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Abstract
This paper argues that evaluation of educational
LLMs should move beyond decontextualized
task-based benchmarks toward situated bench-
marks centered on pedagogical action. Prior
work in human-computer interaction and the
learning sciences has long emphasized situated
use, user context, and interaction processes;
our focus is narrower and complementary: how
these concerns should reshape benchmark de-
sign for educational LLMs. Existing evalu-
ations already cover teaching-material prepa-
ration, knowledge answering, error diagnosis,
feedback generation, and instructional analysis,
but their dominant unit remains the single input-
output episode, making it difficult to compare
whether a model genuinely supports learning
progress, instructional judgment, or subsequent
revision in context. Educational activity is pro-
cessual, context-dependent, and development-
oriented, so explanations, feedback, and hints
can only be evaluated properly in relation to
learner state, interaction history, and pedagog-
ical goals. We review a landscape still domi-
nated by task-based paradigms and argue, from
educational conceptions, educational values,
and research methodology, that next-generation
educational benchmarks should make pedagog-
ical function in context a core target. We further
propose layered, scalable, and benchmarkable
situated protocols built through simulation-first
development and follow-up empirical calibra-
tion, extending evaluation beyond task quality
to contextual fit and downstream consequences
for learning and teaching decisions.

1 Introduction

Large language models (LLMs) are rapidly expand-
ing across educational settings, and benchmarks

*These authors contributed equally.
†Corresponding authors.

have expanded with them. Recent work already
covers teaching-material preparation, knowledge
understanding, error diagnosis, feedback genera-
tion, and instructional analysis (Chen et al., 2024;
Zhou et al., 2025a; Hou et al., 2024; Rittle-Johnson
et al., 2025; Chu et al., 2026). In this area, bench-
marks do more than passively measure perfor-
mance. They influence how the field understands
educational capability, sets optimization targets,
and judges progress.

Despite this expanding thematic scope, the dom-
inant paradigm remains task-based (Chen et al.,
2024; Hou et al., 2024; Su et al., 2025; Chu et al.,
2026). Whether the object of evaluation is a test
item, a piece of instructional feedback, or a class-
room analysis, most benchmarks still center on a
single output and ask whether it is correct, clear,
complete, or aligned with preset requirements (Fu
et al., 2024; Raihan et al., 2024; Rittle-Johnson
et al., 2025). This paradigm has clear advantages:
explicit criteria, low implementation cost, repro-
ducibility, and easy cross-model comparison. But
it mainly measures local output quality and says
much less about support for learning progress,
teacher judgment, or later instructional decisions.

We argue that the next generation of educa-
tional LLM benchmarks should evaluate not
only whether a model can complete an isolated
task, but also whether it can take pedagogi-
cally meaningful action in concrete or simulated
teaching contexts.

This claim builds on longstanding concerns in
human-computer interaction and the learning sci-
ences with situated use, context, and interaction
processes (Suchman, 1987; Dourish, 2004; Brown
et al., 1989; Lave and Wenger, 1991). Our question
is how to translate those concerns into educational
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Figure 1: Task families are expanding, but contextual-
ized evaluation remains limited.

LLM benchmarks that remain reusable and compa-
rable while representing learner state, interaction
history, pedagogical goals, and the consequences
of instructional action.

This translation is especially important in ed-
ucation. Education is organized around learning
goals, and learners enter each activity with prior
understanding, error histories, and interaction his-
tories. The pedagogical value of an explanation, a
piece of feedback, or a classroom analysis there-
fore depends not only on its content, but also on
whether it fits the teaching situation and helps ad-
vance later learning or teaching adjustment (Brown
et al., 1989; Lave and Wenger, 1991; Macina et al.,
2023; Mitton et al., 2026; Chu et al., 2026).

For this reason, task-based evaluation alone can-
not capture the goals educational LLMs are meant
to serve (Jiang et al., 2025; Rittle-Johnson et al.,
2025; Chu et al., 2026; Weitekamp et al., 2025; Li
et al., 2026). Well-formed feedback does not mean
a student can revise understanding, and correct an-
swers do not mean a system can scaffold a mis-
conception appropriately. If benchmarks continue
to reward correctness, completeness, and fluency
above all else, optimization will stay focused on
static, locally measurable indicators, while learner
agency, error repair, knowledge transfer, and sup-
port for teacher judgment remain marginal. As
LLMs move further into tutoring, assessment de-
sign, feedback, lesson support, and classroom anal-
ysis, this divergence becomes harder to ignore.

