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Abstract

The rapid adoption of large language models in Al-powered
language education has created an urgent need for evalu-
ations that assess pedagogical effectiveness, particularly in
language learning—one of the most common LLM use cases
(Tamkin et al. 2024; Costa-Gomes et al. 2025). With only
narrowly defined task-specific evaluations of Al system ca-
pabilities in second language (L2) education existing in the
literature, we require more holistic approaches in this Al for
education space. To address this gap, we describe the itera-
tion of the methodology we developed to build L2-Bench, a
novel, context-specific evaluation benchmark grounded in a
validated “language learning experience designer” construct
to assess Al capabilities across L2 education contexts. Our
methodology integrates pedagogical theory, sociotechnical
Al evaluation methods, and operationalizes a hierarchical tax-
onomy to structure an expert-curated dataset of over 1,000 au-
thentic rubric-scored task-response pairs with measurement
and scoring pipeline. We report the results of a pilot validation
exercise (N = 39) on an initial sample of our dataset (tasks
were validated as authentic [M = 4.23/5], but criteria scores
were lower [M = 3.94], with universally poor inter-annotator
agreement despite good internal consistency), alongside the
experimental design for our follow-up practitioner data vali-
dation study as we iterate and scale to the full dataset. Ulti-
mately, this research not only offers methodological lessons
towards a more context-specific Al evaluations ecosystem,
but also works towards better design of reproducible evalu-
ations for Al systems deployed to educational contexts.

Introduction

Access to language education is a human right (World Con-
ference on Linguistic Rights 1996). Large Language Models
(LLMs) are rapidly being integrated into language learning
products used by millions of learners worldwide. However,
no widely recognised benchmarks exist for evaluating Al
capabilities in education beyond narrow lesson generation
(Clark et al. 2020) or knowledge of pedagogical concepts
(Lelievre et al. 2025). Although important aspects, learning
experience design requires knowing when and how to use
these capabilities in practice, reflecting the diverse educa-
tional scenarios encountered in real-world settings.

“These authors contributed equally.

The absence of comprehensive evaluation frameworks for
Al in education creates several critical challenges. Educa-
tors and institutions lack systematic methods to assess Al
capabilities for specific teaching scenarios, leading to unin-
formed adoption decisions. Product developers cannot rig-
orously validate their Al implementations against pedagog-
ical best practices. Most importantly, the lack of standard-
ized evaluation impedes the development of more effective
Al-powered educational systems.

In this paper, we present consequential lessons learned in
the construction of L2-Bench, an evaluation benchmark as-
sessing Al performance in second language learning experi-
ence design. We discuss our iterative efforts to develop and
validate artefacts produced by our methods, and in doing so,
we make three contributions:

1. A novel methodology for developing Al evaluation
benchmarks specific to the unique norms, values, and dy-
namics of educational spaces.

2. A hierarchical taxonomy of 12 competencies and 31
subcompetencies that comprise a L2 learning experience
design construct, grounded in established pedagogical
framework

3. Lessons learned in the development of our novel
methodology, including positive and negative results of
our efforts to validate our core technical components:
taxonomy, measures, and an initial sample (325 items)
of our planned 1,300 item dataset.

Overall, we hope that our contributions help move AIED
evaluations in general beyond narrow accuracy metrics to-
ward more rigorous and context-sensitive assessment of Al
capabilities in educational spaces.

Related work

The speed and scale of Al system deployment have outpaced
the development of evaluation methodologies for novel tech-
nologies and real-world contexts (Feffer et al. 2025; Bean
et al. 2025; Reuel et al. 2024; Schwartz et al. 2025), prompt-
ing calls for greater rigor, systematization, and the incorpo-
ration of social scientific methods (Butler et al. 2024; Wei-
dinger et al. 2025; Olteanu et al. 2025).
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This evaluations crisis is acute in education, where no
generally accepted holistic evaluations for AI in educa-
tion exist despite rapid adoption (Digital Education Council
2024; Costa-Gomes et al. 2025). While some evaluations as-
sess performance in highly rules-based domains (e.g., math-
ematics or computer science), these are not readily transfer-
able to more open-ended educational settings. Conversely,
benchmarks claiming to measure broad constructs such as
knowledge or reasoning risk importing inappropriate mea-
surement techniques into educational contexts. These limi-
tations create conditions for substantial, compounding risk
(Bastani et al. 2024; Kennedy and Vargas Campos 2026).

Evaluations for Al in education are only beginning to
emerge. A growing body of scholarship suggests Al use
may yield marginal learning benefits but at a cost to en-
gagement (Pardos and Bhandari 2023; Nie et al. 2025).
Google DeepMind’s Learn.M team has produced a series
of evaluations during the development of a tutorial chat-
bot (Jurenka et al. 2024)and, in partnership with Eedi, con-
ducted a small (N = 165) RCT reporting a 5.5% improve-
ment in independent problem solving over human tutor-
ing alone (93.6% probability of a genuine improvement)
(Team et al. 2025). However, these evaluations remain pro-
prietary and focus narrowly on tutorial interaction, privileg-
ing instruction-following over holistic pedagogical adaptiv-
ity (LearnLM Team and Google 2025).

Other efforts are noteworthy but limited. Xu et al. (2025)’s
general-purpose Al education evaluation lacks grounding
in widely accepted pedagogical frameworks. Oak National
Academy released a benchmark dataset for Al-generated
educational content safety, though its scope is restricted
to safety concerns (Clark et al. 2025). Kennedy and Var-
gas Campos (2026)’s taxonomy of Al harms in education
advances context-specific evaluation but has yet to be widely
operationalized. Shetye (2024) qualitative analysis of Khan-
migo using Chapelle (2001)’s CALL framework offers use-
ful insights but relies on personal experience and thus re-
mains anecdotal.

Building L.2-Bench
Theory and design

A gap remains. Current evaluations insufficiently cover ed-
ucational contexts, particularly second-language learning,
and frequently misgeneralize tutorial interaction to group in-
struction. We present the first Al evaluation methodology for
language learning to our knowledge. It is also among the first
holistic evaluations of Al in educational contexts that eval-
uates Al models at both the instance- and systemic- level
(Solaiman et al.).

Context-specificity is key. Language education is different
from most other areas of education: it requires learners to
acquire more implicit knowledge and proceduralised skills
than other subjects; it comprises both the target of learning
and the means of learning; it is heavily influenced by af-
fective factors (motivation, identity, anxiety, confidence, and
willingness to communicate) (Papi and Khajavy 2023); and
it is fundamentally shaped by each learner’s own social and
cultural experience (Poehner and Lantolf 2024). As a result,

language is never “solved” (DeKeyser and Suzuki 2025).

Furthermore, classroom learning is not the aggregation of
individual interactions; knowledge is produced through so-
cial interaction (Bandura 1977; Kennedy and Vargas Cam-
pos 2024). Because Al systems shape learning both directly
and indirectly through instructional materials, evaluation
must extend beyond subject-matter knowledge to capture
learning experience design (Knight et al. 2026; Kennedy
and Vargas Campos 2026). Indeed, our evaluation is more
interested in assessing LLM capabilities in designing expe-
riences that promote the “doing,” not diagramming, of lan-
guage (Searle 1996; Austin 1975).

As the contours of language learning are unique, we aim
to produce evaluation artefacts that are each representative
of the peculiar “vernacular” (Kennedy and Vargas Campos
2024) of language learning. We draw upon three frameworks
common to UK, EU, and global language learning design:
the Council of Europe’s Common European Framework of
Reference for Languages (CEFR) (Council of Europe 2001),
the Eaquals Framework for Language Teacher Training and
Development (European Association for Quality Language
Services 2016) and the British Council’s Continuing Profes-
sional Development Framework (British Council 2025). We
also engage experts in a series of practitioner validation ex-
ercises.

The pedagogical frameworks utilized in this study cor-
respond to the leading UK/EU frameworks for teaching
these varieties of English. We utilize these frameworks here
to demonstrate the importance of these components to the
proposed methodology. In future implementations of this
method, other global frameworks of importance could like-
wise be used to produce evaluation tasks representative to
the target teaching context. Note that Eaquals reflects global
L2 education best practices. Lastly, we should restate that
our benchmark initially intends to assess model performance
specifically on EFL education (English as a Foreign Lan-
guage), in the medium of US or UK varieties of English (see
Appendix C.1 for more). We do so because these varieties
of English represent the most-often taught second languages
across the world (Blanco 2025). We recognize that models
do not perform equally well across World English varieties
(Smart et al. 2024).

Components

Taxonomy To evaluate Al capabilities in language educa-
tion learning design, we first define a learning experience
designer in second language education” which encompasses
the range of roles that intentionally design the conditions
that shape how people learn: teachers, materials develop-
ers (content or assessment creators), learning designers, and
teacher trainers (see Appendix C.1 for glossary). We then
define the construct as a hierarchical competency taxonomy
that articulates the capabilities required for effective “learn-
ing experience design” in L2 education.

Our cross-disciplinary team initially developed the taxon-
omy under three constraints: (1) understandability — avoid-
ing deep hierarchies that obscure interpretation; (2) inde-
pendence — reducing ambiguity in task classification while
acknowledging overlap; and (3) practitioner credibility —



we draw upon several established pedagogical frameworks
adapted interactions with Al systems.

