-specialized gener-
ation agents with staged decomposition and
automated verification. We further introduce
a rubric-guided LLM-as-a-judge evaluation
framework with Bloom-specific alignment met-
rics. Experiments on university-level AI course
material across five generation pipelines show
that prompt-level Bloom conditioning alone is
insufficient to reliably achieve cognitive con-
trol. In contrast, our structured approach yields
consistent and notable improvements in align-
ment, mark scheme quality, and output yield,
particularly for higher-order Bloom levels over
baseline pipelines.

1 Introduction

Assessment is central to teaching and learning, sup-
porting formative practice, diagnostic feedback,
and summative evaluation. However, producing
high-quality assessment items is time-intensive and
requires both domain expertise and pedagogical
design, limiting scalability (Kurdi et al., 2020;
Das et al., 2021). Automatic Question Genera-
tion (AQG) and Automatic Item Generation (AIG)
have therefore emerged as key research directions,
evolving from rule-based systems to neural and,
more recently, large language model (LLM)-based
approaches (Zhang et al., 2021; Kurdi et al., 2020;
Tan et al., 2025).

Despite this progress, most work focuses on gen-
erating question text alone or on multiple-choice
questions (MCQs), leaving open-ended assessment
types such as short-answer questions (SAQs) and

Figure 1: Bloom’s Taxonomy of Educational Objectives
(LW et al., 2001), comprising six cognitive levels or-
dered by increasing complexity. Reliably generating
assessment items at higher-order levels is a central chal-
lenge addressed in this work.

scenario-based questions (SBQs) comparatively
underexplored (Song et al., 2025; Chan et al.,
2025). SAQs require brief, constructed responses
that demonstrate conceptual understanding, while
SBQs present realistic, course-grounded scenar-
ios that require students to apply their knowledge
and reasoning using both the provided context and
learned material.

Open-ended formats play a critical role in assess-
ing deeper understanding and reasoning, beyond
the constrained nature of MCQs (Kurdi et al., 2020;
Das et al., 2021; Song et al., 2025). However, their
effectiveness depends on more than the question
alone. Reliable assessment requires aligned mark-
ing schemes and exemplar answers, introducing
additional complexity: systems must generate co-
herent, pedagogically grounded assessment items
with clearly scoped tasks, objective grading crite-
ria, and internal consistency across components.
This shifts the problem from question generation
to structured assessment generation, where multi-
ple components must jointly satisfy pedagogical
constraints.

A second challenge lies in cognitive control.
Bloom’s Taxonomy is widely used to define learn-
ing objectives, and prior work has explored Bloom-
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aware prompting to control question difficulty.
While such approaches improve over unconstrained
generation, they remain unreliable, particularly at
higher-order cognitive levels such as analyze, eval-
uate, and synthesis (Scaria et al., 2024; Maity et al.,
2024; Yaacoub et al., 2025). More broadly, aligning
generated items with intended cognitive demand
remains an open problem (Uto et al., 2023).

A third limitation concerns evaluation. Ques-
tion generation is inherently one-to-many, making
reference-based metrics, such as lexical overlap, un-
reliable proxies for quality (Oh et al., 2023; Nguyen
et al., 2024). Existing evaluation approaches, rang-
ing from reference-free metrics to LLM-as-a-judge,
remain fragmented and fail to capture whether gen-
erated items are coherent, gradable, and cognitively
aligned as complete assessment units (Mohammad-
shahi et al., 2023; Liu et al., 2023; Hashemi et al.,
2024).

To address these challenges, we propose a uni-
fied, Bloom-controlled framework for generating
assessment-ready items from course material. Gen-
eration is decomposed into a structured multi-stage
process that produces complete assessment tuples:
for SAQs, a question, mark scheme, and expected
answer; for SBQs, an additional scenario is con-
structed and optionally refined. Bloom-specialized
generation enables explicit cognitive control, while
automated verification enforces grounding, align-
ment, and internal consistency. We further intro-
duce a rubric-guided LLM-as-a-judge evaluation
framework tailored to structured assessment gener-
ation. The framework separates stem-level quality
from full assessment consistency, enabling fine-
grained analysis of failure modes. We also de-
fine Bloom-specific metrics that quantify alignment
across all cognitive levels and within higher-order
levels.

We evaluate five pipelines spanning zero-shot,
Bloom-aware, and multi-stage approaches across
both SAQs and SBQs using Artificial Intelligence
course material. Results show that prompt-level
Bloom conditioning alone does not achieve consis-
tent cognitive targeting in our setting, while staged
generation with Bloom specialization and verifica-
tion yields improvements in alignment, structural
quality, and output yield, particularly at higher-
order levels.

Our contributions are as follows:
• We introduce a Bloom-specialized, multi-agent,

multi-stage framework for both SAQs and SBQs,
including scenario construction and refinement
for contextualized reasoning.

• We develop a multi-criteria LLM-as-a-judge
framework that evaluates pedagogical quality,
structural validity, and Bloom alignment.

• We conduct an empirical comparison of five gen-
eration pipelines across two assessment formats,
showing that staged Bloom specialization with
verification improves alignment, structural qual-
ity, and yield over prompt-level conditioning.

2 Related Work

Automatic question and item generation. Re-
cent surveys highlight the flexibility of LLMs for
generating assessment items across domains, but
also emphasize limitations in quality control, peda-
gogical grounding, and evaluation practices (Kurdi
et al., 2020; Zhang et al., 2021; Das et al., 2021;
Tan et al., 2025; Song et al., 2025). Much of this
work focuses on multiple-choice questions, while
open-ended formats such as SAQs and SBQs re-
main comparatively underexplored despite their im-
portance for assessing higher-order understanding
(Song et al., 2025).
Assessment consistency and explainable scoring.
Related work on automated student answer scoring
and feedback generation shows the importance of
aligning outputs with rubrics, key answer elements,
rationales, and curriculum context. Prior systems
use ChatGPT-generated rationales, thought-tree de-
composition, preference calibration, and educator-
in-the-loop workflows to improve explainability
and assessment reliability (Li et al., 2023, 2024b,a;
Zhao et al., 2025). These works motivate our focus
on generating assessment-ready tuples rather than
question stems alone.
Cognitive control and Bloom’s taxonomy. Con-
trolling cognitive complexity is a central goal in ed-
ucational generation. Bloom-aware prompting can
improve alignment compared to standard prompt-
ing, but performance remains inconsistent, particu-
larly for higher-order categories (Scaria et al., 2024;
Maity et al., 2024; Yaacoub et al., 2025; Uto et al.,
2023; Yadav et al., 2025). Our work therefore treats
Bloom control as part of the generation pipeline,
rather than relying solely on prompt-level condi-
tioning.
Evaluation of question generation. Evaluation
remains challenging because question generation
is inherently one-to-many. Metrics that compare
generated questions against fixed reference ques-
tions, such as BLEU- or ROUGE-style overlap
metrics, correlate poorly with human judgment and
may penalize valid alternative questions, motivat-
ing reference-free, multi-dimensional, and LLM-
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Figure 2: Overview of the proposed Bloom-guided multi-agent generation framework. The pipeline begins with
course grounding and relevance filtering, followed by course-content compression. For SBQs, a dedicated scenario
generation stage is applied and refined through critique before question generation; for SAQs, question generation
proceeds directly from the filtered and compressed course content. Both paths then generate a mark scheme and
expected answer, after which a verification agent checks Bloom alignment, grounding, and structural validity. Final
outputs are tuples (q,m, a) for SAQs and (s, q,m, a) for SBQs.

based alternatives (Oh et al., 2023; Nguyen et al.,
2024; Mohammadshahi et al., 2023; Fu et al., 2024;
Liu et al., 2023; Hashemi et al., 2024). However,
some methods often focus on question-level quality
rather than full assessment consistency, so our eval-
uation combines stem- and scenario-level criteria
with triple-level checks across the question, mark
scheme, and expected answer, alongside Bloom-
specific alignment metrics.
Structured and multi-stage generation. Prior
work has decomposed educational assessment into
multiple components, including question, answer,
and distractor generation in MCQ pipelines, or key-
element matching, rubric application, rationale gen-
eration, and refinement in explainable scoring sys-
tems (Li et al., 2024b, 2025). Iterative refinement
and self-feedback further motivate the use of cri-
tique and verifier models for improving generated
outputs (Madaan et al., 2023; Li et al., 2025). Our
work extends this structured view to open-ended
assessment generation by constructing full assess-
ment tuples through multi-stage generation with
explicit verification.
Limitations of existing approaches. Across these
directions, three limitations persist: (i) limited sup-
port for assessment-ready outputs beyond question
text, (ii) unreliable control over cognitive complex-
ity, particularly at higher-order levels, and (iii)
fragmented evaluation practices that do not cap-
ture full assessment quality. Our work addresses
these gaps through a unified framework that in-
tegrates structured generation, Bloom-specialized
control, and rubric-based evaluation for complete
assessment items.

3 Methodology

We propose a unified, Bloom-controlled genera-
tion framework for producing assessment-ready

items from course documents. Rather than generat-
ing questions in isolation, the framework produces
structured assessment tuples, enabling both cogni-
tive control during generation and structural vali-
dation after generation. It supports two assessment
variants within the same system: short-answer
questions (SAQs), generated directly from source
content, and scenario-based questions (SBQs),
which introduce an intermediate scenario repre-
sentation prior to question generation.

Formally, let D denote an extracted course doc-
ument, and let b ∈ B denote a target Bloom level
(knowledge, comprehension, application, analysis,
evaluation, synthesis)1. The framework generates
an assessment output y, defined as y = (q,m, a)
for SAQs and y = (s, q,m, a) for SBQs, where
s is a scenario, q is the question, m is the mark
scheme, and a is an expected full-mark answer.

The overall system can be viewed as a controlled
generation function

F(D, b, t) → y,

where t ∈ {SAQ, SBQ} specifies the assessment
type.

3.1 Generation Framework
The framework is formulated as a multi-agent,
multi-stage generation process. Rather than relying
on a single prompt to jointly produce all outputs,
generation is decomposed into specialized compo-
nents that each operate on a narrower subtask. This
decomposition serves three purposes: it improves
control over Bloom level, reduces interference be-
tween subtasks, and enables explicit verification of
intermediate and final outputs.

1We follow the original Bloom’s Taxonomy (LW et al.,
2001) with six cognitive levels ordered by increasing complex-
ity.
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At a high level, the framework consists of four
functional stages:
1. Content grounding: identify the source content

from which an item should be generated.
2. Question construction: generate either a di-

rect question (SAQ) or a scenario followed by a
question (SBQ), conditioned on a target Bloom
level.

3. Assessment completion: generate a mark
scheme and then an expected answer condi-
tioned on the previously generated outputs.

4. Verification and filtering: apply automated
checks to enforce Bloom alignment, grounding,
and internal consistency.
This design treats SAQs and SBQs as two paths

through the same framework. Both share the same
downstream structure (question → mark scheme
→ expected answer), while SBQs introduce an ad-
ditional scenario construction and refinement step
before question generation.

3.2 Framework Components

Bloom-specialized question agents. To improve
cognitive control, the framework uses Bloom-
specialized generation instructions. For each target
level b, a dedicated question-generation agent is
configured with level-specific guidance about the
expected cognitive operation, response format, and
acceptable task type. This replaces a single generic
prompting strategy with a family of specialized
generators G(b)

q (·) for b ∈ B.
For SAQs, questions are generated directly from

source content as q = G
(b)
q (D), while for SBQs,

question generation is conditioned on a refined sce-
nario, q = G

(b)
q (s′). This per-level specialization

is central to the framework, as the objective is not
only to generate valid questions, but to control their
cognitive demand.
Scenario construction agent (SBQ variant).
SBQs introduce an intermediate contextual repre-
sentation. A scenario agent generates a course-
grounded situation s = Gs(D), intended to pro-
vide a context in which subsequent reasoning is sit-
uated. Rather than adding superficial realism, this
stage transforms source knowledge into a setting
that supports application-, analysis-, or evaluation-
oriented assessment.

Because unconstrained scenario generation may
introduce answer leakage or implicit guidance, the
generated scenario is not used directly and is in-
stead passed to a refinement stage.
Scenario critique–refinement agent (SBQ vari-

ant). The framework incorporates a constraint-
aware critique–refinement stage. A critique func-
tion Vs(·) evaluates the generated scenario with re-
spect to the source content, producing a validation
signal rs = Vs(D, s) that reflects compliance with
pedagogical constraints such as neutrality, absence
of answer leakage, and suitability for downstream
questioning. If violations are detected, the scenario
is revised as s′ = Rs(D, s, rs); otherwise, s′ = s.
This ensures that the scenario remains a neutral,
information-bearing context rather than implicitly
encoding the answer.
Mark scheme generation agent. Given a gener-
ated question q and context c (where c = D for
SAQs and c = s′ for SBQs), the framework gener-
ates a structured mark scheme m = Gm(c, q). The
mark scheme is represented as a set of atomic mark-
ing points with associated integer marks, enabling
transparent grading and facilitating downstream
verification.
Expected answer generation agent. The final
generation stage produces an exemplary full-mark
answer a = Ga(c, q,m) conditioned on the con-
text, question, and mark scheme. Conditioning on
the mark scheme ensures that the generated answer
aligns with the grading criteria rather than being
only superficially plausible.
Verification agent. All candidate outputs are
passed through a final verification layer before be-
ing retained. The verifier evaluates whether gener-
ated components satisfy structural and pedagogical
constraints, formalized as

ϕ(y;D, b, t) ∈ {0, 1}.

Only outputs with ϕ = 1 are retained. This stage
functions as a quality-control mechanism and is
a core component of the framework rather than a
post-hoc filtering step.

3.3 SAQ and SBQ Instantiations
Although the framework is unified, the two assess-
ment formats differ in how the question context is
constructed.
SAQ instantiation. For SAQs, question genera-
tion is performed directly from course content. For-
mally, we define q = G

(b)
q (D), m = Gm(D, q),

and a = Ga(D, q,m). The candidate tuple y =
(q,m, a) is then passed through verification:

FSAQ(D, b) = y · I[ϕ(y;D, b) = 1],

where only tuples satisfying the verification predi-
cate ϕ are retained as valid outputs. This variant is
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suited to direct recall, explanation, application, or
short analytical reasoning grounded in the provided
course material.
SBQ instantiation. For SBQs, the framework first
constructs and conditionally refines a scenario be-
fore question generation. Specifically, we define
s = Gs(D) and rs = Vs(D, s), where Vs(·) eval-
uates the scenario against pedagogical constraints.
The refined scenario is then given by

s′ =

{
Rs(D, s, rs) if rs indicates a violation,
s otherwise.

Question generation then proceeds as q = G
(b)
q (s′),

followed by m = Gm(s′, q) and a = Ga(s
′, q,m).

The candidate tuple y = (s′, q,m, a) is then veri-
fied:

FSBQ(D, b) = y · I[ϕ(y;D, b) = 1].

The scenario introduces a context in which students
must interpret information before answering, en-
abling contextualized application and higher-order
reasoning while preserving the same downstream
assessment structure as SAQs.

3.4 Control and Verification Logic

The framework combines generation control and
verification. Generation control is achieved
through Bloom-specialized agents and staged con-
ditioning, while verification acts as a filtering mech-
anism that enforces structural and pedagogical va-
lidity of the generated outputs.

Given a candidate output y, the verification stage
evaluates whether it satisfies a set of core con-
straints grounded in the source content and target
Bloom level. These checks cover four aspects: (i)
Bloom alignment, ensuring the question matches
the intended cognitive level; (ii) grounding, requir-
ing all generated components to be supported by
their source context (D for SAQs, and both D and
s′ for SBQs); (iii) mark scheme quality, enforcing
completeness, non-redundancy, and alignment with
the question; and (iv) answer fidelity, ensuring the
expected answer satisfies all marking criteria with-
out introducing unsupported information.

Only candidates that satisfy all constraints are re-
tained. The framework therefore operates not as a
single generator, but as a controlled generation sys-
tem in which outputs are iteratively produced and
selectively accepted based on explicit validation
criteria.

3.5 Discussion of Design Rationale

The framework is designed around the observation
that assessment generation is inherently compo-
sitional. A high-quality item is not only a well-
phrased question; it is a coherent structure linking
source content, cognitive demand, grading criteria,
and an exemplary answer. Treating these compo-
nents as jointly generated in one step makes control
difficult and validation opaque. By decomposing
the task into specialised agents with explicit inter-
faces, the proposed framework improves control-
lability, makes failures more localisable, and sup-
ports direct comparison between simpler and more
structured generation strategies in the experimental
section. Full prompt templates, per-stage imple-
mentation details, Bloom-level generation guide-
lines, and the generation-time verification predicate
are provided in Appendix A.

4 Experiments and Results

4.1 Experiment Setup

We evaluate automatic question generation on uni-
versity level Artificial Intelligence course materi-
als derived from publicly available sources. The
source documents are preprocessed into structured
content representations, from which assessment
items are generated.

Experiments are conducted across two assess-
ment formats: short-answer questions (SAQs) and
scenario-based questions (SBQs). While both for-
mats aim to assess conceptual understanding, SBQs
additionally require the generation of a contextual
scenario that conditions the question, enabling ap-
plied and higher-order reasoning.

Generation is performed using GPT-4.1, GPT-
4o-mini, and Gemini-2.5 Flash (OpenAI et al.,
2024; Comanici et al., 2025). Results are reported
for each pipeline-generator pair (p, g) to isolate
the effect of both prompting strategy and underly-
ing model capability. Evaluation is performed us-
ing three LLM-as-a-judge models: GPT-4o-mini,
GPT-4.1-mini, and Gemini-2.5 Flash. Unless oth-
erwise stated, reported criterion and Bloom scores
are averaged across these evaluator models.

4.2 Baselines and Proposed Pipelines

We evaluate five generation pipelines designed to
progressively address limitations in controllability,
decomposition, and cognitive alignment.
Zero-shot (ZS). A single prompt generates the full
assessment item in one step. For SAQs, this cor-
responds to generating a (question, mark scheme,
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expected answer) triple, while for SBQs the sce-
nario is generated jointly with the question.
Zero-shot + Bloom (ZS+B). Extends zero-shot
prompting by explicitly conditioning on a tar-
get Bloom level, testing whether cognitive align-
ment can be achieved through prompt-level control
alone.
Multi-stage zero-shot (MZS). Decomposes gen-
eration into sequential stages (question → mark
scheme → answer), reducing task interference. For
SBQs, scenario and question generation are per-
formed jointly in the first stage.
Multi-stage zero-shot + Bloom (MZS+B). In-
tegrates Bloom-level conditioning into the multi-
stage pipeline during question generation, assess-
ing whether decomposition and cognitive control
jointly improve alignment.
Proposed pipeline. Our approach extends the
multi-stage Bloom-aware pipeline in three ways.
First, question generation uses Bloom-specialized
agents with per-level system instructions rather
than a single generic Bloom prompt. Second, for
SBQs, a dedicated scenario generation stage is fol-
lowed by critique and refinement to enforce ground-
ing, neutrality, and the absence of answer leakage.
Third, an explicit verification layer filters candi-
dates based on Bloom alignment, grounding, and
internal consistency.

4.3 Evaluation Criteria and Metrics

We define a structured set of criteria capturing both
question quality and assessment consistency, eval-
uated at two levels: the question stem (or scenario
and question for SBQs) and the full assessment
triple. All criteria are evaluated independently
using rubric-guided LLM judges to reduce cross-
criterion interference. Scores are aggregated across
three evaluator models to test whether the main
conclusions are robust across different evaluators.
We use the following abbreviations throughout the
paper.
Stem-level criteria. CG (course grounding):
whether the question is derived from source mate-
rial. Cla. (clarity): linguistic precision and absence
of ambiguity. STI (single-task integrity): coher-
ence of the assessed objective. OG-S (objective
gradability, stem): whether the question admits a
clearly gradable answer. For SBQs, we additionally
evaluate SRN (scenario relevance/necessity) and
SG (scenario grounding).
Triple-level criteria. OG-T (objective gradability,
triple-aware): whether the full triple supports con-
sistent and objective grading. MSQ (mark scheme

quality): coverage, structure, and non-redundancy
of marking points. AF (answer fidelity): alignment
between the expected answer and the mark scheme.
Bloom-specific metrics. BLA (Bloom level align-
ment): a soft alignment score accounting for the hi-
erarchical structure of Bloom’s Taxonomy, defined
as BLAi = 1− |gap(bi, b̂i)|/L, where bi is the tar-
get level, b̂i the inferred level, and L the maximum
possible gap. BA (Bloom accuracy): exact-match
alignment between intended and inferred Bloom
levels. HOSR (higher-order success rate): exact-
match alignment restricted to higher-order levels
({analysis, evaluation, synthesis}). Full for-
mal definitions are provided in Appendix B.

