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Abstract

Automatic Short Answer Scoring (ASAS) is001
central to NLP for Education. However, openly002
available benchmarks remain scarce, and ex-003
isting datasets largely assess how well stu-004
dents answer a question directly rather than005
how well they master underlying concepts006
(knowledge elements) such as thermal energy007
or epistemic activities (skill) such as reason-008
ing or claim. To address this gap, we introduce009
ALICE, a large-scale German ASAS dataset010
comprising three subtasks: (i) learning per-011
formance (ALICE-LP), (ii) knowledge ele-012
ments (ALICE-KE), and (iii) skills (ALICE-013
SK). We further frame ASAS as a rubric-014
ranking task and benchmark with a range of015
language models, from small MLMs to several016
lightweight LLMs, under various input configu-017
rations. Our experiments show that lightweight018
LLMs used as encoders are particularly effec-019
tive for rubric-based ASAS. We also investi-020
gate what combinations of context information021
(rubrics, prompts, sample solutions) are benefi-022
cial for ASAS.023

1 Introduction024

Automatic short answer scoring (ASAS) is a fun-025

damental task in NLP for Education. Exten-026

sive research has focused on both algorithmic027

approaches (Bexte et al., 2022; Li et al., 2023;028

Zehner et al., 2025; Wang et al., 2019; Bexte et al.,029

2024) and the development of benchmark datasets030

(Dzikovska et al., 2013; Filighera et al., 2022). In031

real-world educational settings, short-answer ques-032

tions are designed to probe students’ understanding033

of concepts taught during instruction. By construct-034

ing answers of their own, students can actively035

reflect on the taught knowledge and foster critical036

thinking (Bai and Stede, 2023). However, manually037

grading students’ answers is tedious and expensive.038

Thus, developing benchmarks and models that au-039

tomate this process can significantly alleviate the040

workload of the teachers and ensure timely and 041

individualised feedback.

Figure 1: Structure of ALICE

042

Despite substantial progress, existing ASAS 043

benchmarks and models remain misaligned with 044

how human teachers evaluate student responses. 045

Most datasets adopt a solution-based formulation, 046

in which answers are scored by their similarity to 047

a reference solution or by selecting from a fixed 048

set of labels (Sung et al., 2019; Filighera et al., 049

2022; Camus and Filighera, 2020; Ormerod, 2022; 050

Kumar et al., 2019). This design implicitly as- 051

sumes that scoring criteria are uniform across ques- 052

tions. In practice, however, questions may have 053

varying performance levels depending on the peda- 054

gogical need, and teachers rely on question-specific 055

rubrics (Brookhart, 2018; Panadero and Jonsson, 056

2013; Krebs et al., 2022) for scoring. As a result, 057

standard classification-based approaches struggle 058

to generalise to unseen questions. 059

In terms of the scoring objectives, knowledge 060

elements (KE) and learning skills (SK) are criti- 061

cal in STEM contexts, where the ultimate goal of 062

teaching is to master scientific concepts and apply 063

epistemic activities to solve problems (Stanja et al., 064

2023; Gombert et al., 2023; Reynders et al., 2020). 065

Yet, all existing ASAS benchmarks only evaluate 066

how students directly address the questions. 067
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To address this gap, we introduce rubric-ranking068