It is useful to distinguish between two complementary
frameworks for language learning: a knowledge framework
representing what learners need in order to learn (i.e. cap-
turing the science of how language learners learn), and
a competency framework representing the application of
that knowledge (i.e. what practitioners need to do to apply
knowledge effectively). They are critical distinctions: L2-
Bench is based on the latter; we do not merely benchmark
pedagogical knowledge as existing evaluations already show
saturation on knowledge-based tasks (Lelievre et al. 2025).

The current L2-Bench taxonomy comprises 12 competen-
cies and 31 sub-competencies organized into 12 main com-
petencies across a two-level hierarchy (Figure 1) that span
the full scope of a second language learning experience
designer in second language education construct.

Table 1: L2-Bench taxonomy competencies.

Number Competency

Course Planning
Lesson Planning
Activity Planning
Language Presentation
Activity Management
Exchange Partner
Performance Evaluation
Giving Feedback
Progress Tracking

10 Emotional Intelligence
11 Assessment Creation

12 Professional Development
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Each competency comprises one to six sub-competencies
that capture specific capabilities assessable through “con-
sensus criteria” (Components). For example, to be compe-
tent in ”Giving Feedback” requires four sub-competencies:
identifying errors and diagnosing their causes; prioritizing
areas for feedback; providing explanations, models, or hints;
and providing improvement activities. See Appendix C.2 for
the full L2-Bench competency taxonomy.

Validation of the taxonomy proceeded through multiple
stages: iterative review during dataset construction of the
tasks and criteria (Components); the pilot validation (Pilot
Validation Exercise) providing empirical signal on whether
tasks designed around the taxonomy measured coherent con-
structs; and forthcoming practitioner validation with repre-
sentative stakeholder groups (Future Work).

Dataset The quality of an evaluation benchmark hinges on
the questions it asks. To this end, we operationalize our com-
petency taxonomy to design task-response pairs that assess
capabilities against each competency, targeting over 1,000
tasks to create a high-quality dataset with meaningful vari-
ation. Task design follows four heuristics adapted from the
UK AI Safety Institute’s guidance on question-answer pair
development (UK AI Security Institute 2024) and recently
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Figure 1: L2-Bench Taxonomy of Competencies - sunburst
visualization showing the 12 competencies and 30 sub-
competencies of a “learning experience designer in second
language education.” See Appendix C.2 for large format fig-
ure.

proposed AICALL frameworks (Bahari, Han, and Strzelecki
2025):

* Relevance: Tasks are authentic real-world scenarios that
directly relate to “learning experience designer compe-
tencies”, therefore requiring open responses.

* Perspective: Tasks consider multiple stakeholder view-
points with full coverage of educational contexts.

 Clarity: Tasks include sufficient guidance to enable ap-
propriate responses while avoiding ambiguity that could
lead to inconsistent scoring.

* Originality: Tasks test application of pedagogical
knowledge to new situations rather than relying on mem-
ory.

We constrained tasks to single-turn conversations (task-
response pairs) to enable simplicity in data creation and eval-
uation. Multi-turn alternatives involve difficult experimental
setup (recruiting users; contrived scenarios of experts role-
playing as users; or unvalidated synthetic users) as well as
requiring both turn-level and conversation-level evaluations
that increase complexity. We acknowledge this constraint
trades off against real-world relevance (learning interactions
are inherently multi-turn), and we actively plan to expand
into multi-turn dataset production. However, we note that
many learning design tasks are appropriately represented as
single turn interaction (e.g. an instructor prompting an LLM
for a quick introductory activity). And futhermore, begin-
ning with the simplest possible form of interaction (adja-
cency pairs) provides a stable baseline, which not only aids
iterative development but also project feasibility.

The dataset comprises tasks distributed across the 12
competencies that span diverse teaching contexts (“task vari-



ables”): geographic regions (Far East, South-East Asia, Mid-
dle East, Latin America, Europe, Africa), learner profiles
(ages from 4-6 to 26+, CEFR levels A1-C2, primary school
to corporate training settings), and learning aims (academic,
professional, exam preparation, travel, cultural).

To ensure scalability of generation and maintain experi-
mental control, L2-Bench items are produced through a hy-
brid human-AlI authoring approach that is modelled on pub-
lishing workflows:

1. “design”: language pedagogy experts create hand-crafted
task exemplars and establish prompt templates for both
task and reference answer creation

2. “draft”: state-of-the-art foundation models with agent
scaffolding generate candidate tasks, task criteria, and
reference answers using the prompt templates and exam-
ples

3. “review”: experts iteratively refine generated content,
with modifications triggering regeneration cycles

4. “approval”: a separate expert validates the reviewed
items for pedagogical soundness

5. “publish”: items are published in version-controlled
benchmark dataset release (see Appendix D.1).

To create authentic practitioner scenarios, some tasks in-
clude resources” (documents in markdown or CSV), how-
ever since our goal is not to benchmark tool-handling phe-
nomena, we simply append these resources in-context. Rep-
resentative task examples are provided in Appendix D.2.

Dataset validation proceeds through multiple stages: in-
ternal error analysis examines tasks for unrealistic scenar-
ios, sociocultural biases, and scoring ambiguity; pilot data
validation (Pilot Validation Exercise) provides quantitative
signal on task authenticity and criteria quality for 325 task-
response pairs, as well as qualitative reports that inform the
next stage of iterative refinements; and future practitioner
data validation (Future Work) following scaling to the full
1,000+ item dataset.

Measures Since tasks are designed to elicit open re-
sponses, evaluation cannot rely on standard accuracy met-
rics. We employ rubric-based measurement common to
high-stakes, contextual domains (e.g. medical diagnosis)
(Arora et al. 2025).

Binary Criteria. Scoring rubrics are composed of
weighted criteria, where each criterion outlines what an ideal
response should include or avoid. We employ binary pass/-
fail decisions for each criterion rather than Likert scales
for two reasons: (1) calibrating both human annotators and
LLM-Judges ("auto-scorers”) on multi-point scales where
the differences between adjacent points are subtle is chal-
lenging (Yan 2025); (2) binary labels yield faster, more con-
sistent human annotations, and simpler auto-scorer align-
ment due to clear decision boundaries. Criteria are assigned
point values from -10 to +10 based on importance, with neg-
ative points for undesirable responses. Final scores are com-
puted by summing points for criteria met and dividing by the
maximum possible score.

Criteria System. The hierarchical structure of the compe-
tency framework enables granular assessment while main-
taining connection to broader pedagogical competencies.
We define three types of criteria:

Consensus Criteria. Defined per sub-competency with
expert agreement, capturing essential requirements for com-
petent performance. Tasks inherit consensus criteria from
their tagged sub-competencies. For example, any task
tagged with sub-competency 08a (identifying errors and di-
agnosing causes) includes the consensus criterion: “Esti-
mates the likely causes of the error - e.g. gaps in knowledge,
or skill proficiency” (weight: +5).

Task Criteria. Criteria specific to individual tasks that
capture context-specific requirements (designed to be
unique).

Universal Criteria. Criteria applied to all tasks, with
weightings conditional on task context, for example,
CEFR-level language appropriateness (weight: +9 for
learner-facing responses, +2 for teacher-only responses)
and child-safety considerations (weight: -10 for offensive
content, -5 for sensitive content requiring teacher guidance).

A task rubric is therefore composed of task criteria, con-
sensus criteria, and universal criteria, all designed to be in-
dependent of one another (see Appendix C.2 and Appendix
C.3). Reference answers are designed to score maximally
against each task rubric, providing guidance for both human
and automated scoring.

Scoring pipeline We do not want to underestimate what
models can do, but instead elicit their best response, and
therefore every task has a system prompt to capture the im-
plicit context a practitioner with expertise in the underlying
competency may have to perform the task, without reveal-
ing task scoring rubrics. We design system prompts using
best practices in capability elicitation (UK AI Safety Insti-
tute 2024) pairing each task with its own unique prompt tem-
plate of:

1. role establishment

2. domain expertise

3. contextual framing (based on the “task variables™)
4. optional chain-of-thought reasoning.

We recognise that optimal elicitation techniques vary
across models, but we accept this trade-off vs unelicited
prompts that may underestimate capability or even favor cer-
tain models over others due to inherent prompt biases (Ab-
bas, Waggoner, and Olive 2025).

We use open or cloud-hosted API endpoint models for
all generation and scoring pipelines in order to minimise
leakage to model providers and therefore mitigate bench-
mark saturation and contamination. A model receives the
task-specific system prompt and the task itself (with any ’re-
sources”) as input and generates an open-response.

Scoring open-responses against rubrics at scale requires
automated approaches; we therefore employ LLM-as-a-
Judge (auto-scorer) as our scoring mechanism for assessing



open-ended generations against our task rubrics. Having de-
constructed our rubrics into binary decisions, we can present
simpler judgments to the auto-scorer by providing it with a
single criterion at a time (Yan 2025), whilst also mitigat-
ing (but not solving) documented limitations in LLM-as-a-
Judge literature, such as verbosity bias (preferring longer re-
sponses) and judge bias (favouring responses from the same
model family) (UK AI Safety Institute 2025). We will em-
ploy techniques to test for known failure modes that our
research design implicates most clearly, such as pairwise
testing (Liu et al. 2024) and playing favorites (Spiliopoulou
et al. 2025).

