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Abstract001

Large language models (LLMs) are increas-002
ingly adopted as educational assistants and003
feedback providers; however, dominant NLP004
evaluation practices continue to emphasize005
technical metrics such as accuracy, fluency,006
and automated judgment. We argue that these007
approaches are misaligned with educational008
contexts because they overlook human val-009
ues, learner agency, and pedagogical goals.010
This paper presents an argument-driven cri-011
tique of NLP evaluation practices as applied to012
educational LLMs and introduces a literature-013
informed, human-centered, and sociotechnical014
evaluation framework with guiding questions015
to support its use. We highlight criteria such016
as explainability, consistency, and refinement,017
which are critical to human-AI interactive in-018
structional effectiveness but absent from ex-019
isting NLP benchmarks, and argue for more020
human-aligned, co-creative, and long-term eval-021
uation practices for educational LLM systems.022

1 Introduction023

Large language models (LLMs) are being rapidly024

adopted in educational settings, yet their evalua-025

tion remains governed by general-purpose NLP026

benchmarks. While these benchmarks support scal-027

able and standardized comparisons, they are often028

misaligned with the pedagogical, contextual, and029

ethical requirements of educational use. This paper030

asks which evaluative criteria are overlooked by031

dominant NLP benchmarks when educational lan-032

guage models are used as collaborative, teachable,033

and value-aligned agents. We critically examine034

current NLP evaluation practices in the context of035

educational LLMs and argue that existing metrics036

insufficiently capture learning processes, learner037

agency, educational context, and stakeholder val-038

ues. As a starting point for future work, we intro-039

duce a human-centered, value-aligned evaluation040

framework and distill early takeaways to inform041

the design, benchmarking, and assessment of edu- 042

cational language models in future NLP research. 043

2 NLP Evaluation critiques 044

2.1 Dominant NLP Evaluation Practices 045

NLP evaluation has traditionally emphasized task 046

correctness through metrics such as accuracy, pre- 047

cision, recall, and F-score measures (Hutchinson 048

et al., 2022). While these metrics capture specific 049

error types, most of them ignore contextual factors. 050

Widely used automated metrics such as BLEU (Pa- 051

pineni et al., 2002) and ROUGE (Lin, 2004) are 052

well-suited to short, constrained tasks with a single 053

correct answer, but break down for longer, open- 054

ended generations where multiple valid responses 055

may exist. Even more semantically informed met- 056

rics, such as BERTScore improve alignment at the 057

embedding level, yet still struggle to capture rea- 058

soning quality, domain-specific correctness, and 059

human preferences. This highlights a fundamen- 060

tal mismatch between dominant NLP evaluation 061

metrics and the evaluative demands of complex 062

generative tasks (Zhang et al., 2019). 063

LLM-as-a-Judge frameworks have recently 064

adopted prominence due to their low cost, ease 065

of use, and reported correlations with human stylis- 066

tic preferences. However, prior work demonstrates 067

that LLM judges exhibit systematic biases that can 068

distort evaluation outcomes, often relying on out- 069

put accuracy or text similarity (Li et al., 2025; Szy- 070

manski et al., 2025). As a result, LLM-as-a-Judge 071

evaluations risk presenting an illusion of holistic 072

assessment while remaining grounded in opaque 073

evaluative criteria. Benchmarks such as MT-Bench 074

(Zheng et al., 2023), and Arena-Hard-Auto (Li 075

et al., 2024) exemplify this trend, emphasizing 076

conversational ability but offering limited insight 077

into model behavior, or contextual appropriate- 078

ness. Benchmark suites such as GLUE and Super- 079

GLUE(Wang et al., 2018) further exemplify dom- 080
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inant evaluation practices in NLP by aggregating081