Task-based benchmarks remain core infrastruc-
ture and a practical starting point, but in education
they are insufficient on their own. The evaluative
focus should gradually shift from high-quality out-

puts to high-quality pedagogical action in context.
Against this background, this paper makes three

contributions:

1. Landscape synthesis. We review the main-
stream task-based paradigm in educational
LLM benchmarking and synthesize existing
evaluations across major educational task fam-
ilies.

2. Theoretical argument. We show, from the
perspectives of educational conception, educa-
tional value, and research methodology, why
educational benchmarks should go beyond de-
contextualized task evaluation.

3. A practical roadmap. We propose a layered
situated benchmarking framework developed
through simulation-first iteration and follow-
up empirical calibration.

We do not offer a finished unified benchmark
or argue for an immediate shift to long-horizon
empirical evaluation. This is a benchmarking posi-
tion: if educational LLM evaluation is to align with
practice, tasks must be put back into educational
context, and pedagogical action in context must
become a core target.

2 The Current Paradigm: Task-Based
Benchmarks and Integrated
Educational Evaluations

Educational LLM benchmarking has developed
a relatively clear evaluation ecology. Existing
work can be grouped into five broad directions:
teaching-material preparation, knowledge under-
standing and application, human–LLM alignment
in educational assessment, instructional analysis
and diagnosis, and integrated educational evalua-
tion. Most studies still use a single item, a single
feedback turn, a classroom fragment, or one interac-
tion as the basic unit of evaluation, so comparison
remains organized around correctness, consistency,
alignment, or aggregate quality (Fu et al., 2024;
Raihan et al., 2024; Su et al., 2025; Chu et al.,
2026). A smaller set of recent studies has begun to
place models inside multi-turn tutoring, simulated
classrooms, or instructional workflows (Weitekamp
et al., 2025; Jeon et al., 2026; Wei et al., 2025; Li
et al., 2026). Integrated educational evaluation has
therefore emerged as a horizontal extension across
task families, although the corresponding environ-
ments and protocols remain unstable. Figure 2
summarizes this landscape.
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(Ramesh et al., 2024); (Chen et al., 2024); (Zhou et al., 2025a); (Scaria
et al., 2024); (Fu et al., 2024); (Calvo Figueras and Agerri, 2025); (Lip-
polis et al., 2025); (Akdeniz et al., 2025); (Wang et al., 2026); (Bi et al.,
2026)

(Raihan et al., 2024); (Hou et al., 2024); (Lelièvre et al., 2025);
(Zoumpoulidi et al., 2025); (Savelka et al., 2023b); (Savelka et al.,
2023a); (Team et al., 2024); (Raihan et al., 2026)

(Koutcheme et al., 2025); (Seo et al., 2025); (Agostini and Picasso,
2026); (Kundu and Barbosa, 2024); (Xie et al., 2025); (Chiang et al.,
2024); (Jukiewicz, 2025); (Armfield et al., 2025); (Su et al., 2025); (Hou
et al., 2025); (Chu et al., 2025)

(Macina et al., 2023); (Tack et al., 2023); (Yang et al., 2025); (Jiang
et al., 2025); (Worden et al., 2026); (Rittle-Johnson et al., 2025); (Mitton
et al., 2026); (Chen et al., 2026); (Puech et al., 2025); (Chu et al., 2026);
(Parker et al., 2025); (Yuan and Hu, 2024); (Tran et al., 2024); (Whitehill
and LoCasale-Crouch, 2024); (Long et al., 2024); (Zhang et al., 2024);
(Sonkar et al., 2024)

(Ma et al., 2025); (Lee et al., 2026); (Gupta et al., 2025); (Xu et al.,
2025); (Weitekamp et al., 2025); (Jeon et al., 2026); (Han et al., 2024);
(Borchers and Shou, 2025); (Shi et al., 2025); (Pal Chowdhury et al.,
2025); (Wei et al., 2025); (Team et al., 2025); (Maurya et al., 2025); (Li
et al., 2026); (Srinivasa et al., 2025); (Macina et al., 2025); (Liu et al.,
2025); (Zhou et al., 2025b); (Kochmar et al., 2025)

Figure 2: A taxonomy of educational LLM evaluation.