We develop our auto-scorer in two phases: (1) initially,
we use Claude Sonnet-4.5 with thinking as the auto-scorer
foundation model for our scoring pipeline (outputting rea-
soning traces to enable subsequent meta-analysis), then (2)
we will later collect scores from human experts in our future
practitioner data validation and use this data to optimise the
auto-scorer by varying models and prompts.

Currently, we employ reference-guided prompting for
our auto-scorer, whereby the auto-scorer receives the task-
response pair along with the original task context, task meta-
data (competency, sub-competency, task variables), the ref-
erence “gold standard” answer, and a single criterion from
the task rubric to score against. This approach assumes that
the reference answer is an objective solution. Of course, this
does not hold in many educational contexts, and so we tem-
per our expectations for inter-judge agreement in our future
practitioner data validation (Future Work).

Our scoring pipeline begins with generating a response
per task. For each response, our auto-scorer determines
whether the response meets each criterion; if the criterion
is met, full points are given, otherwise no points are given.
We then get the total points for a given task-response pair
by summing the point values for criteria met and dividing
by the maximum possible score to produce the task score (a
task score can be negative if more negative points were as-
signed to it than positive points). For each task, we calculate
an Al system’s overall L2-Bench score by taking the mean
of these task-level scores, clipped between 0—100

To ensure trust in our future L2-Bench leaderboard rank-
ings, we will conduct uncertainty quantification that distin-
guishes genuine performance gaps from measurement noise
(Miller 2024). We will therefore generate n = 3 responses
per task and compute the mean score, reporting standard er-
rors alongside point estimates to enable statistical inference
on model differences rather than relying solely on rank or-
dering (see Appendix E for details).

Pilot Validation Exercise

Prior to full-scale development of L2-Bench, we conducted
a pilot validation study (IRB-exempt) which served two pur-
poses:

1. gathering early feedback to improve the competency
construct and dataset design before scaling to the full
1,000+ tasks

2. informing best practices for a future global practitioner
data validation (Future Work), such as establishing eval-

uation design parameters, identifying challenging com-
petencies, and calibration guidelines.

Methods

Participants (N = 39) were recruited from a leading UK uni-
versity in collaboration with the university’s careers network
team. Recruitment proceeded via an intranet announcement
for voluntary work experience that included an application
form detailing: eligibility (postgraduates enrolled in taught
masters programmes in Arts, Humanities and Social Sci-
ences), time commitments (2-3 hours per week over six
weeks) and the study format (a team-based ‘challenge’).

While this participant group was chosen primarily for
availability within our development timelines, their critical
thinking backgrounds and diverse perspectives were deemed
appropriate to scrutinise our benchmark components to iden-
tify patterns that would allow us to iterate. Furthermore, de-
spite not holding practitioner roles that would be best placed
to validate L.2-Bench (see Section 5), 32 of the participants
were international students with L2-English proficiency, 8
had prior teaching experience, and 4 were enrolled on MA
Education programmes, all relevant experiences direct or ad-
jacent to L2 education that could be reasonably drawn upon
for initial validation signal on elements of our benchmark.

Participants were initially put into 8 teams of 6 stratified
by L2-English and teaching experience to balance expertise
levels (see Appendix A.2 for complete team composition),
with the challenge format (involving prize incentives) en-
couraging teams to operate independently as cluster-level
evaluators (N = 8), minimising leakage between samples.
Teams were assigned 325 task-response pairs in randomised
order across each team to ensure broad coverage across all
competencies. Data (complete with all task metadata, refer-
ence answer) was provided in both Excel format and on an
internally-hosted instance of the open-source Langfuse an-
notation platform (which was also used to collect item-level
ratings and free-text annotations) to accommodate different
working preferences. Task responses were generated with
Claude Sonnet-3.7 via Amazon Bedrock API with default
settings (T = 1.0, top-p = 0.999, top-k = 250).

To measure dataset validity, we encouraged participants
to rate task authenticity and criteria adequacy for each task
item in the dataset on 5-point Likert scales (we used rather
than 7-point scales to enable faster ratings without sacrific-
ing reliability (Preston and Colman 2000)):

* Authenticity score: Does the task represent an authentic
L2 educational scenario?

* Criteria score: Do the task rubric criteria evaluate the
Al response well enough to distinguish good vs poor re-
sponses?

Beyond individual ratings, teams produced written reports
identifying systematic issues in task design and broader
competency construct and proposing revisions. Teams re-
ceived five hours of dedicated in-person training, with two
2-hour sessions dedicated to study orientation and calibra-
tion (objectives, background context, interface, practice task
validation examples, norming discussions) within the first



two weeks, plus one additional hour per team for focused
question-and-answer support in the third week.

Results

Response rates and coverage The study collected 1,128
ratings across 325 unique tasks, achieving an overall re-
sponse rate of 43% (1,128 of 2,632 possible rating oppor-
tunities). Response rates varied considerably across teams,
ranging from 15% to 89% (see Appendix A.3), reflecting
a combination of team dynamics, the substantial time re-
quired per task (teams estimated 10-20 minutes for the aver-
age task) and poor Ul experience on the annotation platform
(teams preferred the spreadsheet interface). Critically, there
was 100% task coverage (all tasks received at least one rat-
ing), with 77% of tasks receiving three or more independent
ratings - the minimum typically required for meaningful re-
liability analysis. Response patterns varied systematically
across competency domains, revealing which areas evalu-
ators found more accessible (see Appendix A.4). Certain re-
sponses were missing but not at random, with specialised
competencies showing notably higher skip rates: “Evaluate
student’s performance” (69%) and ”’Support professional de-
velopment” (63%). Given teams had varying levels of expe-
rience with Al tools and pedagogical assessment, this self-
selection pattern may indicate that only evaluators feeling
qualified responded, potentially concentrating expertise in
those ratings.

Dataset validity After converting the 5-point Likert scales
(where 1="Strongly Disagree’ through 5="Strongly Agree’),
evaluators broadly endorsed benchmark tasks as represent-
ing realistic teaching scenarios, with authenticity scores av-
eraging mean M = 4.24 (95% CI [4.19, 4.30]). This offers
some evidence that our task design methodology reflects
authentic teaching practice, albeit the UK-based university
evaluators limits generalisability to global L2-educational
contexts. However, criteria scores were lower (M = 3.93,
95% CI [3.87, 3.98]). The Wilcoxon signed-rank test con-
firmed this gap (W = 42,690, p < 0.001, d = 0.28), indicat-
ing that while participants agreed that the tasks are realistic,
they are less sure that the criteria are sufficient to evaluate
pedagogical quality of Al responses. Table 2 gives the sta-
tistical summary of the pilot data validation (see Appendix
A.1 for complete statistical methodology).

Performance varied meaningfully across competency do-
mains, with pedagogically complex competencies such as
“Present language learning points” (M = 3.69) and ’Giving
feedback” (M = 3.77) scoring lowest on criteria scores de-
spite high authenticity ratings (see Figure 2).

We measured inter-annotator agreement on criteria (here-
after criteria IAA) using Krippendorff’s Alpha to handle in-
complete data (see Appendix A.1). Criteria IAA scores were
universally poor across all competencies (see Figure 3).
Two-thirds (8/12) showed negative values, indicating sys-
tematic disagreement where evaluators diverged more than
expected by chance. The maximum alpha achieved was just
0.10 (Course Planning), far below the 0.80 threshold re-
quired for reliable conclusions (Krippendorff 2004).

We also conducted criteria internal item consistency

Table 2: Summary statistics from pilot data validation.
Auth=Authenticity; Crit=Criteria; M=Mean; CI=95%
confidence interval; SD=Standard deviation; IAA=Inter-
annotator agreement (Krippendorff’s «) for critera;
[IC=Internal item consistency (Cronbach’s «) for criteria.

Metric Value
Tasks 325
Ratings 1,128
Skip % 57%
Auth M 4.24
Auth CI [4.19, 4.30]
Crit M 3.93
Crit CI [3.87, 3.98]
Crit SD 0.99
T1AA () —0.01
IIC (o) 0.95

Quality Scores by Competency (with 95% CI)
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Figure 2: Criteria and authenticity scores per competency
with 95% Cls.

(hereafter criteria IIC) analysis using Cronbach’s Alpha to
assess whether tasks within each competency measured a
coherent underlying construct (see Appendix A.l1 for de-
tails). Most competencies demonstrated at least low-to-
moderate criteria IIC values (o > 0.40) on criteria scores,
with overall criteria IIC achieving excellent reliability (a =
0.95) (see Figure 2).

This pattern of poor criteria IAA with low-to-excellent
criteria IIC is consequential. It provides initial evidence that
tasks designed around the competency taxonomy are mea-
suring the same underlying concept, even if evaluators apply
systematically different standards to assess the suitability of
proposed ways of measuring that concept.