4.4 Evaluation Protocol

We employ three complementary evaluation
paradigms: criterion-based scoring, matched-task
pairwise comparison, and inter-judge agreement
analysis.
Criterion-based evaluation. Each generated item
receives a discrete score s ∈ {0, 1, 2} per crite-
rion from each evaluator model, normalized to
[0, 1] and averaged across judges. We aggregate us-
ing discrimination-weighted scoring, where criteria
that better separate pipeline performance contribute
proportionally more to the final composite score.
Full formalization is given in Appendix B.
Matched-task pairwise comparison. To compare
pipelines directly, we match them on task slots de-
fined by source file, target Bloom level, and gener-
ation model. For each matched triple, we compare
representative outputs in two modes: raw (first gen-
erated candidate, measuring intrinsic quality) and
production (highest-scoring candidate, measuring
end-to-end pipeline quality after selection). Out-
comes are aggregated into win, tie, and loss rates
with bootstrap 95% confidence intervals.
Inter-judge agreement. To examine whether the
evaluation is stable across LLM judges, we com-
pute agreement statistics over GPT-4o-mini, GPT-
4.1-mini, and Gemini-2.5 Flash. For rubric cri-
teria, we report exact three-judge agreement, the
mean standard deviation of normalized scores, and
mean pairwise Pearson correlation. For inferred
Bloom level, we additionally report exact three-
judge agreement and mean pairwise agreement
over predicted Bloom labels.

4.5 Results

Overview Tables 1–5 summarize criterion-level
performance, Bloom metrics, inter-judge agree-
ment, and matched-task pairwise comparisons
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SAQ SBQ

Pipe. Generator OG-T OG-S MSQ AF STI Cla. CG OG-T OG-S SRN SG MSQ AF STI Cla. CG Avg

ZS
GPT-4.1 0.931 0.896 0.519 0.959 0.918 0.991 0.981 0.927 0.827 0.555 0.845 0.515 0.976 0.858 0.903 0.924 0.845
GPT-4o-mini 0.959 0.921 0.447 0.959 0.921 0.991 0.981 0.852 0.826 0.595 0.894 0.549 0.962 0.845 0.909 0.955 0.848
Gemini-2.5 Flash 0.961 0.936 0.426 0.980 0.917 0.995 0.946 0.919 0.820 0.599 0.829 0.653 0.964 0.833 0.887 0.964 0.852

ZS+B
GPT-4.1 0.950 0.925 0.431 0.965 0.918 0.981 0.959 0.904 0.825 0.610 0.842 0.523 0.980 0.879 0.873 0.929 0.843
GPT-4o-mini 0.943 0.912 0.236 0.953 0.918 0.991 0.975 0.946 0.833 0.588 0.858 0.603 0.956 0.912 0.956 0.931 0.844
Gemini-2.5 Flash 0.977 0.921 0.398 0.944 0.921 1.000 0.986 0.880 0.870 0.681 0.787 0.662 0.968 0.856 0.856 0.954 0.854

MZS
GPT-4.1 0.863 0.877 0.352 0.944 0.896 0.986 0.957 0.888 0.818 0.551 0.827 0.554 0.990 0.856 0.876 0.939 0.823
GPT-4o-mini 0.867 0.892 0.296 0.963 0.885 0.981 0.975 0.875 0.808 0.609 0.863 0.553 0.979 0.854 0.896 0.931 0.827
Gemini-2.5 Flash 0.890 0.912 0.269 0.912 0.922 0.996 0.971 0.881 0.804 0.619 0.769 0.648 0.961 0.929 0.854 0.936 0.830

MZS+B
GPT-4.1 0.840 0.908 0.377 0.944 0.931 0.994 0.975 0.880 0.822 0.597 0.853 0.624 0.990 0.899 0.897 0.930 0.841
GPT-4o-mini 0.879 0.920 0.287 0.957 0.906 0.993 0.969 0.926 0.833 0.637 0.902 0.738 0.961 0.890 0.955 0.943 0.856
Gemini-2.5 Flash 0.871 0.947 0.338 0.914 0.922 0.996 0.975 0.866 0.808 0.637 0.785 0.549 0.986 0.910 0.854 0.926 0.830

Ours
GPT-4.1 0.935 0.925 0.918 0.989 0.985 0.987 0.983 0.788 0.774 0.603 0.908 0.784 0.884 0.963 0.836 0.849 0.882
GPT-4o-mini 0.942 0.930 0.903 0.990 0.971 0.983 0.983 0.815 0.814 0.618 0.940 0.814 0.905 0.970 0.884 0.854 0.895
Gemini-2.5 Flash 0.975 0.950 0.897 0.994 0.989 0.993 0.988 0.860 0.841 0.605 0.885 0.779 0.929 0.981 0.888 0.892 0.903

Table 1: Criterion-level results across pipelines, generation models, and task types, averaged across the three
evaluator models. SAQ criteria: OG-T (objective gradability, triple-aware), OG-S (objective gradability, stem-only),
MSQ (mark scheme quality), AF (answer fidelity), STI (single-task integrity), Cla. (clarity), and CG (course
grounding). SBQ extends SAQ with two scenario-specific criteria: SRN (scenario relevance/necessity) and SG
(scenario grounding). Avg is the macro-average over all 16 non-Bloom criteria. Bold = best per column; underline
= second.

SAQs SBQs

GPT-4.1 GPT-4o-mini Gemini-2.5 Flash GPT-4.1 GPT-4o-mini Gemini-2.5 Flash Avg

Pipe. BLA BA HOSR BLA BA HOSR BLA BA HOSR BLA BA HOSR BLA BA HOSR BLA BA HOSR

ZS 0.781 0.019 0.000 0.747 0.057 0.000 0.771 0.000 0.000 0.775 0.091 0.111 0.759 0.205 0.333 0.784 0.270 0.000 0.317
ZS+B 0.894 0.736 0.750 0.891 0.679 0.500 0.889 0.694 0.357 0.864 0.576 0.640 0.894 0.676 0.833 0.894 0.694 0.636 0.728
MZS 0.765 0.042 0.045 0.795 0.075 0.158 0.772 0.071 0.000 0.745 0.089 0.074 0.767 0.181 0.167 0.745 0.137 0.000 0.313
MZS+B 0.885 0.637 0.750 0.899 0.681 0.727 0.899 0.722 0.750 0.853 0.558 0.641 0.879 0.625 0.815 0.850 0.514 0.467 0.731
Ours 0.985 0.947 0.919 0.997 0.991 0.989 0.961 0.880 0.884 0.981 0.938 0.943 0.988 0.964 0.975 0.939 0.847 0.811 0.941

Table 2: Bloom-related metrics across pipelines, generation models, and assessment formats. Columns are grouped
by assessment format and generation model, and rows correspond to pipelines. BLA denotes the soft Bloom
alignment score, while BA and HOSR are derived from the aggregated inferred Bloom level for each item. BA
denotes exact Bloom alignment accuracy, and HOSR denotes higher-order success rate. Avg is the macro-average
over all displayed Bloom metrics across formats and generators. Higher is better for all metrics. Bold = best per
column; underline = second best.

across all pipeline–generator configurations and
both assessment formats. Overall, the proposed
pipeline remains the strongest system across the
main evaluation settings. Its advantage is clearest
for SAQs, where it dominates both criterion-level
quality and pairwise win rates. For SBQs, the pro-
posed pipeline is strongest in Bloom control and
scenario grounding, but it does not uniformly dom-
inate simpler baselines on all other criteria. In
particular, objective gradability and answer fidelity
remain competitive across pipelines, suggesting
that simpler scenario-based items can sometimes
be easier to grade and align more directly with their
expected answers.

Assessment Quality The clearest criterion-level
separation is mark scheme quality (Table 1). For
SAQs, the proposed pipeline achieves MSQ scores
of 0.897–0.918 across generators, compared with
0.236–0.519 for the baselines, indicating that the
decomposition and verification stages substantially

improve the coverage and structure of marking
points. The same pattern holds for SBQs, although
with a smaller margin: the proposed pipeline
reaches 0.779–0.814, while the strongest baseline
reaches 0.738.

Other criteria show a more nuanced pattern. For
SAQs, the proposed pipeline remains consistently
strong on AF (0.989–0.994), STI (0.971–0.989),
and CG (0.983–0.988), suggesting that the gener-
ated answers, mark schemes, and source grounding
remain internally consistent. However, for SBQs,
the proposed pipeline does not uniformly domi-
nate simpler baselines on all non-Bloom criteria.
Some baselines obtain higher OG-T, OG-S, and
AF scores, suggesting that the added contextual
complexity of scenarios can make objective grad-
ability and answer alignment harder to satisfy con-
sistently. Overall, the proposed pipeline improves
the more structured dimensions of assessment con-
struction, especially MSQ and scenario grounding,
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Fmt. Pipe. n Rub. Ag. BLA Ag. Std. r Lvl Ex./Pair

SAQ

ZS 140 0.773 0.864 0.060 0.314 0.636 / 0.750
ZS+B 142 0.774 0.725 0.059 0.394 0.718 / 0.807
MZS 261 0.724 0.782 0.072 0.436 0.663 / 0.768
MZS+B 228 0.747 0.693 0.068 0.384 0.684 / 0.782
Ours 1072 0.876 0.880 0.033 0.356 0.878 / 0.916

SBQ

ZS 136 0.645 0.640 0.098 0.445 0.529 / 0.669
ZS+B 129 0.652 0.597 0.101 0.472 0.597 / 0.716
MZS 246 0.615 0.622 0.109 0.382 0.524 / 0.667
MZS+B 214 0.633 0.537 0.107 0.388 0.500 / 0.653
Ours 750 0.667 0.860 0.098 0.484 0.860 / 0.905

Table 3: Inter-judge agreement across GPT-4o-mini,
GPT-4.1-mini, and Gemini-2.5-Flash by assessment for-
mat and pipeline. Rub. Ag. is macro-average exact
agreement over non-Bloom rubric criteria. BLA Ag.
is exact agreement over the discretized soft Bloom-
alignment score. Std. is the macro-average standard
deviation of normalized non-Bloom rubric scores; r
is mean pairwise Pearson correlation over non-Bloom
rubric scores. Lvl Ex./Pair reports exact three-judge
agreement / mean pairwise agreement on the inferred
Bloom-level label. Bold = best per column; underline =
second best.

while SBQ generation remains intrinsically more
challenging.
Bloom Cognitive Control The strongest and most
consistent gains occur in Bloom-level control (Ta-
ble 2). Pipelines without explicit Bloom condition-
ing have very low exact Bloom accuracy across gen-
erators: ZS reaches BA values of only 0.000–0.057
for SAQs and 0.091–0.270 for SBQs, while MZS
remains similarly low at 0.042–0.075 and 0.089–
0.181 respectively. This indicates that decomposi-
tion alone does not provide reliable cognitive-level
control.

Adding Bloom prompts substantially improves
alignment, but remains less reliable than the pro-
posed pipeline. ZS+B and MZS+B improve BA
across both formats, but the proposed pipeline
achieves the highest Bloom metrics for every gen-
erator and assessment format. For SAQs, it reaches
BA values of 0.880–0.991 and HOSR values of
0.884–0.989; for SBQs, it reaches BA values of
0.847–0.964 and HOSR values of 0.811–0.975.

The macro-average column further shows that
this improvement is not driven by a single gener-
ator or format. The proposed pipeline achieves
the highest overall Bloom average, 0.941, com-
pared with 0.731 for MZS+B and 0.728 for ZS+B.
This suggests that Bloom-specialized generation
and verification improve cognitive targeting across
model families, especially for higher-order levels
where prompt-only conditioning is less consistent.
Scenario Construction For SBQs, scenario
grounding is highest under the proposed pipeline
across all generators, with SG scores of 0.908,

Fmt. Crit. Agree Std. r

SAQ

OG-T 0.662 0.086 0.250
OG-S 0.649 0.083 0.266
MSQ 0.753 0.081 0.740
AF 0.868 0.043 0.314
STI 0.635 0.086 0.290
Cla. 0.954 0.011 0.189
CG 0.931 0.017 0.587
BLA 0.789 0.032 0.595

SBQ

OG-T 0.602 0.129 0.388
OG-S 0.500 0.144 0.365
SRN 0.321 0.166 0.302
SG 0.650 0.085 0.455
MSQ 0.711 0.099 0.723
AF 0.925 0.029 0.310
STI 0.580 0.101 0.348
Cla. 0.670 0.124 0.421
CG 0.823 0.050 0.595
BLA 0.651 0.047 0.570

Table 4: Criterion-level inter-judge agreement, macro-
averaged over pipelines. Agree is exact three-judge
agreement; Std. is the mean standard deviation of nor-
malized scores across judges; r is the mean pairwise
Pearson correlation. For non-Bloom criteria, values
are computed over rubric scores. For BLA, values are
computed separately over the discretized soft Bloom-
alignment score. SAQ criteria: OG-T, OG-S, MSQ, AF,
STI, Cla., CG, and BLA. SBQ additionally includes
SRN and SG. Bold = best per column within each for-
mat; underline = second best.

0.940, and 0.885 for GPT-4.1, GPT-4o-mini, and
Gemini-2.5 Flash respectively (Table 1). This sup-
ports the value of the dedicated scenario generation,
critique, and refinement stages in anchoring scenar-
ios to the source material.

However, SRN remains less clearly improved.
The proposed pipeline scores 0.603–0.618, while
baselines range from 0.551 to 0.681, suggesting
that the pipeline improves scenario grounding more
reliably than scenario necessity (Table 1). The
agreement results support this interpretation: SRN
has the lowest SBQ judge agreement (0.321) and
highest standard deviation (0.166), indicating that
scenario necessity is both difficult to generate and
difficult to judge consistently (Table 4).
Inter-Judge Agreement At the pipeline level, the
proposed method achieves the highest rubric agree-
ment, discretized BLA agreement, and inferred
Bloom-level agreement for both formats (Table 3).
For SAQs, these are 0.876, 0.880, and 0.878/0.916
exact/pairwise agreement respectively; for SBQs,
they are 0.667, 0.860, and 0.860/0.905. This
strengthens the Bloom-control claim, as the pro-
posed pipeline achieves both the highest Bloom
scores and the most consistent evaluator agreement
on inferred cognitive levels.

Agreement is generally lower for SBQs than
SAQs, reflecting the added subjectivity of scenario
relevance, grounding, and context-dependent grad-
ing. Criterion-level results further clarify where
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SAQ Win Rate SBQ Win Rate

Pipeline Generator Raw Production Raw Production

ZS
GPT-4o 0.42 [0.30, 0.54] 0.47 [0.35, 0.58] 0.40 [0.20, 0.62] 0.17 [0.07, 0.28]
Gemini 0.48 [0.29, 0.67] 0.27 [0.10, 0.46] 0.46 [0.34, 0.59] 0.34 [0.24, 0.44]
GPT-4.1 0.39 [0.25, 0.51] 0.30 [0.20, 0.41] 0.41 [0.31, 0.50] 0.32 [0.23, 0.43]

ZS+B
GPT-4o 0.41 [0.30, 0.52] 0.28 [0.19, 0.38] 0.50 [0.38, 0.62] 0.42 [0.23, 0.62]
Gemini 0.46 [0.35, 0.56] 0.38 [0.23, 0.52] 0.60 [0.45, 0.75] 0.40 [0.25, 0.55]
GPT-4.1 0.42 [0.30, 0.55] 0.47 [0.35, 0.58] 0.60 [0.47, 0.75] 0.41 [0.31, 0.53]

MZS
GPT-4o 0.23 [0.14, 0.31] 0.31 [0.21, 0.42] 0.42 [0.20, 0.62] 0.38 [0.20, 0.57]
Gemini 0.29 [0.12, 0.50] 0.27 [0.15, 0.42] 0.47 [0.30, 0.65] 0.40 [0.28, 0.54]
GPT-4.1 0.28 [0.19, 0.39] 0.27 [0.18, 0.38] 0.30 [0.19, 0.42] 0.32 [0.21, 0.45]

MZS+B
GPT-4o 0.44 [0.32, 0.57] 0.46 [0.35, 0.57] 0.55 [0.28, 0.80] 0.68 [0.47, 0.88]
Gemini 0.46 [0.27, 0.65] 0.58 [0.48, 0.67] 0.35 [0.20, 0.50] 0.47 [0.31, 0.65]
GPT-4.1 0.47 [0.35, 0.57] 0.47 [0.35, 0.57] 0.44 [0.31, 0.56] 0.52 [0.41, 0.63]

Ours
GPT-4o 0.95 [0.89, 0.99] 0.97 [0.92, 1.00] 0.62 [0.40, 0.85] 0.78 [0.65, 0.88]
Gemini 0.79 [0.56, 0.98] 0.94 [0.88, 1.00] 0.60 [0.44, 0.76] 0.86 [0.78, 0.94]
GPT-4.1 0.92 [0.83, 0.99] 0.94 [0.89, 0.99] 0.75 [0.62, 0.86] 0.92 [0.85, 0.97]

Table 5: Per-generator matched-task win rates with 95% bootstrap confidence intervals for SAQs and SBQs
under raw and production selection modes. Win rates are computed against the pool of all other pipelines using
discrimination-weighted scores aggregated across the three evaluator models. Raw mode uses the first generated
candidate; production mode selects the highest-scoring candidate. GPT-4o denotes GPT-4o-mini; Gemini denotes
Gemini-2.5-Flash. Bold = best per generator and evaluation mode; underline = second best.

agreement is most stable (Table 4). For SAQs,
judges agree most strongly on clarity (0.954),
course grounding (0.931), and answer fidelity
(0.868), while MSQ has the highest pairwise cor-
relation (r = 0.740). For SBQs, answer fidelity
has the highest agreement (0.925), and MSQ again
has the highest pairwise correlation (r = 0.723).
By contrast, SRN has the lowest SBQ agreement
(0.321), confirming that scenario necessity is the
least stable judgement dimension.

Pairwise Outcomes Matched-task pairwise com-
parisons support the same overall trend (Table 5).
For SAQs, the proposed pipeline achieves the high-
est win rates under every generator and selection
mode. In raw mode, it obtains win rates of 0.95,
0.79, and 0.92 for GPT-4o-mini, Gemini-2.5 Flash,
and GPT-4.1 respectively. In production mode,
these increase to 0.97, 0.94, and 0.94. This in-
dicates that the proposed pipeline improves both
intrinsic generation quality and the quality of the
criterion-based selected output.

For SBQs, the proposed pipeline achieves the
strongest production-mode results, with win rates
of 0.78, 0.86, and 0.92 across the three generators.
Raw SBQ performance is less decisive, with win
rates of 0.62, 0.60, and 0.75, reflecting the variabil-
ity introduced by SBQs. The stronger production-
mode results suggest that future deployment could
benefit from criterion-based candidate selection,
particularly for SBQs, where scenario-conditioned

generation introduces greater variability.
Finally, the proposed pipeline exhibits a yield ad-

vantage in the retained item pool, with 1072 SAQs
and 750 SBQs compared with the largest baseline
pools of 261 and 246, respectively. Together with
its stronger Bloom-control results, this suggests
that the framework produces more valid assess-
ment tuples while producing stronger alignment
with the intended cognitive levels.