2.1 Teaching-material preparation

Teaching-material preparation forms one of the
earliest mature directions in educational bench-
marking. The central concern is whether a model
can generate high-quality educational materials
and evaluate their instructional quality in a sta-
ble way. Work in this area spans multiple-choice
item quality, decomposed questioning capability,
answer-to-question generation, multi-dimensional
quality protocols, and later extensions built around
Bloom levels, cognitive depth, critical question
generation, and competency-oriented questioning
(Ramesh et al., 2024; Chen et al., 2024; Zhou et al.,
2025a; Fu et al., 2024; Calvo Figueras and Agerri,
2025; Lippolis et al., 2025; Akdeniz et al., 2025;
Wang et al., 2026). Recent work has further ex-
tended educational content generation to the mul-
timodal dimension, automating the creation of il-
lustrative materials alongside text-based items (Bi
et al., 2026), and to instructional-design agents that
prepare broader teaching materials and activities
(Jeon et al., 2026). Together, these studies show
that teaching-material evaluation is moving from
surface text quality toward alignment with cogni-
tive levels, competency targets, multimodal content
forms, and instructional-design requirements.

2.2 Knowledge understanding and application

Knowledge understanding and application form
another major line of work. The question here
is whether a model can complete curricular tasks,

explain knowledge content, and maintain stable
performance on subject-specific or course-level
tasks. Existing benchmarks cover K–12 evaluation,
programming education, pedagogical knowledge,
learning-oriented explanation, and Bloom-aligned
explanation quality (Raihan et al., 2024; Hou et al.,
2024; Savelka et al., 2023b; Raihan et al., 2026;
Lelièvre et al., 2025; Zoumpoulidi et al., 2025;
Team et al., 2024). This line of work shows that
educational evaluation is expanding from answer
correctness to course-task performance, pedagogi-
cal knowledge, and explanation quality, while still
largely treating the evaluated unit as an individual
task or response.

2.3 Human–LLM alignment in educational
assessment

Human–LLM alignment in educational assessment
extends the model’s role from answerer to evaluator.
These studies ask whether model judgments can re-
main aligned with human evaluation. The relevant
settings include programming-feedback judgment,
educational feedback assessment, essay and assign-
ment scoring, multi-granular writing evaluation,
instructor calibration, and human-in-the-loop de-
signs (Koutcheme et al., 2025; Seo et al., 2025;
Agostini and Picasso, 2026; Kundu and Barbosa,
2024; Armfield et al., 2025; Su et al., 2025; Chu
et al., 2025). The core issue is whether models
can produce judgments that teachers can accept,
compare, and revise.
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2.4 Instructional analysis and diagnosis

Instructional analysis and diagnosis shift the evalu-
ation target toward student thinking, instructional
dialogue, and classroom materials. Studies in this
line examine tutoring dialogue, multimodal tutor-
ing, guided instruction, knowledge tracing, and
pedagogical grounding, showing that evaluation
has expanded from answer correctness to teaching-
related understanding (Macina et al., 2023; Yang
et al., 2025; Jiang et al., 2025; Worden et al., 2026;
Long et al., 2024). Misconception diagnosis is the
most concentrated subfield, with evaluation extend-
ing from right-or-wrong answers to error types,
reasoning steps, and thought structures (Rittle-
Johnson et al., 2025; Mitton et al., 2026; Chen
et al., 2026). Work on feedback quality, pedagogi-
cal steering, pedagogical alignment, and classroom-
material analysis further widens the boundary of
this task family (Puech et al., 2025; Chu et al.,
2026; Tran et al., 2024; Sonkar et al., 2024).