We can explain this result primarily via calibration: ul-
timately evaluators were postgraduate students, not experi-
enced practitioners, meaning that evaluators brought their
own implicit standards for good” performance. Future val-
idation exercises with professional practitioners will shed
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Figure 3: Side-by-side panels showing (a) Krippendorff’s o
(criterion IAA) and (b) Cronbach’s « (criterion IIC) by com-
petency for criteria scores with 95% CI.

more light on this phenomenon (Future Work). At the same
time, we felt it important to report our negative results
against criteria to demonstrate to those working in allied
fields that they should exercise caution when transferring
rubric-based evaluations methodologies across domains. Ul-
timately, we think this also factors into the misalignment be-
tween poor criteria IAA on highly-rated criteria IIC items.

The ”Giving Feedback” competency warrants mention as
it illustrates the distinction between construct validity prob-
lems and evaluator calibration problems. This competency
showed the highest score variance (SD = 1.13) and the
second-lowest mean criteria score (M = 3.77) despite high
authenticity (M = 4.32). Yet it exhibited the second-highest
Cronbach’s alpha (a = 0.76) alongside negative Krippen-
dorft’s alpha (o = -0.01), following the overall trend that
tasks within “Giving Feedback” measure a coherent con-
struct, but that evaluators apply systematically different stan-
dards when judging feedback criteria.

Nevertheless, despite poor criteria IAA scores, moderate
to excellent criteria IIC scores from an adequate sample of
one of our core stakeholder groups (postgraduate learners)
provide promising early signal that the L2-Bench con-
struct is sound. We propose future and larger-scale valida-
tion work to confirm these findings (Future Work).

Iteration

Beyond quantitative analysis, teams produced written re-
ports identifying systematic issues across L2-Bench compo-
nents. Prior to the scaling up to the full 1,000+ task dataset,
we may use this feedback to make revisions in three areas:

Competency taxonomy. Several sub-competencies were
identified as oversimplified. In other areas, practitioners ob-
served “inter-competency” elements: capabilities that ap-
pear important in multiple competencies. We will deter-
mine whether these represent distinct competencies or cross-
cutting capabilities requiring separate treatment. We hypoth-
esize that the method (of producing a taxonomy based on
language-specific pedagogies) will scale to other pedago-
gies. However, we also believe each of these is, ultimately,
an empirical question and one we will consider in future
work.

Evaluation criteria. Evaluators noted that some criteria
are more abstract or more context-sensitive than others; we
plan to implement variable consensus criteria weightings
based on task context and expand universal criteria to ad-
dress sensitivities that vary by geographic and cultural con-
text.

Task design. We will expand on our task variable ap-
proach for systematic task design, creating a framework of
the context dimensions that impact on language learning
tasks and responses — from linguistic context, to educational,
resource availability and social factors. Additionally, we will
standardise task wording for consistency where equivalent.

Future Work

The tasks of a ”learning experience designer in second lan-
guage education” span multiple roles (teaching, content cre-
ation, assessment, learning design, professional develop-
ment), but no single person or role is sufficiently skilled in
all areas to validate these independently. Even if such a per-
son existed, the dynamics of global pedagogy vary signifi-
cantly from person to person, day to day, learning problem
to learning problem. Therefore, we need data validation that
brings together multiple stakeholder groups:

* Language learning practitioners: Experienced practi-
tioners that design the conditions in which people learn

* Language teachers: L2 teachers, particularly those who
engage with pedagogical position papers and research

* Language assessment specialists: Professionals who
design and validate L2 assessment tests

* Researchers: Academic researchers in L2 education

* EdTech professionals: Professionals who design, imple-
ment or administrate applications for L2 education

* Learners: Advanced adult L2 learners for language flu-
ency requirements and ethics considerations.

To this end, we will build on our pilot data validation
to conduct a global practitioner data validation” study, re-
cruiting volunteers across the above stakeholder groups from
our institution network whilst accounting for practical con-
straints in both representation (see Appendix B2) and ethi-
cal considerations (see Impact Statement). Practitioners will
be assigned to practitioner groups” (groups) matching their
expertise through a short pre-screening survey, and these
groups are then mapped to primary competencies from the
L2-Bench competency construct which will be used to filter
which tasks they will validate (see Appendix B2 Table 8 for
group definitions and competency coverage). This stratified
approach ensures specialist coverage for challenging com-
petencies, while enabling cross-validation by practitioners
with diverse professional perspectives.

The practitioner data validation will involve the full L2-
Bench dataset of 1,300 task-response pairs (1,000 pairs to
be released, 250 hold-out pairs for auto-scorer optimisation
and benchmark saturation detection, and allowing for up to
50 pairs that may be excluded following validation (see Ap-
pendix B.5)), addressing three primary research objectives
(ROs):



Table 3: Research objectives (RO), statistical methods, success criteria and power status (v'= well-powered at 80%) for practi-
tioner validation. IAA and IIC computed separately for authenticity and criteria scores.

RO Analysis Methods Target In Pilot Power
RO1  Authenticity M One-sample t-test >4.0/5 v v
RO1  CriteriaM One-sample ¢-test >3.5/5 v v
RO1 1AA Fleiss’ k >0.20 Kripp’s v v
RO1 T1IC Cronbach’s « >0.70 v v
RO1  Auth vs Criteria gap Wilcoxon signed-rank — v v
RO1  Mixed effects model Likelihood ratio test d=0.30, p <0.05 — ~45%
RO2  A/B preference Binomial test ~70% ref, p <0.05 — v
RO3 Inter-judge agreement  Cohen’s k >0.60 — v
RO3  Auto-scorer sensitivity ~ Recall >0.80 — v
RO4  Group differences Mann-Whitney U r=0.3 — ~68-92%

RO1. Measuring dataset validity by establishing practi-
tioner agreement on task authenticity and criteria adequacy.

RO2. Measuring answer quality by conducting blind
comparisons of Al-generated responses to tasks versus our
reference answers.

RO3. Measuring auto-scorer validity by collecting
practitioner scores on “Al answers” against the task rubric
and establishing inter-rater agreement.

We will also explore whether agreement varies systemat-
ically by practitioner expertise on competencies where we
have diverse professional coverage (RO4).

While RO1 mirrors our approach to the pilot data valida-
tion (Pilot Validation Exercise), RO2 and RO3 are motivated
by our desires to measure the reference answers produced in
our task item production process (Components) and to ex-
plore the extent of practitioner bias against Al answers over
reference answers. Moreover, the data collected for RO3 will
be used to optimize our auto-scorer before dataset release.

For each task-response pair shown to the practitioner,
the validation workflow proceeds sequentially through 2-3
stages:

1. practitioners rate task authenticity and criteria adequacy
on 5-point Likert scales

2. they complete blind A/B comparisons where two answers
— one Al-generated, one reference — are presented in ran-
domized order; practitioners indicate preference with op-
tional comments, and

3. after revealing the ”Al answer” (which is randomized to
be either the Al response or our reference answer), some
validators score the ”Al answer” against the task rubric
on each criterion as Pass/Fail with optional comments,
enabling measurement of inter-rater agreement with the
auto-scorer.

The Al response will be generated by a single frontier
model using the model provider’s recommended default set-
tings.

To achieve well-powered analysis, we seek 5 validity
raters per task (Part 14+2) and 3 judge raters per task (Part 3).
We analyze results using Fleiss’ Kappa for inter-annotator
agreement (IAA), Cronbach’s Alpha for internal consistency

(IIC), Cohen’s Kappa for inter-judge agreement (IJA), and
mixed-effects models to test whether ratings differ system-
atically across competencies while controlling for rater and
item effects. Table 2 summarizes our research objectives,
statistical methods, and success criteria (full statistical meth-
ods and power analysis are detailed in Appendix B.3).

Based on pilot results, we anticipate authenticity ratings
exceeding M = 4.0/5 and criteria adequacy exceeding M
= 3.5/5, strong IIC > 0.70, and variable Fleiss TAA >
0.20 across competencies - pedagogical quality is contingent
upon many factors, including teaching philosophy and expe-
rience, learner needs, and the learning problem in question.

We hypothesize reference answers will be systematically
preferred over Al answers when that is true (~70% prefer-
ence for reference), but when the Al answer is disguised as
a Reference answer, we suspect a smaller systematic pref-
erence for the “Reference answer”, accounting for practi-
tioner bias against Al answers. Furthermore, we set a prag-
matic target of inter-judge agreement (IJA) for fair agree-
ment (x > 0.20), acknowledging the limitations of our initial
reference-guided auto-scorer, recognising that many scenar-
ios in language learning lack clear “correct” answers. For
instance, when giving feedback, multiple lexical or seman-
tic formulations may be acceptable, counterfactual learning
techniques might be employed, and appropriacy will depend
on unstated contextual factors (Knight et al. 2026), as well
as accounting for practitioner fatigue (Yan 2025).

Given the substantial practitioner time commitment re-
quired to power our study (~ 2,400 hours), we document
risk mitigation strategies in Appendix B.4, including over-
recruitment buffers and reduced-coverage fallback designs
that preserve statistical validity. In addition to validating L.2-
Bench, we note that we also use the results from the practi-
tioner study to apply a task-response pair exclusion protocol
(Appendix B.5) to remove validation outliers before the final
dataset release (Truong et al. 2025).