5 Conclusion

We presented a multi-agent, multi-stage frame-
work for generating structured assessment items
with Bloom-level cognitive control and automated
verification. Across five pipelines, the results
show that prompt-level Bloom conditioning im-
proves alignment but remains less reliable than
Bloom-specialized few-shot generation with staged
verification. The proposed pipeline achieves
the strongest overall performance, particularly in
Bloom alignment, higher-order cognitive targeting,
mark scheme quality, and valid-item yield. The re-
sults also show that SBQs remain more challenging
than SAQs: scenario grounding improves, but sce-
nario necessity, objective gradability, and answer
fidelity are harder to satisfy consistently. Overall,
reliable assessment generation appears to require
pipeline-level specialization and validation rather
than generic zero-shot or prompt-level Bloom con-
ditioning alone.
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Limitations

Our evaluation is conducted on a single domain:
university-level Artificial Intelligence course ma-
terial. Although the framework is intended to be
domain-agnostic, we have not verified whether the
same results generalize to disciplines with sub-
stantially different assessment conventions, such
as medicine, law, humanities, or mathematically
intensive subjects. Mathematical, numerical, proof-
based, and programming-oriented questions may
also require stricter verification than the rubric-
based checks used here, since correct answers may
involve deterministic values, multiple valid solu-
tion paths, or executable code. Therefore, future
work should evaluate these item types separately,
potentially combining rubric-guided judging with
symbolic checking, unit tests, code execution, or
answer-equivalence verification.

Although we complement automated evaluation
with structured blind human assessment, the man-
ual study covers only 18 matched-task comparisons
across five pipelines. This provides useful qualita-
tive validation, but limits the statistical conclusions
that can be drawn. A larger-scale human evalua-
tion with multiple annotators and inter-annotator
agreement measures would more robustly validate
the pedagogical quality of the generated items. Our
automated evaluation uses three LLM-as-a-judge
models rather than a single judge, but remains an
imperfect proxy for pedagogical quality. The agree-
ment analysis shows that Bloom-related measures
and mark scheme quality are relatively more stable,
whereas scenario relevance and necessity (SRN)
are less stable. Thus, conclusions about Bloom
control and mark scheme quality are better sup-
ported than conclusions about whether a scenario is
genuinely necessary for answering an SBQ. Future
work should refine the SRN rubric and validate this
criterion more extensively with human assessors.

We evaluate proprietary API-based models only,
using GPT-4.1, GPT-4o-mini, and Gemini-2.5
Flash as generators, and GPT-4o-mini, GPT-4.1-
mini, and Gemini-2.5 Flash as evaluators. These
models were chosen as a practical cost–efficiency
trade-off, since the evaluation required scoring
many generated items across multiple criteria.
However, the framework is not tied to proprietary
models. Future work should evaluate open-source
generators and judges, including smaller models, to
study model-size scaling, cost–performance trade-
offs, and deployment in resource-constrained edu-
cational settings. Stronger evaluator models may
also improve verification for reasoning-heavy or

domain-specialist assessment items.
The generation and evaluation models are not

fully independent, since GPT-family models appear
in both roles, and Gemini is used as both a genera-
tor and evaluator. We reduce this risk by reporting
results across multiple generator–evaluator config-
urations and including models from more than one
provider, but a broader judge ensemble would fur-
ther reduce the risk of model-family bias. We also
do not explore heterogeneous pipeline configura-
tions, such as using different models for question
generation, scenario generation, mark scheme gen-
eration, answer generation, and verification.

The proposed pipeline is evaluated as an inte-
grated framework, rather than as a controlled test of
any individual component. It differs from the base-
lines through a combination of Bloom-specialized
few-shot prompting, level-specific mark scheme
templates, staged generation, scenario critique and
refinement for SBQs, and generation-time verifica-
tion. These choices are intended to work together,
but the present experiments do not isolate their indi-
vidual contributions. Future work should conduct
component-level ablations, such as removing in-
context examples, disabling verification, replacing
Bloom-specialized prompts with generic Bloom
prompts, or removing Bloom-aware mark scheme
templates. Full specifications of each pipeline com-
ponent are provided in Appendix A.

Finally, the yield advantage of the proposed
pipeline comes from generating candidates for
multiple Bloom levels and filtering them through
verification, which increases computational cost.
The framework does not use open-ended agent in-
teraction. Each item passes through a fixed se-
quence of generation: critique, refinement, and
verification stages, with failed candidates being
discarded rather than recursively regenerated until
they pass. The SAQ and SBQ acceptance predi-
cates, including Boolean decision variables, JSON
decision fields, and check logic, are specified in
Appendix A.6. This design prevents unbounded
verifier–generator loops and keeps execution pre-
dictable, but lowers the potential yield from the
provided source material. We also do not anal-
yse latency, cost, verifier failure rates, or alterna-
tive retry strategies in detail. Future work should
study these trade-offs more systematically. The
validated assessment tuples produced by the frame-
work could also provide supervision for fine-tuning
models that generate Bloom-aligned items directly
from source context, potentially reducing the need
for expensive multi-stage generation at inference.
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Code repository. Code and supporting materi-
als for the generation and evaluation pipeline are
available at: https://github.com/LyleW473/
BloomAssessmentItemGeneration.

A Generation Pipeline Details

A.1 Pipelines & Prompt Templates

This section describes the generation-time pipeline
used to produce assessment items. All pipelines
produce structured JSON outputs and return
generated items as either valid_questions or
failed_questions. Across the proposed pipeline,
difficulty is not independently assigned by the
model; instead, it is deterministically derived
from the target Bloom level: knowledge and
understanding map to easy, application and
analyze map to medium, and synthesis and
evaluation map to hard.

A.2 Baseline Generation Pipelines

The zero-shot baseline (ZS) generates the full as-
sessment tuple in a single LLM call. For SAQs, the
model outputs a question, difficulty, mark scheme,
total marks, and expected answer. For SBQs, the
same call additionally generates a scenario. The
zero-shot Bloom baseline (ZS+B) uses the same
single-stage structure, but augments the system
prompt with a Bloom taxonomy definition block
and asks the model to assign a bloom_level to
each item.

The multi-stage zero-shot baseline (MZS) de-
composes generation into three sequential calls:
question generation, mark scheme generation, and
expected answer generation. For SBQs, the first
stage generates both the scenario and the ques-
tion. The multi-stage Bloom baseline (MZS+B)
adds Bloom taxonomy definitions to the first-stage
question generation prompt and records the model-
assigned bloom_level; however, this Bloom label
does not directly control the later mark scheme or
answer generation stages.

A.3 Proposed Generation Pipeline

The proposed pipeline differs from the baselines
in three main ways. First, generation is driven
by the target Bloom level rather than relying on
the model to self-assign a level. The pipeline
iterates over all six Bloom levels and invokes a
level-specific question-generation prompt for each
level. Second, these Bloom-level prompts are few-
shot templates, each containing level-specific in-
structions, allowed and prohibited question forms,
output-format constraints, and worked examples
illustrating the intended cognitive demand. In con-
trast, the baseline prompts specify task instructions
and output schemas, but do not include content-
filled in-context demonstrations. Third, generation
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is interleaved with verification, where candidates
that fail Bloom alignment, grounding, mark scheme
coverage, or answer coverage checks are discarded
rather than passed to later stages.

For SAQs, the proposed pipeline follows the
structure:

• For each Bloom level b ∈ B:
– Generate question stems from the source

content using the prompt for b.
– Verify Bloom alignment and course rele-

vance.
– Generate a Bloom-aware mark scheme.
– Verify mark scheme coverage.
– Generate the expected answer.
– Verify answer coverage and keep valid

items.

For SBQs, the proposed pipeline follows the
structure:

• Generate an initial scenario from the source
content.

• Critique the scenario for compliance.
• Refine the scenario if required.
• For each Bloom level b ∈ B:

– Generate SBQ stems from the refined
scenario using the prompt for b.

– Verify Bloom alignment and scenario rel-
evance.

– Generate a Bloom-aware mark scheme.
– Verify mark scheme coverage with re-

spect to the scenario.
– Generate the expected answer.
– Verify answer coverage and keep valid

items.

The SBQ pipeline therefore extends the SAQ tuple-
generation process with a scenario generation–
critique–refinement stage. After refinement, the
scenario is used as the factual input for Bloom-
level question generation, mark scheme generation,
answer generation, and verification. This means
that SBQs use the same Bloom-controlled genera-
tion logic as SAQs, but all downstream stages are
conditioned on the generated scenario rather than
directly on the source text.

A.4 Bloom-Level Question Generation
Prompts

In the proposed pipeline, question generation is
controlled by separate Bloom-level system prompts
rather than a single generic Bloom instruction.
Each Bloom level has its own prompt, but all
prompts follow the same template structure. The

Bloom Level Cognitive Goal Representative Verbs

Knowledge Recall facts and terms define, identify, list, state
Understanding Explain or interpret meaning explain, summarize, interpret, illustrate
Application Use knowledge in a new case apply, compute, solve, demonstrate
Analyze Break down relationships analyze, compare, differentiate, infer
Evaluation Make justified judgements assess, defend, evaluate, justify
Synthesis Construct a new whole design, formulate, generate, plan

Table 6: Summary of the Bloom-level prompt special-
ization used in the proposed pipeline. Each level uses
a dedicated prompt with level-specific goals, allowed
verbs, prohibited stems, and examples.

prompt first assigns the model the role of an ex-
pert educational content generator specializing in
a specific Bloom level, then defines the cognitive
operation that questions at that level should require.
It then specifies the input format, output JSON
schema, allowed command verbs, prohibited lower-
or higher-level stems, example question forms, and
strict output formatting requirements.

The generic structure of each Bloom-level
prompt is:

• Role: Assigns the model the role of an expert
generator for a specific Bloom level.

• Goal: Defines the target cognitive operation
required by that Bloom level.

• Input: Specifies the source content and target
Bloom level.

• Output: Requires a JSON array of question
objects.

• Guidelines: Lists allowed verbs and the ex-
pected reasoning depth.

• Restrictions: Prohibits off-level stems and
lower- or higher-level phrasing.

• Examples: Provides level-specific examples
of valid question forms.

• Formatting: Requires valid JSON only, with
no additional commentary.

Thus, the same Bloom-specialized prompt struc-
ture is used for both formats, but SAQs generate
questions directly from course content, while SBQs
generate questions from the refined scenario.

The SBQ application-level prompt includes an
additional eligibility constraint. An application-
level SBQ is generated only if the scenario contains
sufficient numerical values, counts, or structured
outcomes to support the application of methods. If
this information is absent, the model is instructed
to return an empty array. This prevents compu-
tationally framed questions from being generated
when the scenario does not contain the information
necessary to solve them.

304



Bloom Level Points Marks/Point Total Marks

Knowledge 1–3 1 1–3
Understanding 2–4 1–2 3–5
Application 3–5 1–2 4–8
Analyze 4–6 1–2 6–10
Evaluation 4–6 1–2 6–10
Synthesis 5–8 1–3 8–12

Table 7: Bloom-level mark scheme templates used by
the proposed pipeline. The model must output a single
integer mark value for each point; range strings such as
"1-2" are not allowed.

A.5 Bloom-Aware Mark Scheme Generation

The proposed pipeline also uses a Bloom-aware
few-shot mark scheme prompt. Unlike the baseline
mark scheme prompts, which provide only gen-
eral marking guidance and schema constraints, this
prompt conditions the structure of the mark scheme
on the target Bloom level and includes worked ex-
amples showing how marking points should differ
across cognitive levels. The input specifies the
question, difficulty, Bloom level, and source con-
tent, and the model is instructed to return a struc-
tured JSON mark scheme with one integer mark
value per point.

The prompt constrains both the structure and
content of the mark scheme. Structurally, each
Bloom level is assigned an expected range of
marking points, marks per point, and total marks.
Content-wise, lower Bloom levels require concise
factual marking points, while higher Bloom lev-
els require points covering reasoning, compari-
son, judgement, design components, or justifica-
tion. Thus, the mark scheme is not generated as a
generic list of possible answer points, but is explic-
itly shaped by the intended cognitive demand of
the question through both level-specific constraints
and few-shot exemplars.

The prompt further specifies level-specific con-
tent expectations:

• Knowledge: Strictly factual points with no
elaboration.

• Understanding: Light explanatory points
without deep reasoning.

• Application: Concrete procedural or method-
application steps.

• Analyze: Structural, relational, or compara-
tive points.

• Evaluation: Criteria-based judgement points.
• Synthesis: Design components, justification,

and rationale.

Difficulty affects the expected depth of each
marking point, but not the Bloom-level point-count
or mark-allocation template. Easy items require
minimal depth, medium items require moderate in-
terconnected detail, and hard items require more
precise technical explanation. After generation, the
implementation recomputes total_marks as the
sum of the generated point values, rather than re-
lying on the model-provided total. This enforces
consistency between the mark allocation and the re-
ported total score, and reduces the number of valid
candidates being rejected due to simple arithmetic
errors in the generated total.

A.6 Generation-Time Verification Predicate
The proposed pipeline uses a verification predicate
during generation to decide whether a candidate
assessment tuple is retained. This generation-time
filtering is distinct from the final evaluation proto-
col in Section B. Verification determines whether
a candidate is passed into the generated dataset,
whereas evaluation scores the items within the gen-
erated dataset.

All verification checks are implemented as bi-
nary rubric-guided LLM calls that return structured
JSON.
Design principle. There are no numeric
generation-time thresholds. Each verifier returns a
strict Boolean decision via a named JSON field (see
Table 8), and a single False at any stage rejects the
candidate tuple, writing it to the failed-output pool.
All checks are short-circuiting: once a candidate
fails, no subsequent checks are run for that item.

For SAQs, a candidate tuple is accepted only if
it passes all four checks:

ACCEPT(q,m, a) ⇐⇒ vBloom∧vrel∧vms∧vans,

where q is the question, m the mark scheme, and a
the expected answer. The four decision variables
correspond to Bloom-level alignment, course rele-
vance, mark scheme coverage, and expected answer
coverage.

For SBQs, the same tuple-level predicate is ap-
plied after an additional scenario-compliance stage.
A scenario s is first generated, critiqued for com-
pliance, and conditionally refined to produce a fi-
nal scenario s′. The candidate SBQ tuple is then
accepted only if the question, mark scheme, and
expected answer pass the same four checks with
respect to s′:

ACCEPTSBQ(s
′, q,m, a) ⇐⇒ vBloom ∧ vsrel

∧ vsms ∧ vans.
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Check Input Decision field Failure action

Bloom alignment Question, target Bloom level belongs_to_level Reject
Course/scenario relevance Question, source content or scenario is_relevant Reject
Mark scheme coverage Question, mark scheme, Bloom level, content is_correct Reject
Expected answer coverage Question, mark scheme, expected answer is_covered Reject

Table 8: Summary of generation-time verification
checks. All checks return a Boolean decision and a
short reason.

Bloom level Difficulty

Knowledge easy
Understanding easy
Application medium
Analyze medium
Evaluation hard
Synthesis hard

Table 9: Deterministic mapping from target Bloom level
to item difficulty.

Here, vsrel verifies that the question is grounded in
the refined scenario, and vsms verifies that the mark
scheme is also grounded in that scenario. Thus,
SBQs use the same acceptance logic as SAQs, but
with an additional scenario generation–critique–
refinement stage and scenario-grounded relevance
checks.

Difficulty is derived deterministically from the
target Bloom level rather than assigned indepen-
dently. We use the mapping in Table 9 for mark
scheme generation and subsequent verification.
SAQ verification. For each source document, the
SAQ pipeline iterates over all Bloom levels. It first
generates question stems using Bloom-specialized
system instructions. Each stem is then verified for
Bloom alignment and course relevance. Only stems
passing both phase-one checks proceed to mark
scheme generation. The generated mark scheme
is then checked for coverage, factual correctness,
Bloom-level structural compliance, and alignment
with the question. If this check passes, an expected
answer is generated and verified against the mark
scheme. Only candidates passing all four checks
are added to the valid-output pool.

The Bloom alignment check asks the verifier to
infer the true cognitive level of the question from
its phrasing and cognitive demand, then compare it
with the declared target level. The course relevance
check verifies that the question can be answered
from substantive course content rather than from
administrative or other external information. The
mark scheme coverage check verifies that the mark-
ing points are factually accurate, complete, aligned
with the question, and consistent with the required
Bloom-level structure. The expected answer cover-
age check verifies that the prose answer expresses
every mark scheme point at the required cognitive

Bloom level Points Marks/point Total marks

Knowledge 1–3 1 1–3
Understanding 2–4 1–2 3–5
Application 3–5 1–2 4–8
Analyze 4–6 1–2 6–10
Evaluation 4–6 1–2 6–10
Synthesis 5–8 1–3 8–12

Table 10: Bloom-level structural templates used for
mark scheme generation and verification.

depth without contradiction.
SBQ verification. The SBQ pipeline adds
a scenario-compliance phase before the four
question-level checks. First, a neutral factual sce-
nario is generated from the source content. A cri-
tique agent then reviews the scenario for seven vio-
lation types: metric-as-conclusion, teaching or defi-
nition, interpretation or judgement, mental-state or
goal language, rationale or intent, recommendation
or next step, and question leakage. If the scenario
is compliant, it is used directly. If not, a refine-
ment step applies the minimal changes required to
remove the detected violations.

After scenario refinement, SBQ question gen-
eration and verification proceed as in the SAQ
pipeline. The key difference is that relevance and
mark scheme grounding are checked against the re-
fined scenario rather than the full source document.
This ensures that the question and mark scheme are
grounded in the scenario actually presented to the
student.

The framework therefore uses a fixed-stage ver-
ification process rather than open-ended agent in-
teraction. Failed question or tuple candidates are
discarded rather than recursively regenerated until
they pass, which keeps execution predictable and
prevents unbounded verifier–generator loops. How-
ever, this design also means that the system may
sacrifice potential yield from source material when
otherwise recoverable candidates fail a verification
stage.

B Evaluation Details

B.1 Bloom-Specific Metrics

Let b̂i denote the inferred Bloom level of generated
item i, and bi its corresponding target level. For a
given pipeline p and generation model g, Bloom
alignment accuracy is defined as

BA(p,g) =
1

|D(p,g)|
∑

i∈D(p,g)

I(b̂i = bi),
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which measures the proportion of generated ques-
tions whose inferred cognitive level matches the
intended one.

To isolate the challenge of generating higher-
order questions, we restrict evaluation to Bhigh =
{analysis, evaluation, synthesis} and define
the higher-order success rate as

HOSR(p,g) =
1

|D(p,g)
high |

∑

i∈D(p,g)
high

I(b̂i = bi),

where D(p,g)
high denotes the subset of questions whose

target Bloom level lies in Bhigh.

B.2 Criterion-Based Scoring
Given a pipeline p ∈ P , a generation model g ∈ G,
and a set of evaluation criteria C, each generated
item i is assigned a discrete score s(p,g)i,c ∈ {0, 1, 2}
for criterion c ∈ C using a rubric-guided LLM
judge. Scores are normalized to the unit interval as
s̃
(p,g)
i,c = s

(p,g)
i,c /2.

Aggregate performance is characterized by the
mean normalized score per criterion:

µ(p,g)
c =

1

Np,g

Np,g∑

i=1

s̃
(p,g)
i,c .

B.3 Discrimination-Weighted Aggregation
To obtain a single scalar score per item, we
introduce a discrimination-weighted aggregation
scheme that emphasizes criteria which better sepa-
rate pipeline performance.

For each criterion c ∈ C, we first compute the
mean score per pipeline by averaging across gener-
ation models:

µ(p)
c =

1

|G|
∑

g∈G
µ(p,g)
c .

The discrimination power of criterion c is then de-
fined as

dc = max
p∈P

µ(p)
c −min

p∈P
µ(p)
c .

To stabilize the contribution of high-variance cri-
teria, we apply a square-root transformation d̃c =√
dc and normalize:

wc =





d̃c∑
c′∈C d̃c′

if
∑

c′ d̃c′ > 0,

1
|C| otherwise.

The final score for a generated item y with normal-
ized criterion scores {s̃c}c∈C is

S(y) =
∑

c∈C
wc s̃c.

B.4 Matched-Task Pairwise Comparison
A task slot is defined as a pair (f, d), where f
denotes the source file and d the target Bloom level.
Comparisons are restricted to task slots where both
pipelines produced outputs. Each comparison unit
is a matched triple (f, d, g).