2.5 Integrated educational evaluations

Integrated educational evaluation is the most no-
table recent horizontal extension in educational
LLM benchmarking. Broad benchmark suites al-
ready integrate cognitive levels, subjects, compe-
tence structures, and languages (Ma et al., 2025;
Lee et al., 2026; Gupta et al., 2025), while newer
work extends this logic to educational scenarios,
tutor-student testbeds, multi-agent workflows for
procedural learning, syllabus-grounded teaching,
indirect teaching-based evaluation, and shared-task
protocols (Xu et al., 2025; Weitekamp et al., 2025;
Pei et al., 2025; Wei et al., 2025; Li et al., 2026;
Zhou et al., 2025b; Kochmar et al., 2025). These
efforts show a clear shift toward integrated eval-
uation, but they remain methodologically hetero-
geneous and often rely on synthetic tasks, proxy
students, LLM judges, or turn-level criteria. The
field therefore still lacks a unified framework for
assessing pedagogically meaningful action in con-
text, motivating the layered situated benchmarks
proposed in this paper.

3 Why Task-Based Evaluation Is Not
Enough: Three Positions

3.1 Conceptual position: Education is
processual, situated, and developmental

From a conceptual standpoint, the limits of task-
based evaluation are intrinsic. Education is a con-
tinuous developmental process shaped by learning

goals and learner state (Brown et al., 1989; Lave
and Wenger, 1991). New learning activities are
built on prior understanding, error histories, inter-
action histories, and affective conditions (Macina
et al., 2023; Mitton et al., 2026). Educational ac-
tion therefore has to be interpreted within a learning
trajectory, and judgment should rest on how later
understanding and later action change (Weitekamp
et al., 2025; Li et al., 2026). Task-based evalua-
tion treats educational capability as a set of local
tasks that can be decomposed and evaluated inde-
pendently. That treatment does not match the real
organization of educational practice.

Educationally important actions depend on con-
crete context, and this is clear in question genera-
tion, knowledge support, and feedback. Whether
a question is appropriate depends on whether
it matches the learner’s current level (Akdeniz
et al., 2025), exposes a key misconception, and
helps move learning forward (Wang et al., 2026).
Whether an explanation works depends on whether
it addresses the learner’s immediate conceptual
bottleneck, fits prior understanding, and helps the
learner grasp underlying concepts and relations
(Zoumpoulidi et al., 2025; Team et al., 2024).
Whether feedback is effective depends on whether
it helps the learner revise understanding, remain
engaged, and continue participating in later learn-
ing (Macina et al., 2023; Chu et al., 2026). Once
detached from concrete teaching situations, these
tasks become difficult to judge appropriately.

Success on a single task does not imply instruc-
tional effectiveness. A model may generate a ques-
tion, a feedback message, or an explanation, but
those outputs alone do not establish pedagogical
value. That judgment still depends on the organiza-
tion of question sequences, the process by which
student understanding is revised, and the fit be-
tween explanation and the learner’s cognitive start-
ing point.

3.2 Value position: Task optimization may
drift from educational value

From a value-based standpoint, subtask evaluation
is necessary and feasible, but its coverage is limited.
Benchmarks do not only measure performance;
they also shape research attention and optimization
direction. If evaluation continues to revolve around
correctness, completeness, fluency, and immediate
helpfulness (Fu et al., 2024; Chu et al., 2026), op-
timization will keep concentrating on single-turn
task completion, while higher-quality understand-
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ing, revision, transfer, and support for teacher judg-
ment struggle to become core targets (Maurya et al.,
2025; Li et al., 2026).

This drift is especially visible in education.
Rapid access to standard answers may compress
the space for independent thinking, for surfacing
misunderstanding, and for repairing error (Rittle-
Johnson et al., 2025; Mitton et al., 2026). Stronger
direct assistance may also increase learner depen-
dence and further crowd out teacher-student and
student-student interaction (Jiang et al., 2025; Liu
et al., 2025). Likewise, more fine-grained class-
room labels, summaries, or feedback texts are not
automatically more educationally valuable (White-
hill and LoCasale-Crouch, 2024). What matters is
whether they genuinely support sustained learning
and subsequent instructional decision-making.