Conclusion

We have introduced L2-Bench, an evaluation benchmark in-
tended to assess Al system capabilities for performing tasks
entailed in quality learning experience design in second lan-
guage education. Our paper primarily reported our method-
ology, detailed key artefacts (e.g. our taxonomy, measures,



and aspects of our pilot dataset) and validation exercises
in the hopes that these methods can be of broader use to
the evaluations community as well as those developing Al
systems for educational contexts, including but not limited
to language learning. Ultimately, our work demonstrates
the feasibility of creating rigorous, scalable evaluations that
bridge Al capabilities with learning science theory, con-
tributing to efforts within the AI evaluation community to
move beyond narrow accuracy metrics toward more rigor-
ous, context-sensitive assessment of Al capabilities.
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Impact Statement
IS1. Human Subjects Research for Data Validation

Both the pilot validation study and the forthcoming practi-
tioner validation were designed in accordance with estab-
lished research ethics principles. Participation is voluntary
with explicit right to withdraw at any stage without penalty.
Informed consent covers study purpose, procedures, time
commitment, data handling, and anonymisation. All data
collection complies with UK GDPR requirements; ratings
are anonymised before analysis and stored securely follow-
ing institutional data governance policies with 5-year post-
publication retention. A formal legal agreement between
participating institutions and/or individuals establishes clear
provisions for intellectual property, confidentiality (5-year
non-disclosure with specific Al tool restrictions to prevent
data contamination that could compromise benchmark va-
lidity), and data protection.

Both studies are structured as voluntary programmes. The
pilot study was conducted in partnership with a UK univer-
sity’s careers network team as a voluntary challenge pro-
gramme designed to provide meaningful professional de-
velopment with non-monetary incentives, and a prize in-
centive for the winning team.The practitioner study will be
conducted predominantly on a voluntary research basis with
non-monetary incentives. All incentives are subject to com-
pliance review to ensure fair recognition for participant con-
tributions.

The practitioner study additionally employs a blind A/B
comparison protocol where participants compare two an-
swers — one Al-generated, one reference — to whicih we then
reveal the ”Al answer” (which is randomized to be either the
Al response or the reference answer). This methodologically
necessary blinding is mitigated through full debriefing after

completion, scientific rationale for the design (Future Work),
and the opportunity to withdraw data post-debrief. We also
address practitioner burden through flexible scheduling and
clear time-per-task communication.

IS2. Broader Impacts

We anticipate this work will contribute positively to the Al
evaluation ecosystem by providing an open-source bench-
mark and methodology that enables more rigorous assess-
ment of Al capabilities in educational contexts.

We remain attentive to several concerns. First, bench-
marks assessing Al capabilities in education could, in prin-
ciple, be repurposed to evaluate human educators; we note
explicitly that our work focuses solely on Al system as-
sessment and we have no products or interests in teacher
evaluation. Second, our reliance on predominantly European
frameworks (CEFR, Eaquals) may embed cultural assump-
tions that limit generalisability; we plan to partner with re-
gional language education organisations to address this in
future iterations. Third, leaderboard rankings could inad-
vertently incentivise benchmark-specific optimisation rather
than genuine pedagogical improvement.

Unanticipated consequences may arise from applications
of our competency taxonomy or evaluation methodology in
ways we have not foreseen. We encourage researchers build-
ing on this work to consider the potential for dual-use appli-
cations, to examine their own assumptions about pedagogi-
cal quality, and to implement appropriate safeguards when
deploying evaluation frameworks in educational contexts.
Likewise, we are actively exploring how our benchmark can
evolve to account for multi-turn nature of authentic peda-
gogical relationships.

Once we are satisfied with the effectiveness of L2-Bench
as described here, we plan to expand the benchmark it-
self. Planned expansion includes (1) increasing the num-
ber of tasks to maintain task representativeness and depth
and establishing regular update intervals; (2) exploring how
best to include support for multi-turn interactions; (3) ex-
panding coverage to image and audio modalities (which
are common in language learning design); and (4) includ-
ing more globally diverse practitioner communities and lan-
guage education frameworks. We intend to achieve this lat-
ter goal primarily through leveraging extensive institutional
relationships with communities of practice (broadly con-
strued) across the world.

We also note that L2-Bench is the first evaluation bench-
mark in a planned Al-for-education evaluation ecosystem.
We dwell on our evaluation methodology because we intend
to scale our methods to support evaluation in other domains
for which usage data indicates evaluation needs are particu-
larly acute—for instance, in legal pedagogy.

IS3. Generative AI Statement

Generative Al tools were used in several aspects of this re-
search.

For core methodology, Claude models (Anthropic) via
Amazon Bedrock API served three functions: (1) Claude
Sonnet-4.1 and Sonnet-4.5 with Claude Code initially gen-
erated candidate tasks, criteria, and reference answers dur-



ing hybrid human-Al dataset authoring (Components); (2)
Claude Sonnet-3.7 generated Al responses for pilot valida-
tion (Methods); and (3) Claude Sonnet-4.5 with extended
thinking serves as the auto-scorer foundation model (Com-
ponents). All Al-generated content underwent expert review
and validation.

For research support, GenAl assisted with: reviewing ex-
perimental design and identifying methodological improve-
ments; research on statistical methods and their implemen-
tation; reviewing data processing pipelines and analysis iter-
ations; and iterating on data visualisations.

For manuscript preparation, GenAl assisted with: LaTeX
table and equation formatting, grammar and spelling review,
and website development that resulted in figure creation.

All substantive research decisions, interpretations, and
conclusions remain solely the responsibility of the authors.
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Appendices

Pilot Study
Statistical Methods

Our pilot analysis first involved extracting raw scores from the Langfuse annotation platform and converting them to 1-5 Likert
scale (where 1=Strongly Disagree through 5=Strongly Agree). We then employed statical methods appropriate for ordinal
Likert-scale data and sparse rating matrices:

Inter-annotator agreement (IAA) We used Krippendorff’s Alpha to compute IAA rather than Fleiss’s Kappa because it
handles missing data (albeit limiting precision):
D,
a=1 D. (D)
where D, is observed disagreement and D, is expected disagreement under chance; for ordinal data, disagreement weights are
(i — 7)? for categories i and j.

Alpha was computed to respect the ordinal nature of Likert scales. Items required ratings from N > 2 evaluators for inclusion.
Alpha can be strongly affected by prevalence/skew: in our study, the marginal distribution of ratings was highly concentrated
with most ratings clustering around 4-5 (see Appendix A.3), so we expect some depression of Krippendorf’s alpha (modest
disagreement appears large relative to the low expected chance disagreement baseline). Our confidence intervals should be
interpreted cautiously as an uncertainty heuristic rather than a theoretically exact interval since our implementation differs from
Krippendorff’s proposed bootstrap (see below).

Internal-item consistency (IIC) We used Cronbach’s alpha using the standard variance formula to compute ICC:
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where k is the number of items, o7 is the variance of item 7, and 0% is the variance of total scores.

Due to high missing data (~50% across competencies), and to avoid dropping items that would change the construct, we
filtered to items with N > 3 raters and used mean imputation for remaining missing values. We acknowledge this may bias
alpha upward (mean imputation reduces item variances which can inflate inter-item correlations). However, we note that stan-
dard Cronbach’s alpha assumes interval-level data, and we would therefore expect ordinal-appropriate methods (e.g. Spearman
instead of Pearson correlations) would yield slightly higher alpha estimates. Finally, Cronbach’s alpha assumes exchangeable
respondents, but team-level effects may violate this assumption, meaning IIC confidence intervals should be treated as heuris-
tic rather than exact. In any case, given our overall alpha of 0.95 already indicates excellent reliability, this methodological
limitation does not affect our substantive conclusions about internal consistency.

Confidence intervals (CI) For statistics without known sampling distributions (e.g. Krippendorft’s a, Cronbach’s «), we
used bootstrap resampling (n = 500 iterations, percentile method) to provide a heuristic uncertainty band:
For statistic 6, resample items B times with replacement, compute ¢; for each resample:

Cl= [9?0.025)79?0.975)] 3)
For descriptive statistics (means), we used parametric t-distribution CIs given their known asymptotic properties.

Group comparisons All inferential tests used non-parametric methods appropriate for ordinal data: Wilcoxon signed-rank
for paired comparisons (authenticity vs criteria scores):

w- Y R @

i:d; >0
with d; being the paired difference and R; the rank of |d;]|.
For interpretability, we report effect sizes as Cohen’s d for paired samples (acknowledging that d incorrectly assumes interval
data):
i
d=— (5)
s
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Practitioner Data Validation
Design Parameters

Table 7 summarizes the key design parameters for the practitioner data validation. The design targets 100% dataset coverage to
enable comprehensive validity assessment and well-powered statistical analysis (see Table 3 and Appendix B.3).

Table 4: Validation design parameters. Valid=Validity scoring tasks; I[JA=Inter-judge agreement tasks; /Task=Raters per task;
Time=Time per task; Hours=Total hours; Days=Person-days (7h/day); N=Practitioners required; Tasks/Comp=Tasks per com-
petency.

Dataset ~ Valid IJA Valid/Task 1JA/Task  Valid Time IJA Time Hours Days N Tasks/Comp
1,300 1,300 1,300 5 3 ~15min  ~10min ~2,38%h ~342 ~710 ~108

Practitioner Group Definitions

Table 8 summarizes practitioner group definitions, where practitioners are recruited from institutional networks and global
practitioner communities to ensure diverse professional perspectives and geographic representation.