For each matched triple, let Y(f,d,g)
p denote the

set of candidate outputs from pipeline p. In raw
mode, the representative is the first generated can-
didate. In production mode, the representative is
the candidate with the highest weighted score:

y(f,d,g)p = arg max
y∈Y(f,d,g)

p

S(y).

With S1 = S(y
(f,d,g)
p1 ) and S2 = S(y

(f,d,g)
p2 ), the

pairwise outcome is

cmp(p1, p2; f, d, g) =





winp1 if S1 > S2,

winp2 if S2 > S1,

tie otherwise.

When weighted scores are equal, ties are re-
solved via a fixed lexicographic ordering over pri-
ority criteria. Outcomes are aggregated over all
matched triples for each pipeline pair, and we apply
bootstrap resampling over matched comparisons to
report 95% confidence intervals for pairwise win
rates.

C Additional Results

This section provides extended analysis of the ex-
perimental results through per-model breakdowns,
outcome distributions, pairwise dominance matri-
ces, Bloom-stratified comparisons, and score mar-
gin analysis.
High-Fidelity Compression of Course Content

A key challenge in scalable question generation
is the prohibitive length and noise present in raw
instructional materials. Directly prompting on full
lecture notes, slides, and auxiliary documents in-
troduces redundancy, administrative artifacts, and
excessive input length that degrade both generation
quality and throughput. To address this, we intro-
duce a high-fidelity compression stage that reduces
input size while preserving all pedagogically rele-
vant content required for assessment generation.

Rather than performing conventional summariza-
tion, our approach enforces a loss-constrained re-
duction of the source material. Compression is
implemented using a Gemini-3 Pro (Team et al.,
2025) agent guided by a structured system prompt
that explicitly distinguishes between examinable
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and non-examinable content. The process retains
all definitions, conceptual distinctions, procedural
steps, examples, and technical terminology, while
removing only administrative text, repeated expla-
nations, and low-information filler. Importantly,
the compression is conservative: original phras-
ing is preserved wherever possible, paraphrasing
is minimized, and deduplication is applied only
when semantic equivalence is clear. This ensures
that the resulting representation remains faithful to
the source material and suitable for downstream
generation.

The compressed output is organized into coher-
ent topical chunks, grouping related concepts, def-
initions, and examples. This structured represen-
tation improves prompt locality and enables more
targeted question generation across Bloom levels.
Additionally, lightweight standardization of math-
ematical expressions is applied to improve clarity
without altering meaning or introducing new nota-
tion.

The compression pipeline is fully automated and
includes validation to ensure structural consistency
and completeness. For each document, we record
the original and compressed word counts, percent-
age reduction, and an assigned content category.
Only documents classified as course_concept are
retained for generation, while administrative and
adjacent materials are filtered out, ensuring that the
generation stage operates exclusively on pedagogi-
cally relevant content.

As shown in Table 11, the proposed compression
reduces total text length by 78.5% (measured in
words) across the dataset, with comparable reduc-
tions for both retained and filtered subsets. Despite
this substantial reduction, the preserved content re-
mains sufficient to support high-quality question
generation, demonstrating that aggressive input re-
duction can be achieved without compromising
instructional fidelity.
Per-model win rates. Figure 3 breaks down
matched-task win rates by generation model and se-
lection mode. The proposed pipeline achieves the
highest win rates across all model and setting com-
binations, with GPT-4o-mini showing the largest
absolute win rates for SAQs in both raw and pro-
duction modes. This suggests that the structured
pipeline is particularly effective at compensating
for the limitations of smaller models. For SBQs,
the advantage is more uniform across models, with
Gemini-2.5 Flash showing a slightly narrower mar-
gin, consistent with the observation that SBQ gen-
eration is inherently more variable.

Outcome distributions. Figure 4 presents the full
win/tie/loss distributions averaged across models.
The proposed pipeline not only achieves the high-
est win proportion in all settings, but also maintains
the smallest loss proportion. In production mode,
losses become negligible for SAQs (0.0%) and re-
main very low for SBQs (8.5%), confirming that
candidate selection effectively eliminates the weak-
est outputs. Among baselines, Bloom-aware vari-
ants (ZS+B, MZS+B) show notably higher tie rates
than their non-Bloom counterparts, suggesting that
Bloom conditioning narrows the quality gap but
does not consistently produce superior outputs.
Effect of production selection. Figure 5 isolates
the effect of switching from raw to production
mode. Production selection affects pipelines un-
evenly: for SAQs, it generally reduces win rates
for weaker baselines while leaving the proposed
pipeline largely unchanged, indicating that the pro-
posed method already generates high-quality first
candidates. For SBQs, production selection yields
meaningful gains for the proposed pipeline and for
MZS+B, with the largest improvements observed
under Gemini-2.5 Flash. This asymmetry reflects
the higher output variability in SBQ generation,
where having multiple candidates and a quality-
aware selection mechanism provides greater bene-
fit.
Pairwise dominance. Figure 6 shows head-to-
head win-rate matrices for all pipeline pairs. The
proposed pipeline achieves win rates above 0.50
against every baseline in nearly all conditions, con-
firming broad dominance rather than gains con-
centrated against a single weak comparator. The
matrices also reveal that among baselines, the rela-
tionships are more mixed: ZS+B and MZS+B trade
wins depending on the format and selection mode,
while non-Bloom variants (ZS, MZS) consistently
underperform. This supports the interpretation that
Bloom conditioning provides a meaningful base-
line improvement, but the full proposed framework
is needed for consistent superiority.
Bloom-level stratification. Figure 7 stratifies win
rates by target Bloom level. The proposed pipeline
shows advantages across most cognitive categories,
with especially pronounced gains at the compre-
hension and analysis levels. For higher-order levels
(evaluation and synthesis), the advantage is main-
tained but with smaller margins and more limited
data, consistent with the known difficulty of gener-
ating and evaluating higher-order assessment items.
Notably, at the Knowledge level, differences be-
tween pipelines are smaller, reflecting that factual
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recall questions are comparatively straightforward
for all methods.
Score margins. Figure 8 quantifies not just
whether the proposed pipeline wins, but by how
much. The proposed pipeline maintains positive
mean score margins against all baselines in every
setting. Margins are largest against ZS and MZS
(the non-Bloom baselines), reflecting the combined
benefit of cognitive control and structural verifi-
cation. Against ZS+B and MZS+B, margins are
smaller but consistently positive, indicating that the
gains from Bloom specialization and verification
are real but more incremental when the baseline al-
ready includes Bloom prompting. Per-model mark-
ers show that margins are relatively stable across
generators, with no single model driving the aggre-
gate advantage.

D Manual Qualitative Evaluation

To complement the automated criterion-based eval-
uation, we conduct a structured blind manual eval-
uation of matched-task sample outputs. A hu-
man evaluator assessed generated assessment items
across both question formats and all difficulty lev-
els, without knowledge of which pipeline produced
which item.

D.1 Evaluation Protocol

Evaluations were conducted in two settings. Rep-
resentative evaluations examine one matched com-
parison per difficulty level (easy, medium, hard)
for both SAQs and SBQs, selecting the task slot
that best represents the typical quality of each
pipeline at that difficulty. Illustrative contrast eval-
uations select task slots specifically chosen to ex-
pose quality differences between pipelines along
two axes: the overall quality gap (max_score_gap,
i.e., the slot where the weighted score difference
between the best and worst pipeline is greatest)
and the Bloom alignment gap (bloom_bla_gap,
i.e., the slot where the difference in Bloom align-
ment scores is greatest). All matched triples are
presented to the evaluator blindly, with pipeline
identities anonymized via random relabeling.

Each item is ranked against all others in its com-
parison set using the following criteria:

• Bloom level alignment: Consistency between
declared and actual cognitive demand.

• Course grounding: Faithfulness to source
material and correct use of concepts.

• Clarity and specificity: Unambiguous ques-
tion wording with a well-defined task.

• Single-task integrity: The question assesses
one coherent objective.

• Objective gradability: The mark scheme con-
tains concrete, checkable marking points.

• Mark scheme quality: Coverage and logical
structure of marking points.

• Answer fidelity: Alignment between the ex-
pected answer and the mark scheme.

• Scenario relevance and necessity (SBQs
only): The scenario meaningfully contributes
to the assessment task rather than providing
merely decorative context.

• Scenario grounding (SBQs only): The sce-
nario is realistic and consistent with course
content.

D.2 Aggregate Results
Table 14 summarizes selection outcomes across all
18 comparisons. The proposed pipeline is ranked
first in 13 of 18 settings (72.2%). Its advantage is
most pronounced on Bloom-sensitive evaluations:
it wins all three illustrative contrast comparisons
targeting Bloom alignment gaps for SAQs, and
two of three for SBQs. The only settings in which
it does not rank first are the easy representative
and easy illustrative contrast evaluations for SBQs,
where Bloom-aware baselines benefit from the sim-
pler generation demands of lower-difficulty items.

D.3 Representative Evaluations
In representative evaluations, one item per pipeline
is drawn from the task slot most representative of
each pipeline’s typical quality at a given difficulty.
Rankings are assigned by the evaluator based on
the full assessment triple.
SAQs. Table 15 reports the full ranking across
the three SAQ difficulty levels. At easy difficulty,
the proposed pipeline ranks first with a precisely
scoped Knowledge-level question that achieves ex-
act Bloom alignment and a concise, fully matched
mark scheme. The key separating factor is whether
the declared cognitive level honestly reflects the
actual task: the two lowest-ranked baselines (ZS,
MZS) label their outputs as Knowledge-level but ef-
fectively require Understanding-level reasoning, a
pattern consistently penalized across all evaluation
settings.

At medium difficulty, the proposed pipeline
again ranks first with a genuine Application-level
item that embeds a target concept in a concrete,
well-bounded problem. The second-ranked base-
line (MZS+B) produces a strong Comparative Anal-
ysis question, but the remaining baselines are weak-
ened by either Bloom misalignment or overly broad
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Figure 3: Matched-task win rates across pipelines, models, and selection settings for SAQs and SBQs. Tasks are
matched by source content, target Bloom level, and generation model. Raw mode uses the first candidate; production
mode selects the highest-scoring candidate.

question stems. At hard difficulty, MZS+B ranks
first with a clean Evaluation question that requires
justified decision-making under real constraints,
while the proposed pipeline places second. The
remaining baselines underdeliver at the Evaluation
level by drifting toward Analysis or Understanding.
Full annotated examples for easy, medium, and
hard difficulty are shown in Figures 21, 22, and 23
respectively.
SBQs. Table 16 reports representative SBQ rank-
ings. At easy difficulty, ZS+B ranks first with a
well-grounded Understanding-level item that bal-
ances scenario relevance with mark scheme preci-
sion. The proposed pipeline ranks third: its item
is structurally sound and Bloom-aligned, but the
scenario is disproportionately large relative to the
narrow scope of the question being asked, weak-
ening the assessment’s use of contextual framing.
MZS places last across all three difficulty levels.

At medium difficulty, the proposed pipeline
ranks first with an internally consistent Analyze-
level question that uses the scenario directly and
necessarily to support a structured comparative
Analysis task. At hard difficulty, the proposed

pipeline again ranks first with a Synthesis-level
item requiring students to develop a principled
guidelines framework from a complex AI ethics
case study. The separating factors across all three
levels are correct Bloom alignment and propor-
tionate, necessary scenario use. Full annotated
examples for easy, medium, and hard difficulty are
shown in Figures 24, 25, and 26 respectively.

D.4 Illustrative Contrast Evaluations

Illustrative contrast evaluations use task slots
specifically selected to expose qualitative differ-
ences between pipelines. Each difficulty level con-
tributes one slot per axis: max_score_gap for over-
all quality spread and bloom_bla_gap for Bloom
alignment spread.
SAQ illustrative contrasts. Tables 17 and 18
report rankings on the max_score_gap and
bloom_bla_gap axes respectively. On the
max_score_gap axis, the proposed pipeline ranks
first in four of six settings. At easy difficulty it tops
the ranking with a precisely defined Knowledge-
level CSP item exhibiting exact Bloom alignment
and a minimal, coherent mark scheme. The single
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Matched-Task Outcome Distribution (Win / Tie / Loss)
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Figure 4: Stacked win/tie/loss distributions per pipeline, averaged across models, on the global matched-task set.
Across SAQs and SBQs in both raw and production settings, the proposed pipeline achieves the most favourable
outcome distribution, with the highest win rates and near-zero loss rates in production.

max_score_gap setting it does not win is medium
difficulty, where ZS+B produces a clean compara-
tive Analysis question judged to be more naturally
framed and better pitched at that cognitive level.
Full annotated examples are shown in Figures 12,
13, and 14.

On the bloom_bla_gap axis, the proposed
pipeline ranks first in all three settings. In every
case, the primary discriminating factor is whether
the declared Bloom level accurately reflects the
actual cognitive demand: lower-ranked items are
penalized either for labeling Understanding-level
questions as Knowledge or for inflating Evaluation
labels onto questions that are more naturally Under-
standing or Application. The proposed pipeline’s
combination of Bloom-specialized generation and
explicit verification is directly responsible for this
consistent advantage. Full annotated examples are
shown in Figures 9, 10, and 11.
SBQ illustrative contrasts. Tables 19
and 20 report SBQ contrast rankings. On
the max_score_gap axis, MZS+B ranks first in
both easy settings while the proposed pipeline
wins medium and hard. This pattern is consistent

with the representative results: on straightforward
easy tasks where scenario grounding requirements
are less demanding, Bloom-aware baselines can
match or exceed the proposed pipeline. At medium
difficulty the proposed pipeline tops the ranking
with the most precisely controlled and objectively
gradable application item, and at hard difficulty
with the strongest evaluative judgment task. Full
annotated examples are shown in Figures 18, 19,
and 20.

On the bloom_bla_gap axis, MZS+B again
ranks first at easy difficulty. At medium and
hard, the proposed pipeline ranks first with items
whose scenarios are essential to the reasoning be-
ing asked and whose declared cognitive level accu-
rately matches the actual task. The recurring fail-
ure pattern in lower-ranked baselines is scenario-
question mismatch: either a large elaborate sce-
nario is provided for a question that barely uses it,
or the question substantially overstates the cogni-
tive complexity relative to the declared Bloom label.
Full annotated examples are shown in Figures 15,
16, and 17.
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Figure 5: Per-model raw (hollow) and production (filled) win rates across pipelines. The vertical gap between
markers shows the effect of production selection, which is modest for SAQs but clearer for SBQs, especially for the
stronger pipelines.

D.5 Key Qualitative Observations

Several consistent patterns emerge across all evalu-
ation settings.
Bloom alignment as primary differentiator. The
single most consequential factor across all quali-
tative evaluations is whether the declared Bloom
level accurately reflects the actual cognitive de-
mand of the question. Items labeled as Knowl-
edge but requiring Understanding-level reasoning,
or labeled as Evaluation while only demanding
Explanation, are consistently ranked below cor-
rectly aligned alternatives regardless of surface-
level quality. This pattern is most salient in the
bloom_bla_gap contrast evaluations, where the
proposed pipeline wins all three SAQ settings and
two of three SBQ settings. Lower-ranked baselines
systematically exhibit one of two failure modes:
cognitive understatement (e.g., labeling Analysis
as Knowledge) or cognitive inflation (e.g., label-
ing Understanding as Evaluation), the latter being
particularly common at hard difficulty.
Mark scheme coherence as separating criterion.
Even when question stems are well formed, dif-
ferences in mark scheme quality reliably separate
pipeline ranks. The strongest items have mark
schemes whose scope exactly matches the ques-
tion stem, with concrete, independently verifiable
marking points. Weaker items either over-extend

— including points not implied by the stem — or
under-specify — bundling multiple related con-
cepts into a single marking point — making con-
sistent grading more difficult. This accounts for
several mid-range rankings at medium and hard
difficulty where the stem is strong but the mark
scheme introduces uncertainty.

Scenario use in SBQs. For scenario-based ques-
tions, a recurring weakness in lower-ranked outputs
is mismatch between scenario size and question
scope. Some pipelines generate elaborate multi-
element scenarios but then pose only a narrow re-
call question, leaving the scenario largely unused.
Others generate questions that could be answered
without the scenario at all, making the contextual
framing decorative rather than functional. The pro-
posed pipeline consistently avoids this failure mode
at medium and hard difficulty, where the scenario
directly motivates the analytical or evaluative task
being posed.

Baseline competitiveness. MZS+B is the most
consistently strong baseline, ranking first or sec-
ond in seven of eighteen settings. It is particularly
competitive at easy difficulty and in settings where
straightforward Bloom-conditioned generation is
sufficient. ZS+B is also competitive, especially
at medium difficulty, where it ranks first in the
SAQ max_score_gap setting with a natural, well-

312



ZS
ZS+B

MZS

MZS+B
Ours

Opponent Pipeline

ZS

ZS+B

MZS

MZS+B

Ours

Pi
pe

lin
e

0.50 0.37 0.46 0.41 0.10

0.58 0.50 0.68 0.27 0.14

0.27 0.27 0.50 0.29 0.10

0.54 0.37 0.64 0.50 0.12

0.90 0.68 0.90 0.66 0.50

(a) SAQs (Raw)

ZS
ZS+B

MZS

MZS+B
Ours

Opponent Pipeline

ZS

ZS+B

MZS

MZS+B

Ours

Pi
pe

lin
e

0.50 0.32 0.44 0.46 0.26

0.61 0.50 0.67 0.51 0.28

0.33 0.28 0.50 0.42 0.21

0.51 0.35 0.54 0.50 0.28

0.68 0.58 0.75 0.60 0.50

(c) SBQs (Raw)

ZS
ZS+B

MZS

MZS+B
Ours

Opponent Pipeline

ZS

ZS+B

MZS

MZS+B

Ours

Pi
pe

lin
e

0.50 0.36 0.37 0.24 0.00

0.61 0.50 0.54 0.14 0.00

0.34 0.36 0.50 0.22 0.00

0.75 0.44 0.68 0.50 0.00

1.00 0.61 0.92 0.47 0.50

(b) SAQs (Production)

ZS
ZS+B

MZS

MZS+B
Ours

Opponent Pipeline

ZS

ZS+B

MZS

MZS+B

Ours

Pi
pe

lin
e

0.50 0.28 0.32 0.26 0.07

0.60 0.50 0.51 0.32 0.11

0.47 0.39 0.50 0.33 0.09

0.63 0.49 0.58 0.50 0.18

0.81 0.68 0.82 0.53 0.50

(d) SBQs (Production)

0.0

0.2

0.4

0.6

0.8

1.0

W
in

 R
at

e

0.0

0.2

0.4

0.6

0.8

1.0

W
in

 R
at

e

0.0

0.2

0.4

0.6

0.8

1.0

W
in

 R
at

e

0.0

0.2

0.4

0.6

0.8

1.0

W
in

 R
at

e

Head-to-Head Win Rate Matrix (cell = row pipeline's win rate vs. column pipeline)

Figure 6: Head-to-head win-rate matrices for SAQs and SBQs in raw and production settings, where each cell
denotes the row pipeline’s win rate against the column pipeline. The diagonal is fixed at 0.50 by definition. Across
all four settings, the proposed pipeline shows the strongest overall head-to-head performance.

targeted comparative Analysis question. MZS is
the weakest overall baseline and never achieves a
first-place finish.
Difficulty modulates the advantage. The pro-
posed pipeline’s advantage over baselines is most
consistent at medium and hard difficulty. At easy
difficulty, the generation task is less demanding
and Bloom-aware baselines can occasionally match
or exceed the proposed pipeline’s output quality,
particularly for SBQs. As difficulty increases and
the requirement for genuine higher-order reasoning
becomes the central assessment objective, the struc-
tured generation and explicit verification stages of
the proposed pipeline provide a more robust and
consistent advantage.
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Figure 7: Win rates stratified by Bloom level for SAQs and SBQs in raw and production settings. On SAQs, the
proposed pipeline generally outperforms the other pipelines across cognitive levels. On SBQs, this advantage is less
uniform, with higher-order levels remaining more difficult to win consistently.
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Document Raw Compressed % Decrease Category

Wk. 1 Introduction Slides 1147 984 14.21 course_adjacent
Wk. 1 Overview Text 2764 205 92.58 administrative
Wk. 2 Quiz Materials 10362 3807 63.26 course_adjacent
Wks. 2–3 Annotated Notes 3893 1777 54.35 course_concept
Wk. 2 Overview Text 2374 1011 57.41 administrative
Wk. 2 Unsupervised Learning Notes 31866 5916 81.43 course_concept
Wk. 2 Machine Learning Slides 13350 4452 66.65 course_concept
Wk. 3 Supervised Learning Notes 26857 6279 76.62 course_concept
Wk. 3 Overview Text 2009 630 68.64 administrative
Wk. 4 AI Ethics Slides 28781 5580 80.61 course_concept
Wk. 4 Ethics Case Study 3734 2461 34.09 course_concept
Wk. 4 Overview Text 1641 446 72.82 course_adjacent
Wk. 5 Overview Text 1693 279 83.52 administrative
Wk. 5 Search Slides 29687 4180 85.92 course_concept
Wk. 7 Adversarial Search Slides 17256 2974 82.77 course_concept
Wk. 7 Overview Text 879 219 75.09 course_concept
Wk. 7 Tutorial 34870 2384 93.16 course_adjacent
Wk. 7 Tutorial Solutions 3054 2675 12.41 course_concept
Wk. 8 Overview Text 1498 402 73.16 administrative
Wk. 8 CSP Slides 23479 4382 81.34 course_concept
Wk. 9 Uncertainty Slides 20163 4761 76.39 course_concept
Wk. 9 Overview Text 1811 458 74.71 administrative
Wk. 10 Lecture Slides 12138 3115 74.34 course_adjacent
Wk. 10 Overview Text 1990 453 77.24 administrative
Wk. 10 Reinforcement Learning Notes 28052 5607 80.01 course_concept
Wk. 11 Overview Text 1849 581 68.58 course_adjacent
Wk. 12 Overview Text 1006 176 82.51 administrative
Module Overview Text 4950 1033 79.13 administrative

Overall Statistics

Total 313153 67227 78.53 all
Course Concept (13) 231051 51263 77.81 used
Non-Concept (15) 82102 15964 80.56 filtered

Table 11: Compression statistics for all course materials used in question generation. Columns report the original
word count, compressed word count, percentage reduction, and assigned content category. Rows in bold correspond
to course_concept items, which are retained for question generation, while administrative and adjacent content are
filtered out. Overall, compression reduces total word count by 78.5% while preserving the majority of instructional
content, enabling more efficient and scalable generation.