diverse natural language understanding tasks and082

emphasizing sample-efficient learning and cross-083

task transfer (Wang et al., 2018, 2019). However,084

uneven data availability across tasks, genre mis-085

matches between training and test sets, and re-086

liance on privately held test data limit transparency,087

raising concerns about whether benchmark perfor-088

mance reliably translates to real-world deployment089

settings.090

Overall, evaluating whether an NLP model is091

appropriate for real-world use requires more than092

benchmark scores and accuracy, it requires atten-093

tion to context and responsibility. Prior work high-094

lights the need to avoid the "portability trap", the095

assumption that what works well in one context096

will generalize across others by accounting for how097

models interact with specific human, social, and098

technical environments (Selbst et al., 2019; Mar-099

tin Jr et al., 2020). Such evaluations should incorpo-100

rate multiple metrics, distributional analyses, and101

qualitative assessments of impact (Mitchell et al.,102

2019). They should also be reflexive about so-103

cial and intentional factors in dataset construction104

and model development (Scheuerman et al., 2021;105

Miceli et al., 2021; Mantelero, 2018; McGregor106

et al., 2019), explicitly document data provenance107

and known biases (Andrus et al., 2021), and con-108

sider broader obligations such as ethical alignment,109

institutional accountability, and potential privacy110

leakage (Mantelero, 2018; McGregor et al., 2019;111

Yeom et al., 2018; Raji et al., 2021). Together,112

these considerations highlight that evaluating NLP113

systems for responsible deployment requires assess-114

ing not only performance, but also harms, benefits,115

and obligations within the application ecosystem116

(Hutchinson et al., 2022; Raji et al., 2021).117

2.2 NLP Evaluation in Educational Contexts118

Despite the growing adoption of large language119

models (LLMs) in educational settings, includ-120

ing reducing instructional workload through au-121

tomated grading and content generation (Ali et al.,122

2021), supporting personalized learning interac-123

tions (Vincent-Lancrin and Van der Vlies, 2020),124

supporting digital and AI literacy (Eshet, 2004;125

Bundy, 2017), and fostering higher-order cogni-126

tive skills such as reasoning, creativity, and com-127

putational thinking (Baer, 1998; Amabile, 2018;128

Grover and Pea, 2013), educational contexts have129

received limited attention in dominant NLP eval-130

uation research, which have primarily been devel-131

oped for general-purpose language tasks. As a 132

result, general NLP evaluation approaches often 133

fail in the educational context because they pri- 134

oritize surface-level correctness and fluency over 135

deep-level learning processes. Accurate or well- 136

formed language does not guarantee conceptual 137

understanding, appropriate scaffolding (Vygotsky 138

and Cole, 1978; Papert and Harel, 1991), or pro- 139

ductive struggle (Kapur, 2008), nor does it ade- 140

quately reflect learners’ needs, engagement, or cog- 141

nitive growth (Shaffer and Resnick, 1999; Shnei- 142

derman, 2022; Friedman et al., 2002). These lim- 143

itations also lead to education-specific language 144

challenges, such as domain-specific terms, ambi- 145

guity, sarcasm, and imbalanced data, which make 146

human feedback and learning signals more diffi- 147

cult to interpret. As emphasized in prior work on 148

educational measurement, meaningful evaluation 149

must consider incorporating formative, contextual, 150

and human-centered outcomes that capture how AI 151

systems support learning in authentic, situated envi- 152

ronments (Shute and Ventura, 2013; Thomas et al., 153

2024; Anderson et al., 1990; Shaffer and Resnick, 154

1999; Friedman et al., 2002). 155

2.3 Conceptual Human-centered Evaluation 156

Framework 157

In this section, we revisit our research question 158

and propose an initial NLP evaluation framework, 159

along with a set of guiding questions grounded in 160

prior literature. The framework targets observable 161

linguistic behaviors and focuses on how instruc- 162

tional qualities, particularly those that emerge when 163

educational scenarios act as stress tests, such as 164

explanation transparency, behavioral consistency, 165

and iterative refinement, are reflected in gener- 166

ated language across interaction turns. By defin- 167

ing each component and synthesizing the analysis 168

into preliminary implications for future evaluation 169

and development of NLP-based generative tutor- 170

ing agents, we highlight limitations of automated 171

evaluation practices, including LLM-as-a-judge ap- 172

proaches, as well as sociotechnical considerations 173

that are often overlooked by dominant NLP bench- 174

marks. This framing provides a starting point for 175

iterative refinement through future research. 176

2.3.1 Evaluation Framework Components for 177

NLP 178

We focus on a subset of our framework’s compo- 179

nents that most directly surface misalignments be- 180

tween current NLP benchmarks and the evaluation 181
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needs of educational LLMs. These components182