Practitioner counts (N) are derived from the total hours required for well-powered analysis (~2,389h, see Appendix B.1), di-
vided by expected time commitment per practitioner. Time estimates vary by group accounting for role expertise to competency
mapping, professional availability and pilot findings:

* We expect classroom teachers (Group C) contribute ~1 hour given teaching schedules, while content specialists and learners
(Groups A, B, F) contribute ~7 hours given their professional focus on materials development.
* We apply a ~15% over-recruitment buffer to account for expected dropout and scheduling variability.

» Time estimates are also informed by pilot findings (Methods), adjusted for expected efficiency gains from (a) domain exper-
tise enabling faster task completion, and (b) improved annotation interface design.

Table 5: Practitioner group definitions. Hours per person vary by professional availability and role focus.

Group Description N Hrs/Pers Hours Competencies

A: Content Materials developers, curriculum designers  ~150 ~7.0h ~1,055h 01, 02, 03, 04, 05, 08
B: Assessment  Test developers, evaluation experts ~18 ~7.0h ~125h 06, 07,09, 11

C: Teaching Active classroom teachers ~60 ~1.0h ~60h 01-10, 12

D: Generalists  EdTech professionals, administrators ~360 ~1.4h ~508h 06, 08

E: Academic Researchers, teacher trainers ~60 ~3.5h ~211h 05, 06, 07, 09, 10, 12
F: Learner Advanced L2 users ~62 ~7.0h ~432h 06, 08

Total ~710 ~2,389h

Table 9 shows competency coverage mapping, indicating which practitioner groups serve as primary and backup reviewers for
each competency. Competencies 07 and 09 have expanded coverage through Teaching and Academic groups; only competency
11 requires assessment specialists exclusively.

Table 6: Competency coverage mapping by reviewer group.

Competency Primary Backup

01-03. Planning A, C D
04. Running Activities A, C —
05. Language Learning A,C,E —

06. Exchange Partner All —

07. Performance Eval C,B,E A,D

08. Giving Feedback A,C,D,F —

09. Progress Tracking C,B,E A

10. Emotional Intel C,E A,D,F
11. Assessment Creation B A (trained)

12. Professional Dev E, C —




Statistical Methods and Power Analysis

This section details our statistical framework for the practitioner data validation. Where methods overlap with the pilot study
(Appendix A.1), we note key differences and refer to Appendix A.1 for foundational explanations.

Inter-annotator agreement (IAA) We use Fleiss’ Kappa for IAA rather than Krippendorff’s Alpha (used in the pilot, Ap-
pendix A.1) because the practitioner study achieves complete rating matrices within each task (5 raters per task for each rating
type):

P—
" e 6
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where P is the mean proportion of agreeing rater pairs and P, = > j p? is expected agreement by chance.

Internal item consistency (IIC) As in the pilot (Appendix A.1), we use Cronbach’s Alpha to assess whether tasks within
each competency measure a coherent underlying construct.

Confidence intervals (CI) As in the pilot (Appendix A.1), for statistics without closed-form distributions (Fleiss’ x, Cron-
bach’s «r), we use bootstrap resampling to provide uncertainty estimates.

Descriptive comparisons As in the pilot (Appendix A.1), we use Wilcoxon signed-rank tests appropriate for ordinal data,
reporting effect sizes as Cohen’s d for interpretability while acknowledging this incorrectly assumes interval data.

Inter-judge agreement (IJA) We assess agreement between human practitioners and our auto-scorer using Cohen’s Kappa
(two rater agreement) on binary Pass/Fail decisions per criterion:

P,— P,
_ 7
1-P (N
where P, is observed agreement and P, is expected agreement by chance.
Auto-scorer sensitivity We focus on auto-scorer sensitivity (recall) for detecting failures:
TP
Sensitivity = ————— 8
ensitivity TP PN (8)

We prioritise sensitivity over precision because false negatives (auto-scorer passes a poor Al response) risk exposing learners
to inadequate pedagogical content, whereas false positives (auto-scorer fails an acceptable Al response) result in conservative
flagging that can be resolved through human review without learner impact.

A/B preference analysis For blind answer comparisons, we use a binomial test (one tailed) against the null hypothesis of no
preference (p = 0.50):

n n
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where k is observed reference preferences, n is total trials, and py = 0.50.

Mixed effects model for competency comparisons To test whether ratings differ systematically across the 12 competencies,
we fit a linear mixed effects model:

Yiji = Bo + Be - comp; + u; + vk + €45 (10)
where y;;i, is the rating given by rater ¢ on item & within competency j, (o is the grand intercept, /3. represents the fixed effect
coefficients for competency (with one reference level), u; ~ N(0,02) is the random intercept for rater i, vy, ~ N (0, 2) is the
random intercept for item k, and €;;, ~ N (0, 02) is the residual error.

Significance is assessed via likelihood ratio test (LRT) comparing the full model (with competency as a fixed effect) against
an intercept-only model:

A:—2ln<L“"d> ~ (an

full
where L4 is the likelihood of the reduced model, Ly is the likelihood of the full model, and df is the difference in parameters.
We conduct post-hoc pairwise comparisons between all competency pairs (66 for our case of 12 competencies) using esti-
mated marginal means from the fitted model. To control the family-wise error rate (FWER), we apply the Bonferroni correction:
o
Qladj = — (12)
m

where « is the nominal significance level and m is the number of comparisons. Equivalently, p.gj = p X m.



Group comparisons To explore group comparisons (such as whether ELT specialists rate differently from generalists), we
use Mann-Whitney U tests on aggregated per-rater mean scores in order to preserve the assumption of independent observations,
reporting the rank-biserial correlation (r) as the appropriate non-parametric effect size measure for ordinal data:
2U
ning

r =

-1 13)

where U is the Mann-Whitney statistic.

Power analysis Power calculations (a=0.05, target power=0.80) were used within self-imposed constraints of L2-bench
dataset size and practitioner recruitment practicalities:
* Fleiss” Kappa (Hy: k =0.40 vs H;: k = 0.60) is well-powered with 103 items per competency with 3+ raters — exceeded
¢ Cronbach’s Alpha (Hp: a = 0.50 vs Hy: a = 0.70) is well-powered with 85 subjects (6,500 total ratings) — exceeded
* Cohen’s Kappa (x = 0.60 £ 0.15) is well-powered with 100 items (1,300 tasks) — exceeded
* Recall (85% + 8%) is well-powered with 150 items — exceeded
* Binomial preference (70% vs 50%) is well-powered with 38 items per competency — exceeded

* Mixed effect model analysis is powered ~45%) to detect small-medium effects (d > 0.30) between competencies — caution
needed

* Competency-level comparisons are powered (~45%) to detect small-medium effects (d > 0.30) between competencies —
caution needed

e Group comparisons (rank-biserial correlation r = 0.3) achieve ~68-92% power depending on group sizes — treated as
exploratory.

Contingency Planning

If practitioner recruitment, retention or hours available falls below target levels, the design maintains statistical validity through

several mechanisms:

1. Over-recruitment buffer: We recruit practitioners beyond minimum requirements to absorb expected dropout (~15% buffer),
with reminder protocols to maintain engagement.

2. Specialist backup training: Content specialists are trained as backup validators for competencies requiring specialist exper-
tise (particularly Assessment Creation), addressing potential bottlenecks in specialist availability.

3. Fallback sampling strategy: If tasks must be reduced to accomodate reduced hours and/or practitioners, tasks are stratified
across competencies with priority given to maintaining balanced coverage even if it means reducing the total number of
tasks per competency. Both validity and judge assessments will prioritize minimum rater coverage (3+ raters per task) to
ensure well-powered statistics, even if total task coverage must be reduced. Therefore the design can fall back to reduced
tasks per competency while maintaining minimum rater coverage, preserving reliable inter-rater agreement at the cost of
reduced power for competency-level effects.

These contingencies preserve the core research objectives while adapting to real-world recruitment constraints.

Task-Response Pair Exclusion Protocol

Following validation, we apply a two-stage exclusion process to apply a systematic exclusion protocol to identify and remove
task-response pairs with poor validity signals, using multi-signal statistical flagging combined with expert review rather than
rigid automated thresholds. We use deliberately conservative thresholds to flag only genuine validity issues to our expert reviews
and avoid over-exclusion in the final open dataset:

Stage 1: Statistical Flagging We flag task-response pairs meeting any of the following criteria:

1. Low authenticity: Mean authenticity rating < 2.5/5 (clear practitioner rejection)

2. Low criteria adequacy: Mean criteria adequacy rating < 2.5/5 (clear practitioner rejection)

3. High within-task disagreement: Standard deviation > 2.0 on 5-point scales (indicating systematic confusion about the task)
4

. Anomalous A/B preference: Unanimous preference for ”Al answer” across all raters (potential reference answer quality
issue)

5. Rater annotations: Task flagged by > 2 raters with substantive comments indicating systematic problems (e.g., cultural bias,
ambiguous scenario, scoring criteria mismatch).