SAQ SBQ

Pipeline OG-T OG-S MSQ AF STI Cla. CG BLA OG-T OG-S MSQ AF SRN SG STI Cla. CG BLA

ZS 0.993 0.900 0.450 0.964 0.957 0.979 0.957 0.007 0.912 0.772 0.493 0.949 0.110 0.632 0.816 0.941 0.956 0.169
ZS+B 0.979 0.915 0.366 0.972 0.993 0.986 0.965 0.718 0.984 0.814 0.605 0.961 0.171 0.589 0.884 0.961 0.907 0.643
MZS 0.908 0.839 0.238 0.946 0.916 0.977 0.962 0.073 0.959 0.728 0.500 0.967 0.098 0.553 0.882 0.935 0.931 0.142
MZS+B 0.864 0.921 0.360 0.925 0.982 0.996 0.952 0.667 0.972 0.743 0.607 0.977 0.196 0.645 0.925 0.967 0.935 0.561
Ours 0.988 0.926 0.885 0.990 0.992 0.992 0.987 0.917 0.871 0.751 0.747 0.885 0.137 0.879 0.960 0.887 0.852 0.897

Table 12: Per-criterion pass rates across pipelines for both SAQs and SBQs. SAQ criteria are OG-T = objective
gradability (triple), OG-S = objective gradability (stem), MSQ = mark scheme quality, AF = answer fidelity, STI
= single-task integrity, Cla. = clarity, CG = course grounding, and BLA = Bloom alignment accuracy. SBQs
additionally include SRN = scenario relevance/necessity and SG = scenario grounding.
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Score Margin of Ours over Each Baseline (per evaluation model)
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Figure 8: Mean score margin of the proposed pipeline relative to each baseline, shown separately for SAQs and
SBQs in raw and production settings. Bars denote averages across evaluation models, while markers indicate
per-model margins. The proposed pipeline maintains positive score margins against all baselines in every setting,
with larger gains on SAQs than on SBQs.

Criterion SAQ Weight SBQ Weight

Mark Scheme Quality 0.326 0.160
Bloom Alignment 0.197 0.137
Obj. Gradability (Triple) 0.110 0.090
Answer Fidelity 0.093 0.089
Obj. Gradability (Stem) 0.089 0.084
Single Task Integrity 0.084 0.077
Course Grounding 0.058 0.091
Clarity 0.041 0.078
Scenario Relevance 0.000 0.070
Scenario Grounding 0.000 0.123

Pipeline SAQ Yield SBQ Yield

ZS 140 136
ZS+B 142 129
MZS 261 246
MZS+B 228 214
Ours 1072 750

Table 13: Left: Discrimination-based criterion weights for evaluation. Higher values indicate greater contribution
to differentiating pipeline performance; scenario criteria receive zero weight for SAQs. Right: Number of valid
generated assessment items (yield) per pipeline.
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Illustrative Contrast SAQ Sample — Easy Difficulty (Bloom Alignment Gap Axis)

Course: 4CCSAIAI Introduction to Artificial Intelligence | Source: Week 10 — Reinforcement Learning (Lecture Notes with Solutions) | Model:
GPT-4o-mini | Task type: Short Answer Question (SAQ) | Difficulty target: Easy

Pipeline Question stem Declared
Bloom

True Bloom Marks σw

A (MZS) Explain the significance of the single-state nature of the k-armed
bandit problem compared to a Markov Decision Process (MDP)
and how this difference affects the estimation of action values.

Knowledge Analyze† 6 0.882

B (OURS) Identify the method that selects actions uniformly at random at
time t.

Knowledge Knowledge 1 1.000

C (ZS) Explain the concept of action-value estimation in k-armed bandit
problems and why it is essential for decision-making.

Knowledge Understanding† 5 0.961

D (ZS+B) Describe how action-value estimates Qt(a) are computed in the
k-armed bandit problem and explain why these estimates are nec-
essary.

Knowledge Understanding† 6 0.634

E (MZS+B) Explain the significance of maintaining estimates of average re-
wards Qt(a) in the k-armed bandit problem and describe how
these estimates are updated over time.

Understanding Understanding 9 0.674

†Declared–true Bloom mismatch identified by blind human evaluator.

Mark scheme and expected answer (OURS — rank 1):

Marking point Marks

The Random Method selects actions uniformly at random at time t. 1

Model answer: The Random Method selects actions uniformly at random at time t. /1

Per-criterion scores (best and worst pipeline):

Grounding Clarity Integrity Gradabilitystem Gradabilitytriple Mk. scheme Fidelity BLA

OURS (rank 1):
1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
MZS (rank 5):
1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.4

Selection Justification

Automated selection (Bloom alignment gap axis): task selected from easy difficulty pool to highlight a large Bloom alignment discrepancy across
pipelines. Best σw: 1.000 Bloom gap: 0.6000 Gap percentile rank: 42.9th Runner-up gap: 0.6000 Mean σw: 0.8300

Blind human evaluation ranking: OURS > ZS > MZS+B > ZS+B > MZS. OURS was ranked first because it is the cleanest example of
correct cognitive targeting: the declared and true Bloom levels match, the item is fully objective, and the expected answer is exact. MZS was ranked
last because it has the largest and most consequential Bloom mismatch: it is declared as knowledge but actually asks for analytical comparison
between bandits and MDPs and their implications for value estimation.

Figure 9: Illustrative contrast SAQ sample, easy difficulty tier (Bloom alignment gap axis). Pipeline identities are shown
explicitly: ZS = zero_shot, ZS+B = zero_shot_bloom, MZS = multi_stage_zero_shot, MZS+B = multi_stage_zero_shot_bloom,
and Ours = proposed pipeline. σw denotes the discrimination-weighted composite criterion score (higher is better, max = 1). The
mark scheme and per-criterion breakdown are shown for the rank-1 and rank-5 pipelines only. †Flags items where the declared
Bloom level under-specifies the true cognitive demand, as identified by the blind human evaluator.
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Illustrative Contrast SAQ Sample — Medium Difficulty (Bloom Alignment Gap Axis)

Course: 4CCSAIAI Introduction to Artificial Intelligence | Source: Week 2 — Introduction to Machine Learning (Slides) | Model: Gemini-2.5-
Flash | Task type: Short Answer Question (SAQ) | Difficulty target: Medium

Pipeline Question stem Declared
Bloom

True Bloom Marks σw

A (MZS+B) Describe the core concept of machine learning by synthesizing the
different definitions provided, highlighting common themes or key
aspects.

Understanding Synthesis† 8 0.679

B (OURS) You are building a machine learning model to identify spam emails.
Given a large dataset of emails, show how you would establish
training and test sets to properly evaluate your model’s perfor-
mance on emails it has not seen before.

Application Application 8 1.000

C (ZS) Explain why accuracy alone can be an insufficient metric for
evaluating machine learning models, particularly when dealing
with imbalanced datasets. Provide a concise example.

Application Understanding† 8 0.634

D (MZS) Explain the distinction between classification and regression prob-
lems, providing an example for each to illustrate their different
objectives within supervised learning.

Application Understanding† 9 0.634

E (ZS+B) Describe the concepts of underfitting and overfitting in machine
learning, and explain how selecting the appropriate model com-
plexity helps mitigate these issues.

Understanding Understanding 9 0.674

†Declared–true Bloom mismatch identified by blind human evaluator.

Mark scheme and expected answer (OURS — rank 1):

Marking point Marks

Divide the large dataset of labeled emails into two distinct sets: a training set and a test set. 2
Utilize the training set, which includes both email content and their “spam”/“not spam” labels, to teach the machine learning model to identify
patterns.

1

Keep the test set separate and completely untouched during the entire training process to ensure it represents genuinely unseen data. 2
After the model is trained, use the email content from the test set to make predictions without providing the true labels to the model. 1
Compare the model’s predictions on the test set against the actual (previously hidden) labels to accurately evaluate its generalization
performance on new, unseen emails.

2

Model answer: To establish training and test sets, the large dataset of labeled emails is divided into two distinct sets: a training set and a test set.
The training set, which includes email content and their “spam”/“not spam” labels, is utilized to teach the machine learning model to identify
patterns. The test set is kept separate and completely untouched during the entire training process to ensure it represents genuinely unseen data.
After the model is trained, email content from the test set is used to make predictions without providing the true labels to the model. The
model’s predictions on the test set are then compared against the actual (previously hidden) labels to accurately evaluate its generalization
performance on new, unseen emails.
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Per-criterion scores (best and worst pipeline):

Grounding Clarity Integrity Gradabilitystem Gradabilitytriple Mk. scheme Fidelity BLA

OURS (rank 1):
1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
MZS+B (rank 5):
1.0 1.0 1.0 1.0 1.0 0.5 1.0 0.2

Selection Justification

Automated selection (Bloom alignment gap axis): task selected from medium difficulty pool to maximize a large Bloom alignment discrepancy
across pipelines. Best σw: 1.000 Bloom gap: 0.8000 Gap percentile rank: 97.1th Runner-up gap: 0.4000 Mean σw: 0.7242

Blind human evaluation ranking: OURS > ZS+B > MZS > ZS > MZS+B. OURS was ranked first because it is the clearest example of
genuine application: it uses a realistic scenario, preserves single-task integrity, and aligns perfectly with its declared Bloom level. MZS+B was
ranked last because it has the largest Bloom mismatch in the set: the task explicitly asks students to synthesize multiple definitions of machine
learning, but it is labelled only as understanding.

Figure 10: Illustrative contrast SAQ sample, medium difficulty tier (Bloom alignment gap axis). Pipeline iden-
tities are shown explicitly: ZS = zero_shot, ZS+B = zero_shot_bloom, MZS = multi_stage_zero_shot, MZS+B =
multi_stage_zero_shot_bloom, and Ours = proposed pipeline. σw denotes the discrimination-weighted composite criterion score
(higher is better, max = 1). The mark scheme and per-criterion breakdown are shown for the rank-1 and rank-5 pipelines only.
†Flags items where the declared Bloom level under-specifies or overstates the true cognitive demand, as identified by the blind
human evaluator.
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Illustrative Contrast SAQ Sample — Hard Difficulty (Bloom Alignment Gap Axis)

Course: 4CCSAIAI Introduction to Artificial Intelligence | Source: Week 7 — Heuristic Search & Adversarial Search (Slides) | Model:
GPT-4o-mini | Task type: Short Answer Question (SAQ) | Difficulty target: Hard

Pipeline Question stem Declared
Bloom

True Bloom Marks σw

A (ZS) Explain why state space complexity varies significantly among
games like Tic-Tac-Toe, Chess, and Go, and discuss the implica-
tions of this variation for game search algorithms.

Evaluation Analyze† 9 0.961

B (MZS+B) Evaluate the conditions under which the minimax algorithm is
guaranteed to be optimal and complete, and explain how these
conditions relate to the nature of the opponent’s play.

Evaluation Evaluation 9 1.000

C (MZS) Why is the minimax algorithm considered complete and optimal,
and under what conditions might these properties fail in practical
game playing?

Evaluation Analyze† 9 0.797

D (OURS) Evaluate whether the Minimax algorithm is a practical solution for
games with extremely large state spaces such as Chess or Go, using
the details about state space complexity and Minimax properties
provided in the text.

Evaluation Evaluation 9 1.000

E (ZS+B) Discuss how Alpha-Beta pruning optimizes the Minimax algo-
rithm and explain the roles of alpha and beta in the pruning pro-
cess.

Evaluate Understanding† 10 0.500

†Declared–true Bloom mismatch identified by blind human evaluator.

Mark scheme and expected answer (OURS — rank 1):

Marking point Marks

Minimax explores the entire game tree with time complexity O(bd), which is infeasible for very large state spaces like Chess or Go due to
enormous branching factors and depths.

2

The enormous size of Chess (8.73× 1079 states) and Go (2× 10170 states) makes exhaustive Minimax search practically impossible within
reasonable time or space.

2

While Minimax is complete and optimal for finite trees with optimal opponents, these properties do not offset its impracticality at huge state
scale.

1

Alpha-Beta pruning can reduce the number of states evaluated but still cannot make Minimax fully practical for extremely large games due to
exponential growth of the tree.

2

Therefore, Minimax alone is not a practical solution for Chess or Go without significant heuristic improvements or approximations. 2

Model answer: Minimax explores the entire game tree with time complexity O(bd), which is infeasible for very large state spaces like Chess
or Go due to enormous branching factors and depths. The enormous size of Chess (8.73 × 1079 states) and Go (2 × 10170 states) makes
exhaustive Minimax search practically impossible within reasonable time or space. While Minimax is complete and optimal for finite trees
with optimal opponents, these properties do not offset its impracticality at huge state scale. Alpha-Beta pruning can reduce the number of
states evaluated but still cannot make Minimax fully practical for extremely large games due to exponential growth of the tree. Therefore,
Minimax alone is not a practical solution for Chess or Go without significant heuristic improvements or approximations.
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Per-criterion scores (best and worst pipeline):

Grounding Clarity Integrity Gradabilitystem Gradabilitytriple Mk. scheme Fidelity BLA

OURS (rank 1):
1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ZS+B (rank 5):
1.0 1.0 1.0 1.0 0.5 0.0 1.0 0.4

Selection Justification

Automated selection (Bloom alignment gap axis): task selected from hard difficulty pool to highlight a large Bloom alignment discrepancy across
pipelines. Best σw: 1.000 Bloom gap: 0.6000 Gap percentile rank: 52.9th Runner-up gap: 0.6000 Mean σw: 0.8516

Blind human evaluation ranking: OURS > MZS+B > ZS > MZS > ZS+B. OURS was ranked first because it is the most naturally evaluative
item and aligns perfectly with its declared Bloom level: it asks for a justified practicality judgment under explicit state-space constraints. ZS+B
was ranked last because it is the clearest case of a question labeled as evaluation while actually requiring only understanding of alpha-beta pruning
and the roles of alpha and beta.

Figure 11: Illustrative contrast SAQ sample, hard difficulty tier (Bloom alignment gap axis). Pipeline identities are shown
explicitly: ZS = zero_shot, ZS+B = zero_shot_bloom, MZS = multi_stage_zero_shot, MZS+B = multi_stage_zero_shot_bloom,
and Ours = proposed pipeline. σw denotes the discrimination-weighted composite criterion score (higher is better, max = 1). The
mark scheme and per-criterion breakdown are shown for the rank-1 and rank-5 pipelines only. †Flags items where the declared
Bloom level under-specifies or overstates the true cognitive demand, as identified by the blind human evaluator.
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Illustrative Contrast SAQ Sample — Easy Difficulty (Max Score Gap Axis)

Course: 4CCSAIAI Introduction to Artificial Intelligence | Source: Week 8 — Planning & CSPs (Lecture Slides) | Model: GPT-4.1 | Task
type: Short Answer Question (SAQ) | Difficulty target: Easy

Pipeline Question stem Declared
Bloom

True Bloom Marks σw

A (ZS) Explain the three main components of a Constraint Satisfaction
Problem (CSP) and describe how these are represented in the map
colouring and n-Queens examples.

Knowledge Understanding† 6 0.634

B (ZS+B) Describe the structure of a Constraint Satisfaction Problem (CSP),
using the map colouring example to illustrate your explanation.

Understanding Understanding 6 0.674

C (MZS+B) Explain the three main components that define a Constraint Sat-
isfaction Problem (CSP), and illustrate how each component is
specified in the example of map colouring for Australia.

Understanding Understanding 10 0.674

D (OURS) Define a Constraint Satisfaction Problem (CSP). Knowledge Knowledge 3 1.000

E (MZS) Explain the purpose of heuristics such as the Minimum Remaining
Values (MRV) and Least Constraining Value in the context of CSP
solving.

Knowledge Understanding† 8 0.590

†Declared–true Bloom mismatch identified by blind human evaluator.

Mark scheme and expected answer (OURS — rank 1):

Marking point Marks

A CSP consists of a finite set of variables. 1
Each variable has a domain of possible values. 1
A set of constraints specifies allowable combinations of variable values. 1

Model answer: A CSP consists of a finite set of variables, each variable has a domain of possible values, and a set of constraints specifies
allowable combinations of variable values.

/3

Per-criterion scores (best and worst pipeline):

Grounding Clarity Integrity Gradabilitystem Gradabilitytriple Mk. scheme Fidelity BLA

OURS (rank 1):
1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
MZS (rank 5):
1.0 1.0 1.0 0.5 1.0 0.0 1.0 0.8

Selection Justification

Automated selection (max score gap axis): task selected from easy difficulty pool to maximise the spread between the highest- and lowest-
scoring pipelines on the discrimination-weighted criterion score σw . Best σw: 1.000 Worst σw: 0.5895 Score gap: 0.4105 Gap percentile
rank: 85.7th Runner-up gap: 0.3658 Mean σw: 0.7142

Blind human evaluation ranking: OURS > ZS+B > MZS+B > ZS > MZS. OURS was ranked first because it is the most internally consistent
triple: exact Bloom alignment, highly objective grading, clear wording, and full answer-to-scheme correspondence. MZS was ranked last because it
is Bloom-misaligned and less tightly constrained as an easy item: asking for the purpose of MRV and Least Constraining Value requires explanation
rather than simple recall.

Figure 12: Illustrative contrast SAQ sample, easy difficulty tier (max score gap axis). Pipeline identities are shown
explicitly: ZS = zero_shot, ZS+B = zero_shot_bloom, MZS = multi_stage_zero_shot, MZS+B = multi_stage_zero_shot_bloom,
and Ours = proposed pipeline. σw denotes the discrimination-weighted composite criterion score (higher is better, max = 1). The
mark scheme and per-criterion breakdown are shown for the rank-1 and rank-5 pipelines only. †Flags items where the declared
Bloom level under-specifies the true cognitive demand, as identified by the blind human evaluator.
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Illustrative Contrast SAQ Sample — Medium Difficulty (Max Score Gap Axis)

Course: 4CCSAIAI Introduction to Artificial Intelligence | Source: Week 7 — Heuristic Search & Adversarial Search (Text) | Model: GPT-4.1
| Task type: Short Answer Question (SAQ) | Difficulty target: Medium

Pipeline Question stem Declared
Bloom

True Bloom Marks σw

A (OURS) Apply the concept of heuristics to inform the strategy for an adver-
sarial search in a board game situation.