emphasize model behaviors that are critical to in-183

structional effectiveness.184

Explainability Explainability refers to an185

agent’s ability to present its reasoning and decision-186

making processes in clear, contextually meaning-187

ful, and human-understandable terms (Nauta et al.,188

2023; Arrieta et al., 2020; Guidotti and Ruggieri,189

2019). In educational contexts, explanations are190

core instructional acts rather than auxiliary outputs.191

However, current NLP evaluations rarely assess192

whether explanations are faithful, interpretable,193

or supportive of human understanding. Relevant194

evaluation sub-components include reasoning clar-195

ity, traceability between inputs and outputs, and196

alignment between explanations and task outcomes197

(Rosenfeld, 2021; Silva et al., 2023; Ribera and198

Lapedriza, 2019; Bommasani et al., 2021; Brans-199

ford et al., 2000; Abbas et al., 2022; Amershi et al.,200

2019; Guidotti et al., 2018; Liao et al., 2020).201

Consistency Consistency captures the stability202

and trustworthiness of system behavior under simi-203

lar conditions, including alignment across prompts,204

languages, situations, and evaluators (Nauta et al.,205

2023; Nielsen, 1995). While educational trust de-206

pends on predictable feedback, most benchmarks207

report only aggregate scores, masking behavioral208

variance. Indicators of consistency include out-209

put stability across runs, sensitivity to prompt per-210

turbations, where minor rephrasings of semanti-211

cally equivalent prompts lead to divergent outputs,212

and cross-evaluator agreement (Carvalho et al.,213

2019; Robnik-Šikonja and Bohanec, 2018; Van-214

den Abeele et al., 2012).215

Refinement Refinement illustrated an agent’s216

capacity to support iterative human–AI interaction,217

including user-guided error correction, clarification218

of vague or biased feedback, and traceable revi-219

sions over time (Pan et al., 2024; Wang et al., 2024;220

Nielsen, 1995). Existing NLP evaluations primar-221

ily evaluate static, single-turn outputs, implicitly222

assuming quality is fixed at generation time. In con-223

trast, educational use is inherently iterative. Evalu-224

ating refinement behaviors such as responsiveness225

to feedback, coherence across revisions, time-to-226

refine, value alignment over revisions, these met-227

rics or indicators are largely absent from current228

evaluation components(Guo et al., 2024; Wang229

et al., 2024; Pan et al., 2024; Vasconcelos et al.,230

2022; Bryant et al., 2017; Hong et al., 2024; Ju-231

renka et al., 2024).232

2.3.2 Reflecting Evaluation Through 233

Questions 234

We re-frame the evaluation of NLP systems in ed- 235

ucational contexts through a small set of guiding 236

questions grounded in a human-centered frame- 237

work(Jacovi and Goldberg, 2020; Shneiderman, 238

2022). These questions present how evaluators 239

can move beyond outcome-focused judgments to- 240

ward more transparent, process-oriented evalua- 241

tion. Practitioners may select, adapt, or extend 242

these questions based on their roles, contexts, and 243

decision-making needs. 244

Explainability 245

• Does the AI explain its decisions or recom- 246

mendations through its generated language in 247

a clear and contextually meaningful way? 248

• Are sources, assumptions, or reasoning made 249

visible to the user? 250

• To what extent would a user trust the system’s 251

explanation, and why? 252

• How could a user verify the explanation if 253

needed? 254

Consistency 255

• Does the system produce linguistically con- 256

sistent outputs across similar prompts, condi- 257

tions, or learning contexts? 258

• Are evaluations stable across sessions or hu- 259

man evaluators? 260

Refinement 261

• Does the AI support iterative revision of its 262

generated responses across multiple attempts 263

rather than providing a single final answer? 264

• Do users understand why a change or refine- 265

ment was suggested? 266

• Does the refinement process remain aligned 267

with the learner’s context and goals? 268

These questions are intended as starting points 269

for reflective evaluation, helping surface pedagog- 270

ical, social, and human-centered considerations 271

that support discussion, comparison, and reflection 272

across stakeholders. 273
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2.3.3 Illustrative Application: Evaluating an274