Stage 2: Expert Review Flagged items undergo expert review by the development team to determine final exclusion deci-
sions. Experts assess:

* Whether the flagged issue reflects a genuine task problem vs. expected disagreement in pedagogically subjective domains,
and if there is consistency with similar items in the same competency
* Whether the item can be revised rather than excluded.

All exclusion decisions are documented with justification, enabling transparency in the final dataset release. Excluded items
are retained in a separate archive for methodological analysis.



Glossary of Terms

Competency Taxonomy

Table 7: Key terminology used in second language education and L2-Bench

Term

Explanation

L1,L2

EAL, ESL

EFL

ELT

Learning experience de-
signer in second language
education

Language acquisition, lan-

guage learning, language
teaching

Competencies

Communicative competence

CEFR

Target Language, Language
of Instruction, English Lan-
guage Teaching

L1 = first language or mother tongue; L2 = any additional language learned
after the L1.

EAL = English as an Additional Language; ESL = English as a Second Lan-
guage. Both terms are most commonly used when the learner resides in a coun-
try where English is the dominant language (e.g., the US or UK) but has a dif-
ferent L1.

EFL = English as a Foreign Language. Used when the learner is studying En-
glish in a context where it is not the dominant language (e.g., Spain or China).
ELT = English Language Teaching. Refers to the profession of teaching En-
glish and encompasses both EAL and EFL contexts.

In L2-Bench, this term encompasses roles that intentionally design the con-
ditions shaping how people learn, including classroom and online teachers,
materials developers (content or assessment creators), learning designers, and
teacher trainers.

Language acquisition refers to the largely unconscious process of learning a
language through immersion and applies to L1 acquisition and some L2 con-
texts. Language learning implies a more conscious effort, often supported by
a teacher. Language teaching is the purposeful activity of helping a learner ac-
quire the language.

A competency is a combination of knowledge, skills, and attitudes required to
perform a role or occupational function successfully. In L2-Bench, competen-
cies refer to those required by teachers and other language education practi-
tioners.

An individual’s ability to convey meaning effectively across contexts, encom-
passing grammatical, sociolinguistic, discourse, and strategic competence.
The Common European Framework of Reference for Languages, developed by
the Council of Europe and widely recognized as an international standard for
language learning.

The Target Language is the language the learner aims to learn; the Language of
Instruction is the language used by the teacher. In English Language Teaching,
English is always the Target Language, but it may or may not be the Language
of Instruction. In L2-Bench, both the Target Language and Language of In-
struction are set as English.




Competencies, Sub-competencies and Consensus Criteria

The L2-Bench competency taxonomy comprises 12 competencies, each with sub-competencies and associated consensus cri-
teria. For each competency below, we present the sub-competency breakdown and the consensus criteria grouped by sub-
competency (weights in parentheses).

1a
Competency Hierarchy 120 1b

@ Outer: 12 Core Competencies

@ Inner: 30 Sub-competencies

11a

10b
Teacher Course
Development Planning
10a Emotional
Intelligence Lesson
Planning
Activity
Management
od
Learning
. Activity
-~ Experience Planning
iving Designer
9c Feedback &
ab Performance Language
Evaluation Presentation
Progress
N Assessment
racking Exchange Creation
9a

4a

5c
6b 6a

Figure 4: L2-Bench Taxonomy of Competencies - sunburst visualization showing the 12 competencies and 30 sub-competencies
of a “learning experience designer in second language education”

CO01: Create a Course Plan Sub-competencies:
* (1la: Decide which learning goals are most important for students’ aims, context, needs, interests
* 01b: Organise learning goals into units and lessons
* 0lc: Decide on learning experience design

Consensus Criteria:
For SCOla (Learning Goals):

¢ 01a-01: References students’ learning aim(s) (+7)
* 01a-02: References different areas of language learning (+7)



* 01a-03: Selection appropriate for time, level, pace (+7)
* 0la-04: References data from tests, reports, analytics (+4)
¢ (0la-05: References students’ interests (+3)

For SCO1b (Organise Goals):
¢ 01b-01: Goals progress in difficulty; complementary goals grouped (+4)

¢ 01b-02: Plan revisits earlier learning goals (+6)
For SCOIc (Experience Design):

e 01c-01: Pace, recycling, assessment appropriate for context (+8)

C02: Plan a Lesson Sub-competencies:
* 02a: Decide on sequence and types of activities for effective learning
* 02b: Identify or create materials or resources needed

Consensus Criteria:
For SCO2a (Activity Sequence):

* 02a-01: Includes appropriate pattern (PPP, ESA, TBLT) (+5)
* 02a-02: Activities build knowledge/skills for goal (+6)
* 02a-03: Clear structure for student profile (+8)
¢ 02a-04: Instructions on setup/management (+9)
¢ (02a-05: Balances form with function (+6)
* 02a-06: Develops students’ learning skills (+5)
* 02a-07: Realistic timings (+6)
* 02a-08: Scaffolding supports proficiency (+7)
* 02a-09: Activities engage students (+8)
For SCO2b (Materials/Resources):
¢ 02b-01: Resources appropriate length (+7)
¢ (02b-02: Texts realistic for level/context (+7)

CO03: Plan an Activity Sub-competencies:
* 03a: Decide on most suitable type of activity
* 03b: Provide appropriate level of scaffolding
* 03c: Identify or create materials or resources
* 03d: Create key for evaluating responses
¢ 03e: Provide instructions on running activity
* 03f: Integrate with other lesson activities

Consensus Criteria:
For SC03a-03f:

* 03a-01: Activity suits goal, stage, type, profile (+8)

* 03b-01: Scaffolding reduces as learning progresses (+6)

¢ 03c-01: Resources match request, appropriate for context (+8)
¢ 03c-02: Multiple resources have coherent theme (+5)

03d-01: Indicates accepted answers, rubrics, marks (+7)

03e-01: Clear instructions with timings (+9)

03f-01: Uses key language from previous activities (+6)




C04: Manage Activities Within a Class Sub-competencies:
¢ (4a: Check instructions understood and followed
* 04b: Organise learners into pairs/groups, assign roles

Consensus Criteria:
For SC04a (Check Instructions):

e 04a-01: Instructions clear; checking process exists (+7)
For SC04b (Organise Learners):
e 04b-01: Learners grouped by principles suiting task (+5)

CO05: Present Language Learning Points Sub-competencies:
» (5a: Present language learning points effectively

Consensus Criteria:
For SC05a (Present Language):

¢ 05a-01: Language point explained clearly (+10)

* 05a-02: Appropriate approach (inductive/deductive) (+4)
¢ 05a-03: Activates prior knowledge first (+5)

¢ 05a-04: Items in meaningful context (+7)

¢ 05a-05: Covers meaning, use and form (+8)

¢ (05a-06: Visual aids used when needed (+5)

¢ 05a-07: Checks learner understanding (+5)

* 05a-08: If inductive, questions help discovery (+8)

C06: Act as Conversational Exchange Partner Sub-competencies:
* 06a: Respond appropriately for role and context
* 06b: Identify when learner struggles and respond

Consensus Criteria:
For SC06a (Respond Appropriately):

* 06a-01: Uses key language appropriately (+6)

* 06a-02: Responds in real time (+8)

* 06a-03: Responds to earlier conversation (+6)
For SCO6b (Identify Struggling):

e 06b-01: Simplifies or uses L1 when learner struggles (+8)

C07: Evaluate a Student’s Performance Sub-competencies:
* (7a: Assign evaluation (general to detailed marks)

Consensus Criteria:
For SCO7a (Assign Evaluation):

* 07a-01: Evaluation accurate per criteria (+10)

* (07a-02: Fits required detail level (+6)




CO08: Give Feedback Sub-competencies:

* 08a: Identify errors and diagnose causes
 08b: Prioritise areas needing feedback

* 08c: Provide explanations, models, hints
* 08d: Provide improvement activities

Consensus Criteria:
For SCO8a (Identify Errors):

¢ 08a-01: Estimates likely causes of error (+5)
For SCO8b (Prioritise Feedback):

* 08b-01: Feedback only for most important areas (+5)
For SCOS8c (Provide Explanations):

¢ 08c-01: Includes explanations/models/hints (+8)
For SC08d (Improvement Activities):

* 08d-01: Points to improvement activities (+7)

C09: Track Progress Sub-competencies:

¢ 09a: Collect data/samples of learning over time
* 09b: Analyse progress patterns for learning goals

Consensus Criteria:
For SC09a (Collect Data):

* 09a-01: Data tagged for different learning goals (+8)
For SCO9b (Analyse Progress):

e 09b-01: Insights derived from data (+10)
* 09b-02: Analysis relates to recognised standards (+5)

C10: Manage Social-Emotional Aspects Sub-competencies:

* 10a: Identify/diagnose learner emotional status

* 10b: Implement interventions for emotional issues
Consensus Criteria:
For SC10a (Identify Emotions):

* 10a-01: Process for monitoring emotions (+7)

* 10a-02: Able to identify learner emotions (+5)
For SCI10b (Implement Interventions):

* 10b-01: Shows understanding and empathy (+7)

* 10b-02: Raises awareness of self-efficacy (+5)

* 10b-03: Develops self-regulated learning (+4)

* 10b-04: Responds to emotional issues (+2)

C11: Create Assessments Sub-competencies:

¢ 11a: Decide on learning goals to assess
* 11b: Decide on task types and organisation
* 11c: Create a mark scheme

Consensus Criteria:
For SCl1a (Assessment Goals):

* 11a-01: Goals appropriate for CEFR, aim, context (+7)
For SC11b (Task Types):



e 11b-01: Task types appropriate for goal (+10)
* 11b-02: Sequence practical for administration (+8)
For SCl1c (Mark Scheme):
e 11c-01: Mark scheme with answers, rubrics, thresholds (+10)
e 11c-02: Rubrics for spoken/written production (+7)

C12: Support Professional Development Sub-competencies:

* 12a: Evaluate a teacher’s activity
* 12b: Provide advice/guidance on teaching

Consensus Criteria:
For SC12a (Evaluate Teacher):

* 12a-01: References engagement, activities, management, materials, response to needs (+10)
For SCI12b (Provide Guidance):
* 12b-01: Appropriate for teacher’s experience (+10)

Universal Criteria

Universal criteria are applied to all tasks in L2-Bench, with weightings that vary based on task context. Unlike consensus
criteria (which are specific to sub-competencies), universal criteria capture cross-cutting requirements for pedagogical quality
and safety.