Local task metrics therefore cannot stand in for
educational value on their own. Educational bench-
marks also need to ask whether learning is ad-
vanced, whether understanding is repaired, whether
transfer becomes possible, and whether interac-
tion provides useful grounds for teacher judgment
(Weitekamp et al., 2025; Li et al., 2026). Only
by returning single tasks to concrete teaching situa-
tions can benchmarking identify educational values
that matter but are difficult to read directly from
static outputs.

3.3 Methodological position: Educational
benchmarks should reconnect with
empirical research

From a methodological standpoint, task-based
benchmarks have clear strengths. They are highly
standardized, comparatively inexpensive, and easy
to compare across models, which makes them use-
ful infrastructure for model comparison. But the
methodological concerns of educational research
go beyond whether a static output satisfies a for-
mal criterion. Educational research is concerned
with whether instructional designs, feedback strate-
gies, and interaction structures have meaningful
effects in real or near-real settings (Brown et al.,
1989; Lave and Wenger, 1991). If benchmarking
remains confined to static proxy indicators, ecologi-
cal validity, teacher participation, process evidence,
and downstream learning outcomes stay outside
the evaluative frame (Weitekamp et al., 2025; Li
et al., 2026).

A better path is to treat more context-sensitive
benchmarking as an intermediate layer between
scalable model comparison and empirical educa-

Figure 3: A bridge from controllable virtual environ-
ments to calibrated real-world validation.

tional research. It preserves standardized compari-
son, rapid screening, and low-cost iteration while
moving targets and evidence closer to issues cen-
tral to educational research, including conceptual
repair, knowledge transfer, learning engagement,
teacher judgment, multi-turn coherence, and down-
stream learning outcomes (Macina et al., 2023; Chu
et al., 2026; Weitekamp et al., 2025; Li et al., 2026).
Otherwise, benchmarking will keep refining static
proxy indicators.

4 Design Principles for Situated
Benchmarks

Situated benchmarks therefore require coordinated
redesign of the evaluation target, protocol, imple-
mentation path, and metric system. We organize
the proposal around four principles: teaching ac-
tion as the unit of evaluation, layered protocols,
simulation-first development with follow-up empir-
ical calibration, and metrics for task quality, con-
textual fit, and learning progression, as illustrated
in Figure 4.

4.1 Evaluation unit: From isolated outputs to
teaching actions in context

In a situated benchmark, the evaluation target is no
longer a single output detached from context. It
is a teaching action interpreted within a concrete
instructional process. In educational settings, the
quality of a judgment depends not only on the con-
tent itself, but also on the contextual conditions in
which the action occurs, the person toward whom
it is directed, and the influence it may have on sub-
sequent learning (Dourish, 2004). At minimum,
evaluation therefore needs to connect contextual
conditions, teaching action, and subsequent evi-
dence, although the precise content of each compo-
nent should be defined by task rather than forced
into a universal template. Benchmarking no longer
evaluates only output quality. It also evaluates ac-
tion timing, scaffold design, interaction coherence,

32015



and support for later learning.

4.2 Evaluation method: Layered protocols for
instructional processes

Situated benchmarks are better served by layered
protocols. Educational judgment is inherently
multi-level: it concerns whether a task is com-
pleted, whether the action fits the current context,
and whether it helps move later learning forward
(Brown et al., 1989; Lave and Wenger, 1991). We
therefore propose a three-layer structure.

• Layer 1: Task Quality. This layer evaluates
whether the output is accurate, clear, coherent,
and structurally sound.

• Layer 2: Contextual Fit. This layer evalu-
ates whether the action is appropriate given
the learner’s level, interaction history, learning
goals, and teacher-side constraints.

• Layer 3: Learning Progression. This layer
evaluates whether the action supports later
revision, transfer, self-explanation, or other
forms of educational advancement.

This structure separates different kinds of ed-
ucational judgment, so the benchmark no longer
returns only an overall score. It can instead show
whether the problem lies in task quality, contextual
judgment, or learning progression, thereby provid-
ing more interpretable and more targeted evidence.

4.3 Implementation path: Simulation-first
iteration and small-scale empirical
calibration

Situated benchmarks also need an implementation
path that can be sustained. Educational settings
are highly complex, so benchmark design has to
preserve educational relevance while remaining it-
erable, reusable, and shareable. We therefore pro-
pose a gradual strategy: simulation-first iteration
followed by empirical calibration.