LLM assistant Response275

To show how our framework presents differences276

missed by current NLP metrics, consider an LLM277

programming assistant responding to the prompt:278

"Why does the fitMedia call in this Python code279

produce no output?" One response provides a di-280

rect answer by identifying a misspelled sound281

name, while another also explains how fixing er-282

rors allows the loop to run and connects the fix283

to curriculum-aligned debugging. Standard auto-284

mated metrics such as BLEU, embedding-based285

similarity, and LLM-as-a-judge score, rate both286

responses similarly as fluent and correct. In con-287

trast, our human-centered evaluation framework288

distinguishes the second response by its stronger289

explainability and closer alignment with instruc-290

tional debugging practices in educational stress-test291

scenarios.292

3 Implications for NLP Evaluation293

Research294

Our analysis highlights key limitations in dom-295

inant NLP evaluation practices, particularly the296

common assumptions about correctness, fluency,297

and automated judgment when applied to educa-298

tional LLMs. We distill two early implications that299

clarify why current evaluation practices are insuf-300

ficient for human-centered, instructional language301

models.302

3.1 Implication 1: Limitation of303

LLM-as-a-Judge for Evaluation304

LLM-as-a-Judge frameworks offer scalability and305

convenience and have shown promise in correlat-306

ing human preference judgments. However, our307

analysis identifies important limitations in their ap-308

plicability to pedagogical evaluation. Educational309

quality depends on domain expertise, sensitivity to310

learner context, and value-based judgment, which311

cannot be reliably inferred from surface-level tex-312

tual comparison alone. In instructional settings,313

LLM judges tend to prioritize fluent responses314

while overlooking misleading explanations, inap-315

propriate levels of assistance, or misalignment with316

learning objectives. These patterns indicate that317

LLM-based judgment captures only a partial view318

of educational quality and highlights the need for319

hybrid evaluation approaches that combine auto-320

mated judgment with human expertise.321

3.2 Implication 2: Evaluation as a 322

Sociotechnical Process 323

Dominant NLP evaluation practices focus on 324

single-turn correctness and surface-level similarity 325

metrics, such as BLEU, ROUGE, Exact Match, and 326

embedding-based overlap scores. These metrics 327

work well for short tasks with one correct answer, 328

but they do not capture how educational interac- 329

tions involve over time through dialogue and adap- 330

tive scaffolding. In educational settings, correct- 331

ness alone does not indicate whether a model helps 332

learners understand concepts, supports productive 333

struggle, or aligns with instructional goals. These 334

limitations highlight evaluation as a sociotechnical 335

process shaped by human values, institutional ex- 336

pectations, and interactional context. Framing eval- 337

uation around stakeholder-aligned questions makes 338

these assumptions explicit and surfaces concrete 339

aspects of model behavior, positioning evaluation 340

as an integral practice in how educational language 341

models are assessed and governed. 342

Together, these implications suggest that future 343

NLP benchmarks and evaluation methods should 344

incorporate interaction-level metrics, multi-turn 345

consistency analyses, and hybrid human–AI eval- 346

uation approaches, rather than relying solely on 347

single-turn automated judgments. 348

4 Limitations 349

This work presents a conceptual analysis and does 350

not involve human subjects, data collection, or sys- 351

tem deployment at the current stage. The proposed 352

framework has not yet been empirically validated 353

or evaluated with relevant stakeholders, and the 354

current discussion focuses on LLMs in educational 355

contexts. 356

5 Conclusion and Future Work 357

This paper argues that current NLP evaluation prac- 358

tices exhibit gaps when applied to educational 359

LLMs and emphasizes human-centered criteria 360

such as explainability, consistency, and refinement 361

in NLP evaluation. At this stage, the work presents 362

a conceptual analysis without empirical validation, 363

and the discussion is limited to LLMs in educa- 364

tional contexts. Looking ahead, we plan to it- 365

eratively refine the framework through feedback 366

from interdisciplinary stakeholders in education 367

and to conduct empirical and cross-domain studies 368

to examine how its evaluation principles generalize 369

within and beyond educational domains. 370
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