UCO01: Language Appropriateness Assesses whether the language used is appropriate for the target CEFR level.
Weighting Rules:

 Learner-facing output (response used by learners): +9
 Teacher-only output (e.g., advice or guidance for teacher): +2

UCO02: Teaching Context Appropriateness Assesses whether the response accounts for the teaching context (age/grade,
class size, country, culture, institution type, resource availability).
Weighting Rules:

» Context is specific (culture or language core to task): +10

* Context is vague (place mentioned but not core): +5

» Context is absent in the task: 0

UCO03: Learner Profile Appropriateness Assesses whether the response accounts for the learner profile (age, learning aim,
L1, interests).
Weighting Rules:

* Learner profile is specified in the task: +10

 Learner profile is not specified: 0

UC04: Offensive Content (Safety) Penalises responses containing content likely to offend, upset or shock learners or teach-
ers.
Weighting Rule:

» Response includes offensive content: —10

UCO05: Sensitive Content (Safety) Penalises responses containing content that requires sensitive teacher guidance.
Weighting Rule:

* Response includes sensitive content: —5



Task Items
L2-Bench Item Production Process

Modelled on publishing workflows, Figure 5 illustrates our hybrid approach to item production (tasks, task criteria and reference
answers) that combines the scalability of LLM generation with the quality assurance of human expertise.

L2-Bench Item Production Process WHumen @uv @ Output
“ & @ ©) B
Design Draft Review Approve Publish

Expert-crafted LLM generates Expert iterative Second expert Published
exemplars & tasks, task refinement sign-off items (e.g. the
templates criteria and ref 325 "pilot’

answers dataset)

Experts LM First Expert Second Expert Publisher

Figure 5: L2-Bench hybrid human-LLM approach to item production, modelled on publishing workflows of “design”, “draft”,

99 ¢

“review”, “approve” and “publish”

To allow the item production process itself to be iterative, items are created in batches no larger than 144 (12 items for each
of the 12 competencies) so that experts have the opportunity to identify improvements to the design (i.e. to update task creation
and reference answer creation prompt templates), as well as to provide further approved examples in the context to improve
task generation for each competency. Each batch is generated with Claude Code using the leading Claude model available to
us at the time via Amazon Bedrock API. Our pilot L2-Bench dataset involved both Claude Sonnet-4.1 for the first round of
generations and Claude Sonnet-4.5 for the second round of generations.

In addition to our iterative item production process, we verify each of the 12 competencies receive adequate representation,
balancing “task variables” to ensure diversity across each competency; and we ensure benchmark quality in our task authenticity,
criteria and reference answers through data validation.

Task Examples

Figure 6 presents a toy example illustrating how an L2-Bench task is presented alongside rubric criteria for automated scoring.
Below are two representative tasks demonstrating how task prompts, metadata, and criteria combine to form benchmark items.
Example 1 shows a learner-facing task without external resources; Example 2 demonstrates a teacher-facing task that references
an attached resource.

Example 1: Speaking Anxiety

Task Prompt:
“I can read, write and understand English well but I panic when I have to speak English, especially in front of other people.
Why does this happen?”

Metadata:

* Role: Learner

* Competency: C10 — Manage Social-Emotional Aspects

¢ Sub-competency: 10b

* Reference material: None

* Task variables: None
Task Criteria:

» Explains why speaking anxiety occurs (+8)

* Provides strategies to manage speaking anxiety (+7)
Consensus Criteria:

¢ 10b-01: Shows understanding and empathy (+7)

* 10b-02: Raises awareness of self-efficacy (+5)

* 10b-03: Develops self-regulated learning (+4)
Universal Criteria:



Task Question Example Al Response / Example Answer Task Rubric Criteria and Scoring

Lesson Plan: Family Talk for A2 Criterion Points Present
Teacher Students

I'm teaching a class of A2

students, 9th grade in a private Great question! Il design a lesson Includes reference to
school in Mexico, and | need for your A2-level 9th graders to help CEFR level and learner  +8 Yes
. needs
them to improve their ability to them give short family
give a talk about their family. presentations. Response shows clear understanding of A2 level
Can you plan a 45 minute lesson requirements

for this? Learning Objective

Students will be able to give a 1-2
Misidentifies level or

minute talk about their family using )
omits diagnosis of -6 “

resent simple tense, famil
p P Y strengths/weaknesses

vocabulary, and possessive forms.

No penalty - level correctly identified
Lesson Structure

Warme-up (5 min): Family
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Figure 6: Task demonstration interface showing task presentation, Al response generation, and automated scoring against
pedagogical criteria

* UCO1: Language appropriateness (+9)
e UC04: Offensive content (—10)
e UCO5: Sensitive content (—5)

Example 2: Lesson Planning with Resource

Task Prompt:
“I've got this really cool text about the use of Al in music: [reading_ai_music_bl.md]. I want to create a lesson for my Bl level
teenagers. Can you help me plan a 45-minute lesson?”

Metadata:

¢ Role: Teacher

* Competency: CO2 — Plan a Lesson
¢ Sub-competency: 02a

» Reference material: reading_ai_music_bl.md (B1-level reading text, 250 words). Excerpt: “Using Al in Music. Artificial
Intelligence (Al) is changing how music is created, produced, and shared. Musicians now use Al tools to help write songs,
compose melodies, and even generate lyrics. These tools can also assist with mixing and mastering tracks, making it easier
to produce high-quality music. Streaming platforms like Spotify use Al to recommend songs and analyze trends to help
artists grow their audience. [...]”

¢ Task variables:
— Level: B1
— Age: 15-18 (teenagers)
Task Criteria:
 Creates a complete 45-minute lesson plan (+10)
 Activities use the provided Al/music text (+8)
Consensus Criteria:
¢ 02a-01: Includes appropriate pattern (PPP, ESA, TBLT) (+5)
* 02a-02: Activities build knowledge/skills for goal (+6)



* 02a-03: Clear structure for student profile (+8)

* 02a-07: Realistic timings (+6)

* 02a-09: Activities engage students (+8)
Universal Criteria:

* UCO1: Language appropriateness (+2)

» UCO03: Learner profile appropriateness (+10)

e UCO04: Offensive content (—10)

e UCO05: Sensitive content (—5)



Statistical Framework for L2-Bench Leaderboard Scores

L2-Bench is a work in progress. We plan to release the full evaluation dataset (withholding a test set, see below) in late spring
of 2026 following further construct iteration and data validation. At the same time, we will report L2-Bench evaluation results
for frontier models on our dedicated website as a leaderboard and in a subsequent full paper. A hold-out set will serve as a tool
to detect saturation and to update our leaderboards and dataset accordingly.

Following methodological recommendations from Miller 2024 for reliable benchmark evaluation, a model’s overall L2-
Bench score is an estimate with uncertainty given by its standard error. The standard error decomposes into two additive
components:

1. Variance of the conditional mean (super-population variance). The questions in L2-Bench do not represent all possible ques-
tions but are drawn from a hypothetical super-population of language education tasks. This component reflects uncertainty
from question sampling and is irreducible - it cannot be decreased without expanding the benchmark.

2. Mean conditional variance (response variance). Each question’s score comprises a mean component (the true” score for
that question) and a zero-mean random component (response variance from stochastic generation). This component can be
reduced by generating multiple responses per question and averaging.

We generate k = 3 responses per task question and compute the mean score. This resampling strategy:

* Reduces the expected conditional variance contribution to SE.
* Enables computation of within-question standard errors.

* Assumes Central Limit Theorem validity: independently drawn questions with finite variance across a sufficient number of
items (N > 1,000).

With this framework, alongside all point estimates we can report uncertainty via standard errors and 95% confidence intervals.
Then, when comparing models A and B, we compute question-level paired differences rather than comparing population-level
summary statistics, exploiting correlation between model scores on the same questions to reduce variance. With N = 1,300
paired task comparisons at o = 0.05, we achieve 80% power to detect effects as small as d = 0.08 - sufficient to identify
meaningful performance differences between frontier models where score gaps are often subtle.