Virtual environments provide a low-cost pro-
totyping space for benchmark construction. In
multi-agent classroom simulations, structured tu-
toring traces, or teaching-design workflows, re-
searchers can test whether an evaluation unit is
reasonable, whether an interaction structure is sta-
ble, and whether a scoring protocol is operable.
Virtual environments also make it easier to control
variables, accumulate shared cases, and accelerate
iteration.

Figure 4: A process-oriented framework for situated
educational evaluation.

Small-scale empirical calibration then returns
tasks and protocols to real educational conditions.
Teacher review, limited student interaction, and re-
analysis of authentic classroom fragments can test
whether the design still holds and provide external
validity support. Together, virtual environments
and empirical calibration offer a workable balance
among educational relevance, research feasibility,
and construction cost.

4.4 Metric system: Task quality, contextual fit,
and learning progression

The metric system should correspond to the three-
layer structure above, but it should not be treated as
a fixed scale for every task. Task quality, contextual
fit, and learning progression provide organizing
principles. Different tasks may adopt different met-
ric forms, evidence sources, and implementation
strategies, so long as they make model performance
across the three layers legible and comparable.

5 From Task Families to Situated
Extension

Situated benchmarking becomes operational only
when its design principles enter established educa-
tional task families. The more practical path is not
to build a wholly separate evaluation system, but
to reconstruct evaluation units, layered judgments,
and follow-up evidence on top of existing task fam-
ilies. Building on the taxonomy in Section 2, we
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organize these extensions into four directions: from
item quality to learning pathways, from correct an-
swering to history-sensitive understanding support,
from one-shot feedback to repair trajectories, and
from static analysis to instructional decision sup-
port (Brown et al., 1989; Lave and Wenger, 1991).

5.1 From item quality to learning pathways

Current teaching-material benchmarks still tend to
assess materials as isolated items or outputs, using
criteria such as clarity, curricular alignment, diffi-
culty, distractor quality, and instructional relevance
(Fu et al., 2024; Akdeniz et al., 2025). Such criteria
are necessary but incomplete, since the educational
value of a material also depends on its position in a
learning sequence and the learner activity it elicits.

The situated extension of teaching-material
preparation should therefore move from judg-
ing isolated outputs to evaluating the organiza-
tion of learning pathways. Possible targets in-
clude progressive item sequences, hint sequences,
misconception-exposing prompts, differentiated
questioning, and supporting materials. The em-
phasis shifts from surface material quality to the
role of instructional materials in structuring learn-
ing progress.

5.2 From knowledge understanding to
history-sensitive understanding support

Knowledge-understanding and answering bench-
marks mainly evaluate whether a model can an-
swer correctly, provide reasonable explanations,
and maintain stable knowledge performance (Hou
et al., 2024; Zoumpoulidi et al., 2025). These tasks
reflect foundational disciplinary competence, but
knowledge support in education is an ongoing pro-
cess. What learners often need is not an abstract
standard answer, but an explanation that connects
with prior understanding, addresses the source of
error, and supports later transfer.

The situated extension of this task family should
therefore shift from one-shot correctness to history-
sensitive understanding support. The key issue
is no longer simply whether the model knows
the answer, but whether it can use prior errors,
earlier responses, learning trajectory, and current
confusion to provide appropriate explanation, re-
representation, and prompting (Brown et al., 1989;
Lave and Wenger, 1991). Static accuracy alone is
therefore insufficient.

5.3 From one-shot feedback to repair
trajectories

Feedback generation and error diagnosis are al-
ready close to authentic instructional support, yet
mainstream benchmarks still focus on whether a
single feedback response is accurate, clear, help-
ful, and well matched to student error. They are
therefore closer to instructional process than simple
answering tasks, but still organized around one-turn
feedback quality.

The key situated extension is to place feedback
back within the revision process. A more educa-
tionally meaningful benchmark should ask whether
the model can support a repair trajectory across
multiple turns, including whether it chooses an ap-
propriate scaffold, follows up productively after
partial revision, avoids premature answer disclo-
sure, and supports deeper error reconstruction. The
evaluation unit thus shifts from a single response
to a continuous trajectory of revision support.