Application Application 6 0.900

B (ZS+B) Compare ordinary search and adversarial search, highlighting the
key differences between the two approaches.

Analyze Analyze 8 0.833

C (ZS) Explain how relaxations are used to derive heuristics in search,
and describe why heuristics are valuable in guiding the search
process.

Application Understanding† 7 0.425

D (MZS) Explain how relaxations can be used to derive heuristics in the
context of guiding search algorithms.

Application Understanding† 9 0.447

E (MZS+B) Explain how relaxations can be used to derive heuristics for guid-
ing search processes.

Application Understanding† 9 0.467

†Declared–true Bloom mismatch identified by blind human evaluator.

Mark scheme and expected answer (ZS+B — rank 1):

Marking point Marks

Ordinary search involves finding a solution without opposition. 1
Adversarial search considers the presence of an opponent making counter-moves. 2
Key difference lies in the need to anticipate and respond to adversary strategies in adversarial search. 2
Ordinary search focuses solely on optimization or reaching a goal. 1
Adversarial search requires the evaluation of possible outcomes based on both parties’ actions. 2

Model answer: Ordinary search focuses on finding a solution or optimizing a path to reach a goal, without any opposition. In contrast,
adversarial search involves anticipating and responding to an opponent’s actions, requiring strategies that account for counter-moves. The
key difference is that adversarial search must evaluate possible outcomes based on the choices of both parties, while ordinary search simply
optimizes or searches for a goal without considering adversarial interactions.
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Per-criterion scores (best and worst pipeline):

Grounding Clarity Integrity Gradabilitystem Gradabilitytriple Mk. scheme Fidelity BLA

ZS+B (rank 1):
0.5 1.0 1.0 0.5 1.0 1.0 0.0 1.0
ZS (rank 5):
0.5 1.0 0.5 0.5 1.0 0.0 0.0 0.8

Selection Justification

Automated selection (max score gap axis): task selected from medium difficulty pool to maximise the spread between the highest- and lowest-
scoring pipelines on the discrimination-weighted criterion score σw . Best σw: 0.9001 Worst σw: 0.4253 Score gap: 0.4748 Gap percentile
rank: 97.1th Runner-up gap: 0.4572 Mean σw: 0.6145

Blind human evaluation ranking: ZS+B > OURS > MZS+B > MZS > ZS. ZS+B was ranked first because it offers the most natural and
properly targeted medium-level task: a clear comparative analysis question with good course grounding and a coherent mark scheme. ZS was
ranked last because it is both Bloom-misaligned and less focused as a single assessment objective, combining explanation of relaxations with a
broader discussion of why heuristics are useful.

Figure 13: Illustrative contrast SAQ sample, medium difficulty tier (max score gap axis). Pipeline identities are shown
explicitly: ZS = zero_shot, ZS+B = zero_shot_bloom, MZS = multi_stage_zero_shot, MZS+B = multi_stage_zero_shot_bloom,
and Ours = proposed pipeline. σw denotes the discrimination-weighted composite criterion score (higher is better, max = 1). The
mark scheme and per-criterion breakdown are shown for the rank-1 and rank-5 pipelines only. †Flags items where the declared
Bloom level under-specifies the true cognitive demand, as identified by the blind human evaluator.
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Illustrative Contrast SAQ Sample — Hard Difficulty (Max Score Gap Axis)

Course: 4CCSAIAI Introduction to Artificial Intelligence | Source: Week 7 — Heuristic Search & Adversarial Search (Slides) | Model:
GPT-4o-mini | Task type: Short Answer Question (SAQ) | Difficulty target: Hard

Pipeline Question stem Declared
Bloom

True Bloom Marks σw

A (ZS+B) Discuss how Alpha-Beta pruning optimizes the Minimax algo-
rithm and explain the roles of alpha and beta in the pruning pro-
cess.

Evaluation Understanding† 10 0.500

B (OURS) Evaluate whether the Minimax algorithm is a practical solution for
games with extremely large state spaces such as Chess or Go, using
the details about state space complexity and Minimax properties
provided in the text.

Evaluation Evaluation 9 1.000

C (MZS) Why is the minimax algorithm considered complete and optimal,
and under what conditions might these properties fail in practical
game playing?

Evaluation Analyze† 9 0.797

D (MZS+B) Evaluate the conditions under which the minimax algorithm is
guaranteed to be optimal and complete, and explain how these
conditions relate to the nature of the opponent’s play.

Evaluation Evaluation 9 1.000

E (ZS) Explain why state space complexity varies significantly among
games like Tic-Tac-Toe, Chess, and Go, and discuss the implica-
tions of this variation for game search algorithms.

Evaluation Analyze† 9 0.961

†Declared–true Bloom mismatch identified by blind human evaluator.

Mark scheme and expected answer (OURS — rank 1):

Marking point Marks

Minimax explores the entire game tree with time complexity O(bd), which is infeasible for very large state spaces like Chess or Go due to
enormous branching factors and depths.

2

The enormous size of Chess (8.73× 1079 states) and Go (2× 10170 states) makes exhaustive Minimax search practically impossible within
reasonable time or space.

2

While Minimax is complete and optimal for finite trees with optimal opponents, these properties do not offset its impracticality at huge state
scale.

1

Alpha-Beta pruning can reduce the number of states evaluated but still cannot make Minimax fully practical for extremely large games due to
exponential growth of the tree.

2

Therefore, Minimax alone is not a practical solution for Chess or Go without significant heuristic improvements or approximations. 2

Model answer: Minimax explores the entire game tree with time complexity O(bd), which is infeasible for very large state spaces like Chess
or Go due to enormous branching factors and depths. The enormous size of Chess (8.73 × 1079 states) and Go (2 × 10170 states) makes
exhaustive Minimax search practically impossible within reasonable time or space. While Minimax is complete and optimal for finite trees
with optimal opponents, these properties do not offset its impracticality at huge state scale. Alpha-Beta pruning can reduce the number of
states evaluated but still cannot make Minimax fully practical for extremely large games due to exponential growth of the tree. Therefore,
Minimax alone is not a practical solution for Chess or Go without significant heuristic improvements or approximations.
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Per-criterion scores (best and worst pipeline):

Grounding Clarity Integrity Gradabilitystem Gradabilitytriple Mk. scheme Fidelity BLA

OURS (rank 1):
1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ZS+B (rank 5):
1.0 1.0 1.0 1.0 0.5 0.0 1.0 0.4

Selection Justification

Automated selection (max score gap axis): task selected from hard difficulty pool to maximise the spread between the highest- and lowest-
scoring pipelines on the discrimination-weighted criterion score σw . Best σw: 1.000 Worst σw: 0.5000 Score gap: 0.5000 Gap percentile
rank: 94.1th Runner-up gap: 0.4448 Mean σw: 0.8516

Blind human evaluation ranking: OURS > MZS+B > ZS > MZS > ZS+B. OURS was ranked first because it is the strongest example of
a true hard-level evaluative question: it requires a clear judgment on practicality, is strongly grounded in course content, and has an excellent
mark-scheme structure. ZS+B was ranked last because it is fundamentally an explanatory understanding task mislabeled as evaluation: the mark
scheme rewards description of alpha-beta pruning rather than genuine critique or judgment.

Figure 14: Illustrative contrast SAQ sample, hard difficulty tier (max score gap axis). Pipeline identities are shown
explicitly: ZS = zero_shot, ZS+B = zero_shot_bloom, MZS = multi_stage_zero_shot, MZS+B = multi_stage_zero_shot_bloom,
and Ours = proposed pipeline. σw denotes the discrimination-weighted composite criterion score (higher is better, max = 1). The
mark scheme and per-criterion breakdown are shown for the rank-1 and rank-5 pipelines only. †Flags items where the declared
Bloom level under-specifies or overstates the true cognitive demand, as identified by the blind human evaluator.
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Illustrative Contrast SBQ Sample — Easy Difficulty (Bloom Alignment Gap Axis)

Course: 4CCSAIAI Introduction to Artificial Intelligence | Source: Week 2–3 — Introduction to Machine Learning & Unsupervised Learning
(Annotated Notes) | Model: GPT-4.1 | Task type: Scenario-Based Question (SBQ) | Difficulty target: Easy

Pipeline Question stem Declared
Bloom

True Bloom Marks σw

A (MZS) If the algorithm always predicts “no disease,” calculate its accuracy,
and discuss whether this is a good way to judge the algorithm’s
performance in this scenario.

Knowledge Analyze† 5 0.685

B (ZS+B) Define the metrics MAE, MSE, and RMSE in the context of re-
gression, and explain how each metric measures prediction errors.

Understanding Understanding 5 0.965

C (ZS) Which terms describe these two parts of the dataset, and why is it
important to keep the evaluation set labels hidden during training?

Knowledge Analyze† 4 0.685

D (OURS) Identify the two data splits used for model development in the
scenario.

Knowledge Knowledge 2 0.965

E (MZS+B) Describe the roles of the training set and the test set in supervised
learning.

Knowledge Knowledge 3 0.965

†Declared–true Bloom mismatch identified by blind human evaluator.

Mark scheme and expected answer (MZS+B — rank 1):

Marking point Marks

The training set is used to fit or train the model by providing both input data and their corresponding labels. 1
The test set is used to evaluate the trained model’s performance by using input data with hidden labels during prediction. 1
The test set helps assess how well the model generalizes to unseen data. 1

Model answer: In supervised learning, the training set serves to train the model by providing input data along with their corresponding
labels, allowing the model to learn the relationship between features and outcomes. After training, the test set is used to evaluate the model’s
performance by making predictions on input data for which the labels are hidden; this process assesses how well the model generalizes to new,
unseen data.
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Per-criterion scores (best and worst pipeline):

Grounding Clarity Integrity Gradabilitystem Gradabilitytriple Mk.
scheme

Fidelity SRN SG BLA

MZS+B (rank 1):
1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.5 1.0 1.0
MZS (rank 5):
1.0 1.0 0.5 1.0 1.0 0.0 1.0 0.5 1.0 0.4

Selection Justification

Automated selection (Bloom alignment gap axis): task selected from easy difficulty pool (n=11 candidates) to highlight a large gap in Bloom
alignment quality under otherwise matched generation conditions. Best σw: 0.9648 Bloom gap: 0.6000 Gap percentile rank: 72.7th Runner-up
gap: 0.6000 Mean σw: 0.8527

Blind human evaluation ranking: MZS+B > ZS+B > OURS > ZS > MZS. MZS+B was ranked first because it most cleanly matches its
declared knowledge-level target while remaining clear, grounded, and objective; it asks for the roles of the training and test sets and uses the
scenario proportionately. MZS was ranked last because it has the clearest Bloom mismatch in the set: it is labelled as knowledge, but calculating
accuracy and judging its appropriateness in an imbalanced setting requires analysis.

Figure 15: Illustrative contrast SBQ sample, easy difficulty tier (Bloom alignment gap axis). Pipeline identities are shown
explicitly: ZS = zero_shot, ZS+B = zero_shot_bloom, MZS = multi_stage_zero_shot, MZS+B = multi_stage_zero_shot_bloom,
and Ours = proposed pipeline. σw denotes the discrimination-weighted composite criterion score (higher is better, max = 1). The
mark scheme and per-criterion breakdown are shown for the rank-1 and rank-5 pipelines only. †Flags items where the declared
Bloom level under-specifies the true cognitive demand, as identified by the blind human evaluator.
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Illustrative Contrast SBQ Sample — Medium Difficulty (Bloom Alignment Gap Axis)

Course: 4CCSAIAI Introduction to Artificial Intelligence | Source: Week 2 — Introduction to Machine Learning (Slides) | Model: GPT-4.1 |
Task type: Scenario-Based Question (SBQ) | Difficulty target: Medium

Pipeline Question stem Declared
Bloom

True Bloom Marks σw

A (ZS) Explain what underfitting and overfitting mean in the context
of this scenario, and identify which degrees correspond to each
phenomenon.

Application Understanding† 6 0.778

B (MZS) Explain why the algorithm’s high accuracy does not necessarily
indicate it is a reliable or effective diagnostic tool in this context.

Application Understanding† 7 0.716

C (MZS+B) Explain why the algorithm’s high accuracy does not necessarily
indicate good performance in this context, and suggest a more
appropriate evaluation metric.

Understanding Evaluation† 6 0.779

D (OURS) Compare the training and validation MSE values for polynomial
degrees 1, 4, and 29, and analyze the pattern that emerges as the
model complexity increases.

Analyze Analyze 6 0.965

E (ZS+B) Using the concepts of underfitting and overfitting, explain why the
models of degree 1 and 29 perform poorly on validation data, and
why the degree 4 model is preferable.

Application Understanding† 6 0.778

†Declared–true Bloom mismatch identified by blind human evaluator.

Mark scheme and expected answer (OURS — rank 1):

Marking point Marks

For degree 1, training MSE is 0.189 and validation MSE is 0.379, indicating moderate fit. 1
For degree 4, training MSE drops to 0.00691 and validation MSE to 0.0120, showing improved fit and generalization. 2
For degree 29, training MSE is extremely low at 0.00322, but validation MSE spikes to 1.76 × 1015, signaling severe overfitting. 2
As model complexity increases, training error decreases steadily but validation error decreases then dramatically increases, revealing the
overfitting pattern.

1

Model answer: For degree 1, training MSE is 0.189 and validation MSE is 0.379, indicating moderate fit. For degree 4, training MSE drops to
0.00691 and validation MSE to 0.0120, showing improved fit and generalization. For degree 29, training MSE is extremely low at 0.00322, but
validation MSE spikes to 1.76 × 1015, signaling severe overfitting. As model complexity increases, training error decreases steadily but
validation error decreases then dramatically increases, revealing the overfitting pattern.
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Per-criterion scores (best and worst pipeline):

Grounding Clarity Integrity Gradabilitystem Gradabilitytriple Mk.
scheme

Fidelity SRN SG BLA

OURS (rank 1):
1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.5 1.0 1.0
MZS+B (rank 5):
1.0 1.0 1.0 0.5 1.0 1.0 1.0 0.5 0.5 0.4

Selection Justification

Automated selection (Bloom alignment gap axis): task selected from medium difficulty pool to maximize a large Bloom alignment discrepancy
across pipelines. Best σw: 0.9648 Bloom gap: 0.6000 Gap percentile rank: 96.7th Runner-up gap: 0.4000 Mean σw: 0.8032

Blind human evaluation ranking: OURS > ZS+B > ZS > MZS > MZS+B. OURS was ranked first because it most cleanly matches its
declared analyze-level target and uses the scenario values directly to support genuine comparison and trend interpretation. MZS+B was ranked last
because it is declared as understanding but actually asks for a more evaluative judgment by requiring students to suggest a better metric for the
scenario.

Figure 16: Illustrative contrast SBQ sample, medium difficulty tier (Bloom alignment gap axis). Pipeline iden-
tities are shown explicitly: ZS = zero_shot, ZS+B = zero_shot_bloom, MZS = multi_stage_zero_shot, MZS+B =
multi_stage_zero_shot_bloom, and Ours = proposed pipeline. σw denotes the discrimination-weighted composite criterion score
(higher is better, max = 1). The mark scheme and per-criterion breakdown are shown for the rank-1 and rank-5 pipelines only.
†Flags items where the declared Bloom level under-specifies or overstates the true cognitive demand, as identified by the blind
human evaluator.
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Illustrative Contrast SBQ Sample — Hard Difficulty (Bloom Alignment Gap Axis)

Course: 4CCSAIAI Introduction to Artificial Intelligence | Source: Week 9 — MDPs / Uncertainty (Slides) | Model: GPT-4.1 | Task type:
Scenario-Based Question (SBQ) | Difficulty target: Hard

Pipeline Question stem Declared
Bloom

True Bloom Marks σw

A (ZS+B) Design a suitable reward function for the robot’s navigation MDP.
Briefly justify your choices for how rewards should be assigned to
regular, goal, and hazardous states.

Synthesis Synthesis 5 0.702

B (OURS) Assess the effectiveness of modeling the warehouse inventory
management system as a Markov Decision Process, given the
described state space, actions, and transition uncertainties.

Evaluation Evaluation 8 0.965

C (MZS+B) Discuss how the reward function influences the policy derived
from value iteration in such an uncertain inventory system. What
might be the consequences of missing or poorly designed reward
components?

Evaluation Analyze† 8 0.938

D (MZS) Explain the process for updating the utility value of state (2, 1)
using the Bellman equation and discuss what the value 0.655
represents in this context.

Evaluation Understanding† 8 0.723

E (ZS) Apply the Bellman equation to compute the updated utility
U((2, 1)) for moving left, showing your calculation, and de-
termine which action yields the maximum expected utility.

Evaluation Application† 6 0.910

†Declared–true Bloom mismatch identified by blind human evaluator.

Mark scheme and expected answer (OURS — rank 1):

Marking point Marks

MDP formalism allows systematic modeling of sequential decisions, capturing inventory dynamics through defined states and actions. 1
Probabilistic state transitions in the MDP match real-world uncertainties such as customer demand variability and delivery timing. 2
The MDP reward structure effectively incorporates holding costs, ordering costs, and expected profits, supporting quantitative evaluation of
policies.

1

The large state space may increase computational complexity, potentially limiting tractability for optimal policy computation. 2
MDP modeling is suitable for inventory management when transition probabilities and rewards are well-defined, but performance hinges on
accurate probability estimation and scalable solution methods.

2

Model answer: MDP formalism allows systematic modeling of sequential decisions, capturing inventory dynamics through defined states and
actions. Probabilistic state transitions in the MDP match real-world uncertainties such as customer demand variability and delivery timing.
The MDP reward structure effectively incorporates holding costs, ordering costs, and expected profits, supporting quantitative evaluation of
policies. The large state space may increase computational complexity, potentially limiting tractability for optimal policy computation. MDP
modeling is suitable for inventory management when transition probabilities and rewards are well-defined, but performance hinges on accurate
probability estimation and scalable solution methods.
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Per-criterion scores (best and worst pipeline):

Grounding Clarity Integrity Gradabilitystem Gradabilitytriple Mk.
scheme

Fidelity SRN SG BLA

OURS (rank 1):
1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.5 1.0 1.0
MZS (rank 5):
1.0 1.0 1.0 1.0 1.0 0.0 1.0 0.5 1.0 0.4

Selection Justification

Automated selection (Bloom alignment gap axis): task selected from hard difficulty pool to highlight a large gap in Bloom alignment
quality under otherwise matched generation conditions. Best σw: 0.9648 Bloom gap: 0.6000 Gap percentile rank: 81.2th Runner-up
gap: 0.6000 Mean σw: 0.8474

Blind human evaluation ranking: OURS > ZS+B > MZS+B > ZS > MZS. OURS was ranked first because it is the clearest example of exact
Bloom targeting in the set: the task is genuinely evaluative, the scenario is necessary, and the mark scheme supports a justified conclusion on
whether the MDP formulation is suitable. MZS was ranked last because it has the largest and clearest Bloom mismatch: explaining a Bellman
update and interpreting a value is an understanding task, not an evaluation task.

Figure 17: Illustrative contrast SBQ sample, hard difficulty tier (Bloom alignment gap axis). Pipeline identities are shown
explicitly: ZS = zero_shot, ZS+B = zero_shot_bloom, MZS = multi_stage_zero_shot, MZS+B = multi_stage_zero_shot_bloom,
and Ours = proposed pipeline. σw denotes the discrimination-weighted composite criterion score (higher is better, max = 1). The
mark scheme and per-criterion breakdown are shown for the rank-1 and rank-5 pipelines only. †Flags items where the declared
Bloom level under-specifies or overstates the true cognitive demand, as identified by the blind human evaluator.
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Illustrative Contrast SBQ Sample — Easy Difficulty (Max Score Gap Axis)

Course: 4CCSAIAI Introduction to Artificial Intelligence | Source: Week 2–3 — Introduction to Machine Learning & Unsupervised Learning
(Annotated Notes) | Model: GPT-4.1 | Task type: Scenario-Based Question (SBQ) | Difficulty target: Easy

Pipeline Question stem Declared
Bloom

True Bloom Marks σw

A (MZS) If the algorithm always predicts “no disease,” calculate its accuracy,
and discuss whether this is a good way to judge the algorithm’s
performance in this scenario.