5.4 From static classroom analysis to
instructional decision support

Instructional analysis and diagnosis have expanded
benchmarking from student-side tasks to instruc-
tional understanding, but mainstream assessment
still focuses mainly on whether the analytical result
itself is correct. For educational use, however, anal-
ysis only becomes fully valuable when it enters the
chain of instructional decision-making.

The situated extension of this task family should
therefore move from static analysis to instructional
decision support. The focus is not only whether a
model can correctly describe a classroom episode,
but whether it can help teachers identify ideas
worth probing, prioritize key misconceptions, and
propose adjustments fitted to current class condi-
tions. Evaluation thus expands from analytical cor-
rectness to decision-support utility.

5.5 A realistic prioritization strategy

Not all of these extensions need to be advanced
simultaneously. The most practical starting points
are tasks already close to process-oriented instruc-
tional support and easier to connect to follow-up
evidence in virtual environments, such as feedback
generation, hint generation, misconception diag-
nosis, teacher-support analysis, and item-sequence
design. Tasks that require longer time spans or
higher ecological realism, such as full classroom
management, long-term learning-path tracking, or
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Aspect Task-based question generation evaluation Situated question generation evaluation

Evaluation unit A generated question or a static set of gener-
ated questions

A question-generating action within a learning trajec-
tory, including the current question, follow-up ques-
tioning, and adjustment of the question sequence

Context used Instructional objective, target concept, ques-
tion type, difficulty level, or Bloom level

Instructional objective plus learner state, prior re-
sponses, misconception type, interaction history, and
target learning progression

Task quality Correctness, clarity, solvability, concept cover-
age, and difficulty or cognitive-level match

These criteria are retained as lower-layer quality con-
straints before further situated evaluation

Process signal Mainly derived from the generated question
itself or from static scoring results

Learner responses, exposed misconceptions, need for
scaffolding, and whether subsequent questions are
adjusted accordingly

Educational value Educational usefulness is often inferred indi-
rectly from item quality

Misconception repair, cognitive progression, later
performance change, or teacher judgment of appro-
priateness for the learner and instructional goal

Success criterion The model can generate high-quality questions The model can generate questions that are both high-
quality task outputs and useful pedagogical actions
in a concrete learning process

Table 1: Task-based and situated evaluation of question generation.

complex course implementation, can follow later.

5.6 Illustrative case: question generation as
learning-path evaluation

To make the proposed extension more concrete,
we use question generation as an illustrative case.
Question generation is one of the most established
task families in educational LLM evaluation, and
existing benchmarks already provide useful ways
to assess whether generated questions are correct,
clear, solvable, aligned with target concepts, and
matched to a desired difficulty or cognitive level.
A situated extension does not weaken these criteria.
Instead, it changes the boundary of evaluation: a
question is no longer assessed only as a static text
output, but also as a pedagogical action within a
continuing learning process. Its value therefore
depends on learner state, prior responses, exposed
misconceptions, and subsequent learning progres-
sion. Table 1 summarizes the contrast.

The key change in this case is not simply that
the model may produce more than one question.
Rather, the relation among the question, the learner
state, and the subsequent instructional action be-
comes part of the evaluation target. A question
that satisfies static requirements for topic cover-
age and difficulty may still be weak in a situated
benchmark if it does not fit the learner’s current
understanding, fails to reveal a key misconception,
or provides little basis for the next hint, follow-
up question, or revision of the learning path. The
evaluation goal therefore shifts from asking only
whether the model can generate good questions to
asking whether those questions can support learn-

ing progression as pedagogical actions.
This case also illustrates how simulation-first

development can be connected to human calibra-
tion. In a simulated stage, benchmark designers
can instantiate learner agents with different ability
levels, misconception types, and response histo-
ries, then place generated questions into repeatable
learning trajectories. The protocol can observe
learner answers, misconception exposure, scaffold-
ing needs, and subsequent question adjustment un-
der controlled conditions. Human calibration can
then test whether these simulated signals align with
educational judgment, for example through small-
scale student evidence on conceptual understand-
ing, error repair, or later performance, and through
teacher judgments about whether a question se-
quence fits a specific instructional goal and learner
state. In this way, situated evaluation preserves the
comparability of NLP benchmarks while gradually
incorporating the educational value that matters in
actual learning processes.