Knowledge Analyze† 5 0.685

B (ZS) Which terms describe these two parts of the dataset, and why is it
important to keep the evaluation set labels hidden during training?

Knowledge Analyze† 4 0.685

C (MZS+B) Describe the roles of the training set and the test set in supervised
learning.

Knowledge Knowledge 3 0.965

D (ZS+B) Define the metrics MAE, MSE, and RMSE in the context of re-
gression, and explain how each metric measures prediction errors.

Understanding Understanding 5 0.965

E (OURS) Identify the two data splits used for model development in the
scenario.

Knowledge Knowledge 2 0.965

†Declared–true Bloom mismatch identified by blind human evaluator.

Mark scheme and expected answer (MZS+B — rank 1):

Marking point Marks

The training set is used to fit or train the model by providing both input data and their corresponding labels. 1
The test set is used to evaluate the trained model’s performance by using input data with hidden labels during prediction. 1
The test set helps assess how well the model generalizes to unseen data. 1

Model answer: In supervised learning, the training set serves to train the model by providing input data along with their corresponding
labels, allowing the model to learn the relationship between features and outcomes. After training, the test set is used to evaluate the model’s
performance by making predictions on input data for which the labels are hidden; this process assesses how well the model generalizes to new,
unseen data.

/3

Per-criterion scores (best and worst pipeline):

Grounding Clarity Integrity Gradabilitystem Gradabilitytriple Mk.
scheme

Fidelity SRN SG BLA

MZS+B (rank 1):
1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.5 1.0 1.0
MZS (rank 5):
1.0 1.0 0.5 1.0 1.0 0.0 1.0 0.5 1.0 0.4

Selection Justification

Automated selection (max score gap axis): task selected from easy difficulty pool (n=11 candidates) to maximise the spread between the highest-
and lowest-scoring pipelines on the discrimination-weighted criterion score σw . Best σw: 0.9648 Worst σw: 0.6845 Score gap: 0.2803 Gap
percentile rank: 90.9th Runner-up gap: 0.2416 Mean σw: 0.8527

Blind human evaluation ranking: MZS+B > ZS+B > OURS > ZS > MZS. MZS+B was ranked first because it is the cleanest and most
internally consistent SBQ in the set: the question is a straightforward knowledge-level task, the declared and true Bloom levels match exactly, and
the mark scheme is concise, objective, and fully aligned with the expected answer. MZS was ranked last because it combines numerical calculation
with critique of metric suitability in an imbalanced classification setting, making it analytically demanding despite being labelled as knowledge.

Figure 18: Illustrative contrast SBQ sample, easy difficulty tier (max score gap axis). Pipeline identities are shown
explicitly: ZS = zero_shot, ZS+B = zero_shot_bloom, MZS = multi_stage_zero_shot, MZS+B = multi_stage_zero_shot_bloom,
and Ours = proposed pipeline. σw denotes the discrimination-weighted composite criterion score (higher is better, max = 1). The
mark scheme and per-criterion breakdown are shown for the rank-1 and rank-5 pipelines only. †Flags items where the declared
Bloom level under-specifies the true cognitive demand, as identified by the blind human evaluator.
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Illustrative Contrast SBQ Sample — Medium Difficulty (Max Score Gap Axis)

Course: 4CCSAIAI Introduction to Artificial Intelligence | Source: Week 8 — Planning & CSPs (Lecture Slides) | Model: Gemini-2.5-Flash |
Task type: Scenario-Based Question (SBQ) | Difficulty target: Medium

Pipeline Question stem Declared
Bloom

True Bloom Marks σw

A (MZS+B) Describe how Forward Checking would update the domains of
variables B and C immediately after A is assigned “Red”.

Analyze Understanding† 6 0.647

B (ZS+B) Given that DevA is assigned to Task1, and knowing the “all dif-
ferent” constraint applies to both developers and tasks, apply the
Minimum Remaining Values (MRV) heuristic to determine which
unassigned developer should be selected next. Show the updated
legal domains and explain your choice.

Application Application 6 0.903

C (MZS) Using the Most Constrained Variable (MRV) heuristic, which
variable should the agent select next for assignment, and why?

Application Application 4 0.903

D (OURS) Compute the total number of initial, unconstrained colour assign-
ments possible for all 7 regions of the map using the given colour
domain.

Application Application 7 0.965

E (ZS) Explain two specific heuristics, one for variable selection and
one for value ordering, that the company could implement to
significantly improve the efficiency of their backtracking search.

Application Application 4 0.965

†Declared–true Bloom mismatch identified by blind human evaluator.

Mark scheme and expected answer (OURS — rank 1):

Marking point Marks

Identifies the total number of regions (variables) on the map as 7. 1
Identifies the size of the colour domain (values) as 3 (red, green, blue). 1
Applies the combinatorial principle for independent assignments, using the number of colours as the base and the number of regions as the
exponent (37).

2

Calculates the result of 37 correctly. 2
States the final computed total number of initial unconstrained assignments as 2187. 1

Model answer: With 7 regions on the map and a colour domain size of 3 (red, green, blue), the total number of initial unconstrained assignments
is calculated as 37, which equals 2187.
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Per-criterion scores (best and worst pipeline):

Grounding Clarity Integrity Gradabilitystem Gradabilitytriple Mk.
scheme

Fidelity SRN SG BLA

OURS (rank 1):
1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.5 1.0 1.0
MZS+B (rank 5):
1.0 1.0 1.0 0.5 1.0 0.0 1.0 0.5 0.5 0.6

Selection Justification

Automated selection (max score gap axis): task selected from medium difficulty pool to maximise the spread between the highest- and lowest-
scoring pipelines on the discrimination-weighted criterion score σw . Best σw: 0.9648 Worst σw: 0.6469 Score gap: 0.3179 Gap percentile
rank: 96.7th Runner-up gap: 0.2484 Mean σw: 0.8767

Blind human evaluation ranking: OURS > ZS > ZS+B > MZS > MZS+B. OURS was ranked first because it is the most internally consistent
and objectively gradable SBQ in the set: the task is a sharply defined application of combinatorial reasoning, the declared and true Bloom levels
match, and the answer maps directly to a logically sequenced mark scheme. MZS+B was ranked last because it overstates the cognitive level:
describing Forward Checking domain updates after a fixed assignment is procedural understanding rather than genuine analysis.

Figure 19: Illustrative contrast SBQ sample, medium difficulty tier (max score gap axis). Pipeline identities are shown
explicitly: ZS = zero_shot, ZS+B = zero_shot_bloom, MZS = multi_stage_zero_shot, MZS+B = multi_stage_zero_shot_bloom,
and Ours = proposed pipeline. σw denotes the discrimination-weighted composite criterion score (higher is better, max = 1). The
mark scheme and per-criterion breakdown are shown for the rank-1 and rank-5 pipelines only. †Flags items where the declared
Bloom level under-specifies the true cognitive demand, as identified by the blind human evaluator.
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Illustrative Contrast SBQ Sample — Hard Difficulty (Max Score Gap Axis)

Course: 4CCSAIAI Introduction to Artificial Intelligence | Source: Week 9 — MDPs / Uncertainty (Slides) | Model: GPT-4.1 | Task type:
Scenario-Based Question (SBQ) | Difficulty target: Hard

Pipeline Question stem Declared
Bloom

True Bloom Marks σw

A (ZS+B) Design a suitable reward function for the robot’s navigation MDP.
Briefly justify your choices for how rewards should be assigned to
regular, goal, and hazardous states.

Synthesis Synthesis 5 0.702

B (ZS) Apply the Bellman equation to compute the updated utility
U((2, 1)) for moving left, showing your calculation, and de-
termine which action yields the maximum expected utility.

Evaluation Application† 6 0.910

C (OURS) Assess the effectiveness of modeling the warehouse inventory
management system as a Markov Decision Process, given the
described state space, actions, and transition uncertainties.

Evaluation Evaluation 8 0.965

D (MZS) Explain the process for updating the utility value of state (2, 1)
using the Bellman equation and discuss what the value 0.655
represents in this context.

Evaluation Understanding† 8 0.723

E (MZS+B) Discuss how the reward function influences the policy derived
from value iteration in such an uncertain inventory system. What
might be the consequences of missing or poorly designed reward
components?

Evaluation Analyze† 8 0.938

†Declared–true Bloom mismatch identified by blind human evaluator.

Mark scheme and expected answer (OURS — rank 1):

Marking point Marks

MDP formalism allows systematic modeling of sequential decisions, capturing inventory dynamics through defined states and actions. 1
Probabilistic state transitions in the MDP match real-world uncertainties such as customer demand variability and delivery timing. 2
The MDP reward structure effectively incorporates holding costs, ordering costs, and expected profits, supporting quantitative evaluation of
policies.

1

The large state space may increase computational complexity, potentially limiting tractability for optimal policy computation. 2
MDP modeling is suitable for inventory management when transition probabilities and rewards are well-defined, but performance hinges on
accurate probability estimation and scalable solution methods.

2

Model answer: MDP formalism allows systematic modeling of sequential decisions, capturing inventory dynamics through defined states and
actions. Probabilistic state transitions in the MDP match real-world uncertainties such as customer demand variability and delivery timing.
The MDP reward structure effectively incorporates holding costs, ordering costs, and expected profits, supporting quantitative evaluation of
policies. The large state space may increase computational complexity, potentially limiting tractability for optimal policy computation. MDP
modeling is suitable for inventory management when transition probabilities and rewards are well-defined, but performance hinges on accurate
probability estimation and scalable solution methods.
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Per-criterion scores (best and worst pipeline):

Grounding Clarity Integrity Gradabilitystem Gradabilitytriple Mk.
scheme

Fidelity SRN SG BLA

OURS (rank 1):
1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.5 1.0 1.0
MZS (rank 5):
1.0 1.0 1.0 1.0 1.0 0.0 1.0 0.5 1.0 0.4

Selection Justification

Automated selection (max score gap axis): task selected from hard difficulty pool to maximise the spread between the highest- and lowest-
scoring pipelines on the discrimination-weighted criterion score σw . Best σw: 0.9648 Worst σw: 0.7015 Score gap: 0.2633 Gap percentile
rank: 93.8th Runner-up gap: 0.2565 Mean σw: 0.8474

Blind human evaluation ranking: OURS > MZS+B > ZS > ZS+B > MZS. OURS was ranked first because it is the clearest example of a
genuine evaluation-level SBQ in the set: the scenario is essential, the question requires a justified judgment about MDP suitability, and the mark
scheme balances strengths and limitations of the formulation. MZS was ranked last because it substantially inflates Bloom level: explaining a
Bellman update and interpreting the resulting value is a conceptual understanding task, not an evaluation task.

Figure 20: Illustrative contrast SBQ sample, hard difficulty tier (max score gap axis). Pipeline identities are shown
explicitly: ZS = zero_shot, ZS+B = zero_shot_bloom, MZS = multi_stage_zero_shot, MZS+B = multi_stage_zero_shot_bloom,
and Ours = proposed pipeline. σw denotes the discrimination-weighted composite criterion score (higher is better, max = 1). The
mark scheme and per-criterion breakdown are shown for the rank-1 and rank-5 pipelines only. †Flags items where the declared
Bloom level under-specifies or overstates the true cognitive demand, as identified by the blind human evaluator.
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Representative SAQ Sample — Easy Difficulty

Course: 4CCSAIAI Introduction to Artificial Intelligence | Source: Week 7 — Heuristic Search & Adversarial Search (Slides) | Model: GPT-4.1
| Task type: Short Answer Question (SAQ) | Difficulty target: Easy

Pipeline Question stem Declared
Bloom

True Bloom Marks σw

A (MZS+B) Explain the role and structure of game trees in modeling two-player
adversarial games, including the significance of MAX, MIN, and
terminal nodes.

Understanding Understanding 9 0.674

B (ZS+B) Explain the structure and purpose of a game tree in the context
of two-player adversarial games, naming each type of node and
describing their relationships.

Understanding Understanding 7 0.674

C (OURS) Define what a game tree is in the context of two-player games. Knowledge Knowledge 3 1.000

D (ZS) Explain the structure of a game tree in two-player adversarial
games, describing the roles of MAX, MIN, and terminal nodes.

Knowledge Understanding† 5 0.961

E (MZS) Explain the roles of MAX and MIN players in a two-player adver-
sarial game and how game trees are used to represent the sequence
of possible moves.

Knowledge Understanding† 7 0.634

†Declared–true Bloom mismatch identified by blind human evaluator.

Mark scheme and expected answer (OURS — rank 1):

Marking point Marks

A game tree is a tree structure where nodes represent game states and edges represent moves. 1
It models two-player games with alternating MAX and MIN player turns. 1
Terminal nodes represent final outcomes of the game and have no children. 1

Model answer: A game tree is a tree structure where nodes represent game states and edges represent moves, it models two-player games with
alternating MAX and MIN player turns, and terminal nodes represent final outcomes of the game and have no children.

/3

Per-criterion scores (best and worst pipeline):

Grounding Clarity Integrity Gradabilitystem Gradabilitytriple Mk. scheme Fidelity BLA

OURS (rank 1):
1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
MZS (rank 5):
1.0 1.0 1.0 1.0 1.0 0.0 1.0 0.8

Selection Justification

Representative matched-task selection: task selected from the easy difficulty pool (n=7 candidates; selected percentile = 42.9) as a
representative matched-task sample rather than an extreme contrast case. Mean σw: 0.7884

Blind human evaluation ranking: OURS > ZS+B > MZS+B > ZS > MZS. OURS was ranked first because it is the most precise, controlled,
and internally consistent assessment triple: the question is tightly scoped, the declared and true Bloom levels match exactly, and the mark scheme
and expected answer align perfectly around a single knowledge-level objective. MZS was ranked last because, although grounded and answerable,
it is less tightly structured and Bloom-misaligned: it asks for conceptual explanation of MAX/MIN roles and game-tree representation while being
labelled only as knowledge.

Figure 21: Representative SAQ sample, easy difficulty tier. Pipeline identities are shown explicitly: ZS = zero_shot, ZS+B =
zero_shot_bloom, MZS = multi_stage_zero_shot, MZS+B = multi_stage_zero_shot_bloom, and Ours = proposed pipeline. σw

denotes the discrimination-weighted composite criterion score (higher is better, max = 1). The mark scheme and per-criterion
breakdown are shown for the rank-1 and rank-5 pipelines only. †Flags items where the declared Bloom level under-specifies the
true cognitive demand, as identified by the blind human evaluator.
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Representative SAQ Sample — Medium Difficulty

Course: 4CCSAIAI Introduction to Artificial Intelligence | Source: Week 7 — Heuristic Search & Adversarial Search (Answers) | Model:
GPT-4.1 | Task type: Short Answer Question (SAQ) | Difficulty target: Medium

Pipeline Question stem Declared
Bloom

True Bloom Marks σw

A (OURS) Apply the concept of admissible heuristics to select an appropriate
heuristic for an A* search in a new maze, ensuring the optimal
path is found.

Application Application 5 1.000

B (MZS+B) Compare the effects of scaling an admissible heuristic by a factor
greater than 1 on Greedy Best-First Search versus A* search. Why
do these effects differ?

Analyze Analyze 10 0.782

C (ZS) Describe what is meant by an admissible heuristic and discuss
how admissibility and informativeness affect the performance and
guarantees of A* search.

Application Analyze† 8 0.797

D (MZS) Explain the differences in the paths chosen by Greedy Best-First
Search and A* Search in the given example, including the reasons
behind their respective path costs.

Application Analyze† 9 0.797

E (ZS+B) Explain the difference between Greedy Best-First Search (GBFS)
and A* Search in terms of the paths and path costs they find in the
given example.

Understanding Understanding 8 0.674

†Declared–true Bloom mismatch identified by blind human evaluator.

Mark scheme and expected answer (OURS — rank 1):

Marking point Marks

Choose a heuristic that never over-estimates the true cost from any node to the goal, satisfying admissibility. 1
Verify the selected heuristic is admissible so A* will guarantee finding the optimal path through the maze. 2
Avoid using scaled heuristics (such as multiplying by a constant greater than 1) since this may cause over-estimation and inadmissibility. 1
Consider using a commonly admissible heuristic like Manhattan distance for maze environments, as it estimates the minimum number of steps
to the goal without overestimating.

1

Model answer: Select a heuristic that never over-estimates the true cost from any node to the goal to ensure admissibility, verify this property
to guarantee that A* finds the optimal path, do not use scaled heuristics with constants greater than 1 as they may over-estimate, and use an
admissible heuristic like Manhattan distance for a maze since it does not overestimate the number of steps to the goal.
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Per-criterion scores (best and worst pipeline):

Grounding Clarity Integrity Gradabilitystem Gradabilitytriple Mk. scheme Fidelity BLA

OURS (rank 1):
1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ZS (rank 5):
1.0 1.0 1.0 1.0 1.0 0.5 1.0 0.8

Selection Justification

Representative matched-task selection: task selected from the medium difficulty pool (n=35 candidates; selected percentile = 48.6) as a
representative matched-task sample rather than an extreme contrast case. Mean σw: 0.8100

Blind human evaluation ranking: OURS > MZS+B > ZS+B > MZS > ZS. OURS was ranked first because it is the most complete and
internally consistent assessment triple: it poses a genuine application-level task, operationalizes admissibility concretely, and supports highly
objective grading through a tightly matched mark scheme and answer. ZS was ranked last because it is Bloom-misaligned and too abstract for its
declared task type: it frames a broad conceptual discussion of admissibility and informativeness rather than a concrete application to a specific case.

Figure 22: Representative SAQ sample, medium difficulty tier. Pipeline identities are shown explicitly: ZS = zero_shot,
ZS+B = zero_shot_bloom, MZS = multi_stage_zero_shot, MZS+B = multi_stage_zero_shot_bloom, and Ours = proposed
pipeline. σw denotes the discrimination-weighted composite criterion score (higher is better, max = 1). The mark scheme and
per-criterion breakdown are shown for the rank-1 and rank-5 pipelines only. †Flags items where the declared Bloom level
under-specifies the true cognitive demand, as identified by the blind human evaluator.
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Representative SAQ Sample — Hard Difficulty

Course: 4CCSAIAI Introduction to Artificial Intelligence | Source: Week 2 — Introduction to Machine Learning & Unsupervised Learning (Lecture
Notes with Solutions) | Model: GPT-4o-mini | Task type: Short Answer Question (SAQ) | Difficulty target: Hard

Pipeline Question stem Declared
Bloom

True Bloom Marks σw

A (ZS) Compare and contrast the Single-Linkage, Complete-Linkage, and
Average-Linkage criteria in hierarchical clustering, focusing on
how they define the distance between clusters.

Evaluation Analyze† 13 0.634

B (MZS+B) Given a practical scenario where delivery by helicopter is limited
to a 100-mile range, justify why Complete-Linkage clustering
would be preferable over other linkage criteria for forming suitable
clusters.

Evaluation Evaluation 10 1.000

C (ZS+B) Compare and contrast the single-linkage, complete-linkage, and
average-linkage criteria used in hierarchical clustering to measure
cluster distances.

Analyze Analyze 10 1.000

D (OURS) Assess the effectiveness of running K-means multiple times with
different initialisations or using k-means++ to avoid local minima,
as described in the text.

Evaluation Evaluation 8 1.000

E (MZS) Given a practical scenario where a helicopter delivery service must
cluster cities such that any city in a cluster is reachable within a
100-mile flight, discuss why the Complete-Linkage criterion is the
suitable choice and how it ensures this constraint.

Evaluation Application† 10 0.595

†Declared–true Bloom mismatch identified by blind human evaluator.

Mark scheme and expected answer (MZS+B — rank 1):

Marking point Marks

Complete-Linkage clustering forms clusters based on the maximum distance between points, ensuring all points in a cluster are within a certain
range.

2

This method tends to produce compact, tight clusters, which aligns with the helicopter’s 100-mile delivery range constraint. 2
In contrast, Single-Linkage clustering can create elongated clusters where some points are far apart, possibly exceeding the 100-mile limit. 1
Average-Linkage clustering averages distances, which may allow some points in a cluster to be beyond the 100-mile range even if the average
distance is acceptable.

1

Complete-Linkage minimizes the risk of any delivery exceeding the 100-mile range, which is critical for operational feasibility and safety. 2
Using Complete-Linkage supports clear decision-making by providing well-defined cluster boundaries that respect the practical distance limit. 1
Overall, Complete-Linkage clustering better guarantees deliveries stay within the helicopter’s operational range compared to other linkage
methods.

1

Model answer: Complete-Linkage clustering forms clusters based on the maximum distance between points, ensuring all points within a cluster
remain within the helicopter’s 100-mile delivery range. This method produces compact, tight clusters, aligning closely with the operational
constraint, unlike Single-Linkage clustering which can generate elongated clusters with points exceeding the range. Average-Linkage, by
averaging distances, may also include points beyond the limit despite an acceptable average. Therefore, Complete-Linkage minimizes the risk
of any delivery exceeding the range, supports clear decision-making through well-defined cluster boundaries, and overall better guarantees
feasible and safe helicopter deliveries.

/10

Per-criterion scores (best and worst pipeline):

Grounding Clarity Integrity Gradabilitystem Gradabilitytriple Mk. scheme Fidelity BLA

MZS+B (rank 1):
1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
MZS (rank 5):
1.0 1.0 1.0 1.0 1.0 0.0 1.0 0.6

Selection Justification

Representative matched-task selection: task selected from the hard difficulty pool (n=17 candidates; selected percentile = 47.1) as a
representative matched-task sample rather than an extreme contrast case. Mean σw: 0.8458

Blind human evaluation ranking: MZS+B > OURS > ZS+B > ZS > MZS. MZS+B was ranked first because it is a clear, well-grounded
evaluation task embedded in a realistic constraint-driven scenario: it requires comparison of linkage criteria, judgment under the 100-mile range
constraint, and an explicitly justified decision. MZS was ranked last because it underdelivers on evaluation: although grounded in a plausible
scenario, it is closer to application than genuine evaluative reasoning and does not sufficiently require comparison across methods under competing
considerations.

Figure 23: Representative SAQ sample, hard difficulty tier. Pipeline identities are shown explicitly: ZS = zero_shot, ZS+B =
zero_shot_bloom, MZS = multi_stage_zero_shot, MZS+B = multi_stage_zero_shot_bloom, and Ours = proposed pipeline. σw

denotes the discrimination-weighted composite criterion score (higher is better, max = 1). The mark scheme and per-criterion
breakdown are shown for the rank-1 and rank-5 pipelines only. †Flags items where the declared Bloom level under-specifies or
overstates the true cognitive demand, as identified by the blind human evaluator.
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Representative SBQ Sample — Easy Difficulty

Course: 4CCSAIAI Introduction to Artificial Intelligence | Source: Week 2–3 — Introduction to Machine Learning & Unsupervised Learning
(Annotated Notes) | Model: GPT-4.1 | Task type: Scenario-Based Question (SBQ) | Difficulty target: Easy

Pipeline Question stem Declared
Bloom

True Bloom Marks σw

A (OURS) Identify the two data splits used for model development in the
scenario.

Knowledge Knowledge 2 0.965

B (ZS+B) Define the metrics MAE, MSE, and RMSE in the context of re-
gression, and explain how each metric measures prediction errors.

Understanding Understanding 5 0.965

C (MZS+B) Describe the roles of the training set and the test set in supervised
learning.

Knowledge Knowledge 3 0.965

D (ZS) Which terms describe these two parts of the dataset, and why is it
important to keep the evaluation set labels hidden during training?

Knowledge Analyze† 4 0.685

E (MZS) If the algorithm always predicts “no disease,” calculate its accuracy,
and discuss whether this is a good way to judge the algorithm’s
performance in this scenario.

Knowledge Analyze† 5 0.685

†Declared–true Bloom mismatch identified by blind human evaluator.

Scenario (ZS+B — rank 1):

A data scientist builds a regression model to predict housing prices based on several features. After training the model, she evaluates it on a test set
and calculates the Mean Absolute Error (MAE), Mean Squared Error (MSE), and Root-Mean-Squared Error (RMSE).

Mark scheme and expected answer (ZS+B — rank 1):

Marking point Marks

Defines Mean Absolute Error (MAE) as the average absolute difference between predicted and true values. 1
Defines Mean Squared Error (MSE) as the average squared difference between predicted and true values. 1
Defines Root-Mean-Squared Error (RMSE) as the square root of the average squared difference. 1
Explains that MAE measures average magnitude of errors, MSE penalizes larger errors, and RMSE brings scale back to original units. 2

Model answer: Mean Absolute Error (MAE) is calculated as the average absolute difference between the predicted and actual housing prices.
Mean Squared Error (MSE) measures the average of the squared differences, thus penalizing larger errors more heavily. Root-Mean-Squared
Error (RMSE) is the square root of the MSE, providing an error value in the same units as the housing prices. MAE reflects the average error
magnitude, MSE highlights the impact of large deviations, and RMSE is useful for interpreting error size in original terms.
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Per-criterion scores (best and worst pipeline):

Grounding Clarity Integrity Gradabilitystem Gradabilitytriple Mk.
scheme

Fidelity SRN SG BLA

ZS+B (rank 1):
1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.5 1.0 1.0
MZS (rank 5):
1.0 1.0 0.5 1.0 1.0 0.0 1.0 0.5 1.0 0.4

Selection Justification

Representative matched-task selection: task selected from the easy difficulty pool (n=11 candidates; selected percentile = 45.5) as a
representative matched-task sample rather than an extreme contrast case. Mean σw: 0.8527

Blind human evaluation ranking: ZS+B > MZS+B > OURS > ZS > MZS. ZS+B was ranked first because it strikes the best balance between
scenario use, conceptual value, and internal consistency: it poses a clean understanding-level task, uses a realistic regression scenario proportionately,
and provides a clear, complete, and highly objective mark scheme. MZS was ranked last because it is Bloom-misaligned and cognitively broader
than its label suggests: it combines numerical calculation with critique of metric suitability in an imbalanced disease-detection setting while being
declared only as knowledge.

Figure 24: Representative SBQ sample, easy difficulty tier. Pipeline identities are shown explicitly: ZS = zero_shot, ZS+B =
zero_shot_bloom, MZS = multi_stage_zero_shot, MZS+B = multi_stage_zero_shot_bloom, and Ours = proposed pipeline. σw

denotes the discrimination-weighted composite criterion score (higher is better, max = 1). The mark scheme and per-criterion
breakdown are shown for the rank-1 and rank-5 pipelines only. †Flags items where the declared Bloom level under-specifies the
true cognitive demand, as identified by the blind human evaluator.
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Representative SBQ Sample — Medium Difficulty

Course: 4CCSAIAI Introduction to Artificial Intelligence | Source: Week 2–3 — Introduction to Machine Learning & Unsupervised Learning
(Annotated Notes) | Model: GPT-4o-mini | Task type: Scenario-Based Question (SBQ) | Difficulty target: Medium

Pipeline Question stem Declared
Bloom

True Bloom Marks σw

A (ZS) Explain why a model that always predicts “no disease” can achieve
99% accuracy on this problem but is not useful. What alternative
metrics should be considered to properly evaluate the model’s
effectiveness?

Application Understanding† 8 0.813

B (OURS) Differentiate between the evaluation approaches used for the clas-
sification task and the regression task described in the scenario.

Analyze Analyze 7 1.000

C (MZS+B) Compare the implications of using MAE versus MSE as evaluation
metrics for this regression model, particularly in the presence of
outliers in the data.

Analyze Analyze 7 0.861

D (MZS) Explain why the high accuracy achieved by this model might
be misleading in evaluating its performance. Which alternative
metrics would provide better insight into the model’s effectiveness
at detecting disease D, and why?

Application Analyze† 8 0.973

E (ZS+B) Analyse which metric, precision or sensitivity, would highlight the
weakness of the algorithm that always predicts “no disease”, and
justify why.

Analyze Analyze 4 0.840

†Declared–true Bloom mismatch identified by blind human evaluator.

Scenario (OURS — rank 1):

A supervised learning algorithm is developed to predict the presence of a rare disease D using chest X-ray images. The data is split into a training set,
which includes labeled examples, and a test set, where labels are hidden during evaluation. The disease occurs in 1% of the population represented in
the dataset. Upon evaluation, an accuracy of 99% was recorded on the test set. The test set maintains the same class distribution as the population,
where the positive class is rare. Additionally, alternative classification metrics such as precision, sensitivity, and F1 score are considered for further
analysis. In a separate regression task, predictions consist of real-valued outputs compared against true target values using error metrics including
Mean Absolute Error (MAE), Mean Squared Error (MSE), and Root-Mean-Squared Error (RMSE).

Mark scheme and expected answer (OURS — rank 1):

Marking point Marks

Classification uses discrete class labels with metrics like accuracy, precision, sensitivity, and F1 score to evaluate prediction quality. 2
Accuracy can be misleading in classification when classes are imbalanced, such as a rare disease with 1% prevalence. 1
Regression evaluates continuous outputs using error metrics like MAE, MSE, and RMSE to measure prediction errors. 2
Classification metrics assess categorical correctness and balance of false positives/negatives, while regression metrics quantify numerical
deviations.

2

Model answer: Classification uses discrete class labels with metrics like accuracy, precision, sensitivity, and F1 score to evaluate prediction
quality. Accuracy can be misleading in classification when classes are imbalanced, such as a rare disease with 1% prevalence. Regression
evaluates continuous outputs using error metrics like MAE, MSE, and RMSE to measure prediction errors. Classification metrics assess
categorical correctness and balance of false positives and negatives, while regression metrics quantify numerical deviations.

/7

Per-criterion scores (best and worst pipeline):

Grounding Clarity Integrity Gradabilitystem Gradabilitytriple Mk.
scheme

Fidelity SRN SG BLA

OURS (rank 1):
1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
ZS (rank 5):
1.0 1.0 1.0 1.0 1.0 0.0 1.0 1.0 1.0 0.8

Selection Justification

Representative matched-task selection: task selected from the medium difficulty pool (n=30 candidates; selected percentile = 50.0) as a
representative matched-task sample rather than an extreme contrast case. Mean σw: 0.8974

Blind human evaluation ranking: OURS > ZS+B > MZS > MZS+B > ZS. OURS was ranked first because it is the most internally consistent,
scenario-grounded, and cognitively well-targeted item in the set: it asks for a genuine analyze-level comparison, makes full use of both the
classification and regression parts of the scenario, and supports highly consistent grading. ZS was ranked last because it overstates the cognitive
level: despite a useful scenario, the question mainly asks for conceptual explanation of why 99% accuracy is misleading and which alternative
metrics matter, making it closer to understanding than true application.

Figure 25: Representative SBQ sample, medium difficulty tier. Pipeline identities are shown explicitly: ZS = zero_shot,
ZS+B = zero_shot_bloom, MZS = multi_stage_zero_shot, MZS+B = multi_stage_zero_shot_bloom, and Ours = proposed
pipeline. σw denotes the discrimination-weighted composite criterion score (higher is better, max = 1). The mark scheme and
per-criterion breakdown are shown for the rank-1 and rank-5 pipelines only. †Flags items where the declared Bloom level
under-specifies the true cognitive demand, as identified by the blind human evaluator.
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Representative SBQ Sample — Hard Difficulty
Course: 4CCSAIAI Introduction to Artificial Intelligence | Source: Week 4 — Ethics (Slides) | Model: Gemini-2.5-Flash | Task type: Scenario-
Based Question (SBQ) | Difficulty target: Hard

Pipeline Question stem Declared
Bloom

True Bloom Marks σw

A (MZS+B) Identify and explain at least two distinct causes of bias (from “World bias”,
“Representation bias”, “Measurement bias”, “Algorithm bias”, “Evaluation bias”)
that likely contributed to the problematic auto-crop behavior observed in Rui’s
system.

Analyze Analyze 6 0.965

B (ZS) Identify and explain two significant ethical harms that the Epimetheus app could
cause, and propose two distinct mitigation strategies the developers could imple-
ment to address these harms, particularly concerning personal identity.

Evaluation Analyze† 8 0.938

C (OURS) Develop a structured set of guidelines for future AI feature development at the
social media company, explicitly addressing the ethical concerns (stereotypes,
indirect discrimination, objectification) identified in the auto-crop feature’s review.

Synthesis Synthesis 12 0.965

D (ZS+B) From an AI ethics perspective, explain two potential societal harms that “Sentinel-
Eye” could inflict, even if it successfully reduces overt crime.

Analyze Understanding†4 0.849

E (MZS) What specific measures can the developers of Epimetheus implement to address the
issue of gender misidentification and its associated dignitary harms, particularly
for transgender individuals, as discussed in the course material?

Evaluation Application† 8 0.910

†Declared–true Bloom mismatch identified by blind human evaluator.

Scenario (OURS — rank 1):

A software engineer at a social media company developed an ‘auto-crop’ feature that automatically cropped images attached to posts. The system was
configured to identify and focus on specific image areas. A deep neural network was trained on a dataset containing images and their associated saliency
data. Following its deployment, the feature led to an increase in posts containing images and an uplift in user engagement metrics, including time spent on
the platform and the number of clicks. However, subsequent observations by a group of users showed systematic patterns within the auto-crop’s behavior.
These patterns included a consistent focus on White individuals over Black individuals, famous men over famous women, and a frequent centering on
women’s chest areas. An internal ethics review stated that this behavior exhibited characteristics concerning stereotypes, indirect discrimination, and the
objectification of women.

Mark scheme and expected answer (OURS — rank 1):

Marking point Marks

Mandate a rigorous, pre-deployment audit process for all AI training datasets, ensuring they are demographically representative and balanced to
actively prevent the emergence of stereotypes and indirect discrimination.

3

Implement ethically-guided design principles for attention or saliency mechanisms in image processing AI, specifically to avoid hyper-focus on
sensitive body areas and prevent objectification, perhaps using constrained optimization or negative exemplars.

3

Integrate a comprehensive bias detection and mitigation framework into the AI development lifecycle, applying quantitative fairness metrics (e.g.,
demographic parity, equalized odds) at multiple stages from data preparation to model deployment.

2

Establish a standing, interdisciplinary ethical AI review board, comprising engineers, ethicists, and diverse user representatives, responsible for
assessing the societal impact and potential biases of new AI features from conception.

2

Develop transparent channels for user feedback specifically on AI behavior, coupled with a swift, accountable system for investigating, communicating,
and rectifying identified ethical violations in deployed features.

2

Model answer: Future AI feature development will mandate a rigorous, pre-deployment audit process for all AI training datasets, ensuring they are
demographically representative and balanced to actively prevent the emergence of stereotypes and indirect discrimination. Ethically-guided design
principles will be implemented for attention or saliency mechanisms in image processing AI, specifically to avoid hyper-focus on sensitive body
areas and prevent objectification, perhaps using constrained optimization or negative exemplars. A comprehensive bias detection and mitigation
framework will be integrated into the AI development lifecycle, applying quantitative fairness metrics like demographic parity or equalized odds at
multiple stages from data preparation to model deployment. Furthermore, a standing, interdisciplinary ethical AI review board, comprising engineers,
ethicists, and diverse user representatives, will be established, responsible for assessing the societal impact and potential biases of new AI features
from conception. Finally, transparent channels for user feedback specifically on AI behavior will be developed, coupled with a swift, accountable
system for investigating, communicating, and rectifying identified ethical violations in deployed features.

/12

Per-criterion scores (best and worst pipeline):

Grounding Clarity Integrity Gradabilitystem Gradabilitytriple Mk. scheme Fidelity SRN SG BLA

OURS (rank 1):
1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.5 1.0 1.0
ZS+B (rank 5):
1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.5 0.5 0.6

Selection Justification
Representative matched-task selection: task selected from the hard difficulty pool (n=16 candidates; selected percentile = 50.0) as a representative
matched-task sample rather than an extreme contrast case. Mean σw: 0.9252
Blind human evaluation ranking: OURS > MZS+B > ZS > MZS > ZS+B. OURS was ranked first because it best combines scenario use, cognitive
demand, and assessment structure: the auto-crop case is essential rather than decorative, the task requires genuine synthesis, and the mark scheme is
both concrete and flexible enough to support higher-order ethical reasoning. ZS+B was ranked last because, although clear and grounded, it is more
explanatory than analytical: asking for two harms of Sentinel-Eye is better characterized as understanding than true analysis, making it less discriminative
as a representative hard SBQ.

Figure 26: Representative SBQ sample, hard difficulty tier. Pipeline identities are shown explicitly: ZS = zero_shot, ZS+B =
zero_shot_bloom, MZS = multi_stage_zero_shot, MZS+B = multi_stage_zero_shot_bloom, and Ours = proposed pipeline. σw

denotes the discrimination-weighted composite criterion score (higher is better, max = 1). The mark scheme and per-criterion
breakdown are shown for the rank-1 and rank-5 pipelines only. †Flags items where the declared Bloom level under-specifies or
overstates the true cognitive demand, as identified by the blind human evaluator.
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Evaluation Type QType N Prop. Base. Rate

Representative SAQ 3 2 1 66.7%
Representative SBQ 3 2 1 66.7%
Illus. Contrast (msg) SAQ 3 2 1 66.7%
Illus. Contrast (msg) SBQ 3 2 1 66.7%
Illus. Contrast (bbg) SAQ 3 3 0 100%
Illus. Contrast (bbg) SBQ 3 2 1 66.7%

Overall All 18 13 5 72.2%

Table 14: Aggregate qualitative selection outcomes
across all 18 matched-task manual comparisons. msg
= max_score_gap; bbg = bloom_bla_gap. “Prop.” and
“Base.” count the number of settings in which the pro-
posed pipeline or any baseline ranked first respectively.

Difficulty 1st 2nd 3rd 4th 5th

Easy Ours ZS+B MZS+B ZS MZS
Medium Ours MZS+B ZS+B MZS ZS
Hard MZS+B Ours ZS+B ZS MZS

Table 15: Pipeline rankings for representative SAQ eval-
uations by difficulty level.

Difficulty 1st 2nd 3rd 4th 5th

Easy ZS+B MZS+B Ours ZS MZS
Medium Ours ZS+B MZS MZS+B ZS
Hard Ours MZS+B ZS MZS ZS+B

Table 16: Pipeline rankings for representative SBQ eval-
uations by difficulty level.

Difficulty 1st 2nd 3rd 4th 5th

Easy Ours ZS+B MZS+B ZS MZS
Medium ZS+B Ours MZS+B MZS ZS
Hard Ours MZS+B ZS MZS ZS+B

Table 17: Pipeline rankings for SAQ illustrative con-
trasts on the max_score_gap axis.

Difficulty 1st 2nd 3rd 4th 5th

Easy Ours ZS MZS+B ZS+B MZS
Medium Ours ZS+B MZS ZS MZS+B
Hard Ours MZS+B ZS MZS ZS+B

Table 18: Pipeline rankings for SAQ illustrative con-
trasts on the bloom_bla_gap axis.

Difficulty 1st 2nd 3rd 4th 5th

Easy MZS+B ZS+B Ours ZS MZS
Medium Ours ZS ZS+B MZS MZS+B
Hard Ours MZS+B ZS ZS+B MZS

Table 19: Pipeline rankings for SBQ illustrative con-
trasts on the max_score_gap axis.

Difficulty 1st 2nd 3rd 4th 5th

Easy MZS+B ZS+B Ours ZS MZS
Medium Ours ZS+B ZS MZS MZS+B
Hard Ours ZS+B MZS+B ZS MZS

Table 20: Pipeline rankings for SBQ illustrative con-
trasts on the bloom_bla_gap axis.
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