6 Discussion: Feasibility, Limitations, and
Implementation Constraints

To make situated benchmarks buildable evaluation
schemes, three issues need clarification: the status
of task-based benchmarks, the implementation con-
ditions of situated evaluation, and the limitations of
the present claim (Suchman, 1987; Dourish, 2004).

6.1 Task-based benchmarks still matter

This paper does not reject task-based benchmarks.
They make it possible to decompose complex edu-
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cational capability into stable units, compare sys-
tems in standardized ways, and reproduce results
at relatively low cost (Chen et al., 2024; Hou et al.,
2024). Even after a situated turn, they still serve as
infrastructure. If a system cannot maintain basic
correctness in knowledge, feedback, or analysis,
it is difficult to discuss contextual fit or later ef-
fects. Task-based results also provide the lower-
level constraints that make situated comparison
interpretable. Situated benchmarks therefore com-
plement rather than replace task-based evaluation,
and are better understood as a higher-layer evalua-
tion built on task-based results.

6.2 Construction conditions and
implementation pathway for situated
evaluation

The main challenges of situated benchmarks are
higher cost, slower construction, and greater sub-
jectivity. Compared with single-item answering or
one-turn feedback, instructional action in context
is harder to standardize and depends more heav-
ily on history, role relations, outcome format, and
human judgment (Suchman, 1987; Dourish, 2004).
It also faces practical constraints involving rating
consistency, scenario sampling, and the collection
of follow-up evidence.

Feasibility comes from staged construction
rather than immediate reproduction of an entire
classroom. Evaluation units and protocols can
first be iterated in multi-agent simulations, struc-
tured traces, classroom scripts, and instructional-
design workflows, then calibrated through teacher
review, small-scale student participation, and au-
thentic classroom fragments. This approach avoids
hard-coding one teaching situation as the only valid
standard. A buildable benchmark does not require
full classroom realism at every stage, but explicit,
revisable simplifications open to external check-
ing. Virtual environments provide iterability, while
empirical calibration keeps benchmarks from be-
coming closed systems detached from reality.

Situated benchmarks should therefore not be-
gin by pursuing exhaustive scenario coverage or a
once-and-for-all protocol. A more realistic strategy
is to start with teaching episodes that have clearer
structure, role boundaries, and follow-up evidence,
then expand to more complex settings after local
protocols stabilize. They should also report where
judgment remains fragile, such as scorer disagree-
ment, scenario sensitivity, or limited follow-up evi-
dence, rather than compressing uncertainty into a

single score.

7 Conclusion

This paper argues that educational LLM bench-
marking should move beyond decontextualized
task evaluation toward situated evaluation of teach-
ing processes. Because education is processual,
context-dependent, and developmental, single-
output quality alone cannot determine whether a
model supports learning or instruction. We there-
fore propose a situated turn that evaluates pedagog-
ical action in context through layered evidence and
simulation-first development with empirical cali-
bration. The next step is not to abandon tasks, but
to return them to educational context and stabilize
standards that better reflect educational practice.

8 Limitations

This position also has concrete limitations. We do
not argue that all educational benchmarks should
become long-horizon, multi-turn, heavily empiri-
cal evaluations; for many foundational capabilities,
compact task-based evaluation remains more appro-
priate. Nor do we argue that only real-classroom
evidence has value: virtual environments, struc-
tured traces, and near-authentic teaching settings
can all ground situated benchmarks, although none
replaces educational research itself (Cobb et al.,
2003; Messick, 1995). More importantly, the
simulation-first route may still misrepresent real
classrooms when proxy learners, synthetic traces,
or LLM judges diverge from authentic interaction.
We also do not claim that situated benchmarking
can immediately deliver a unified standard. Be-
cause disciplines, grade levels, and pedagogical
goals define good instructional action differently,
a more realistic outcome is the gradual formation
of partially shared principles, locally comparable
protocols, and expanding task families rather than
a single global score or leaderboard.
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