as a unifying task formulation for ASAS, in which069

student responses are scored by directly aligning070

them with question-specific rubric items rather than071

predicting fixed labels. We also present ALICE072

( Figure 1), a large-scale, German-language ASAS073

benchmark. ALICE is designed to reflect the multi-074

dimensional nature of real-world educational as-075

sessment. It consists of three sub-tasks: ALICE-076

LP (learning performance), which measures how077

well students answer the question; ALICE-KE078

(knowledge element), where understanding of tar-079

get concepts is scored; and ALICE-SK (skills),080

where students’ problem-solving skills, as demon-081

strated in the answers, are scored. Crucially, every082

instance in ALICE is accompanied by the full grad-083

ing context: the question prompt, per-level rubric,084

and a sample solution—closely aligned with how085

human teachers evaluate responses. This design086

allows us to test the extent to which rubric-based087

ASAS models rely on these contextual components088

to score responses effectively. (See Appendix A089

for the complete example of the dataset.)090

For the base model, we adopt large language091

models (LLMs) as encoders, motivated by sev-092

eral factors. First, LLMs exhibit strong reason-093

ing capabilities and massive subject-matter knowl-094

edge (Tay et al., 2023; Han et al., 2025; Wei et al.,095

2022), which are crucial for ASAS in STEM sub-096

jects. Second, their ability to generalise makes097

them well-suited for handling unseen questions, a098

common challenge in ASAS. Finally, our dataset099

design involves multi-sequence inputs: question100

prompts, answers, rubrics, and sample solutions.101

Recent studies such as Ruan et al. (2024) have102

shown that LLMs can flexibly adapt to multiple103

input sequences.104

The contribution of our work can be summarised105

as follows:106

• We introduce ALICE, a challenging German107

ASAS benchmark comprising three comple-108

mentary subtasks. The dataset provides rich,109

human-facing context—including prompts,110

per-level rubrics, and sample solutions—that111

closely reflects real-world scoring practices112

and pedagogical objectives in STEM educa-113

tion.114

• We approach ASAS as rubric-ranking and115

demonstrate consistent advantages of rubric-116

based scoring over solution-based approaches117

across datasets and splits. It achieves stronger118

performance and scales effectively across 119

questions with varying difficulty levels. 120

• We conduct extensive experiments with 121

masked language models (MLM) and LLM 122

under multi-sequence input settings to system- 123

atically assess which contextual components 124

are essential for ASAS. This provides valu- 125

able guidelines for the design of future ASAS 126

datasets and models. 127

2 Background 128

Short Answer Scoring Datasets Despite its im- 129

portance in NLP for Education, publicly avail- 130

able non-English ASAS benchmarks remain scarce, 131

and existing benchmarks predominantly assess 132

how well student responses address the question, 133

rather than their mastery of underlying concepts or 134

skills. SCIENTSBANK (Dzikovska et al., 2013) and 135

ASAP-SAS are the most widely used datasets in 136

prior work (Riordan et al., 2017; Bexte et al., 2022; 137

Wang et al., 2019; Ormerod, 2022; Kumar et al., 138

2019). For multilingual evaluation, there exist the 139

German SAF (Filighera et al., 2022) and the Por- 140

tuguese PT_ASAG_2018 (Galhardi et al., 2018). 141

In Sonkar et al. (2024), the author proposes Long 142

Answer Scoring where the student’s answer con- 143

sists of a paragraph, in contrast to short answers, 144

which are usually 2-3 sentences long. However, 145

due to privacy constraints, a large amount of work 146

in this field evaluates their scoring models on pro- 147

prietary datasets (Chang et al., 2024; Sung et al., 148

2019; OECD-PISA, 2023). 149

Most benchmarks in ASAS mentioned above 150

adopt a solution-based design, where the student’s 151

answer is scored by comparing it with the refer- 152

ence answer. While straightforward to implement, 153

solution-based scoring only measures the similar- 154

ity to the highest-level answer and does not pro- 155

vide signals regarding incorrect or partially cor- 156

rect answers. Such responses often reveal valuable 157

insights into students’ learning progress (Sadler, 158

1989; Fisher and Lipson, 1986). To our best knowl- 159

edge, ASAP-SAS and Sonkar et al. (2024) are the 160

only rubric-based ASAS benchmarks. The former 161

assumes an exclusive relation between the rubrics. 162

That is, one answer can only satisfy one rubric. In 163

the latter one, multiple rubrics can be satisfied and 164

the final score of an answer is obtained by summing 165

the matched rubrics. Our work follows the design 166

of the ASAP-SAS. A design that lies somewhere 167

between the solution-based and the rubric-based 168
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Dataset Name Size Context Information Language Coverage Public?
ASAP-SAS 22K per-level rubrics English ✓
ScienceBank (Dzikovska et al., 2013) 10K solution, question prompt English ✓
PT_ASAG_2018 (Galhardi et al., 2018) 13k solution, question prompt Portuguese ✓
Sung et al. (2019) 76k solution, question prompt English ×
SAF (Filighera et al., 2022) 4.5k solution, question German, English ✓
ISTUDIO Li et al. (2023) 6.5k question context, question

prompt, per-level reference
answer

English ✓

Chang et al. (2024) 76k question prompt Finnish ×
(Sonkar et al., 2024) 1265 per-level rubric English ✓
ALICE (ours) 16k question prompt, solution,

per-level rubrics
German ✓

Table 1: Comparison of ALICE with existing ASAS benchmarks. Note that we frame all other information other
than student’s answer as context information.

ones is ISTUDIO 1. It contains a list of representa-169

tive answers for each performance level to provide170

per-level signals.171

The ALICE benchmark provides per-level172

rubrics for a three-dimensional evaluation of stu-173

dent responses, enabling a multi-faceted assess-174

ment that jointly captures correctness, conceptual175

understanding, and the reflected cognitive skills.176

LLMs beyond generation There is growing in-177

terest in using LLMs for embedding and clas-178

sification. This line of work aims to compen-179

sate for the limitations of MLMs (e.g. Bert,180

Roberta, etc.), particularly their limited domain181

knowledge and sample efficiency (Luo et al., 2024;182

BehnamGhader et al., 2024; Liu et al., 2024). Sev-183

eral studies further modify LLM architectures to184

overcome their autoregressive nature. For exam-185

ple, converting attention from causal to bidirec-186

tional (BehnamGhader et al., 2024; Lin et al., 2025)187

or inserting transformer adapters on top of hidden188

states (Lee et al., 2025). Liu et al. (2024) further189

explored the combination of hidden states from190

multiple LLM layers and their integration with rep-191

resentations from MLMs, yielding improved per-192

formance on various sequence classification tasks.193

Most prior work evaluating LLMs as encoders194

relies on MTEB (Muennighoff et al., 2023) as the195

evaluation benchmark, which consists of clustering,196

re-ranking, and classification tasks. Although it in-197

cludes sequence-pair classification (e.g., duplicate198

question detection), these tasks are treated as stan-199

dard embedding evaluations: the two sequences200

are encoded independently, and predictions are de-201

rived from cosine or dot product similarity. This202

is fundamentally mismatched with rubric-based203

ASAS, where scoring depends on joint reasoning204

1https://www.datacommons.psu.edu/commonswizard
/MetadataDisplay.aspx?Dataset=6392

over answers, rubrics and optionally more context 205

information. 206

Ruan et al. (2024) systematically examined ar- 207

chitectures and input structures for LLM-based 208

classification on Edit Intent Classification (EIC), a 209

sequence-pair task. It shows that LLMs are com- 210

petitive multi-sequence classifiers. Compared to 211

EIC, rubric-based ASAS involves more diverse and 212

independent input sequences and longer context 213

windows. 214

Given the above-mentioned properties LLM en- 215

coders are particularly well-suited to our setting. 216

We therefore conduct comprehensive experiments 217

on four lightweight LLMs across multiple input 218

formats. 219

3 The ALICE Dataset 220

We introduce ALICE, which stands for [blinded], 221

a large-scale German ASAS dataset that augments 222

prior learning-performance annotations with fine- 223

grained scoring of knowledge elements and skills. 224

Each question contains three types of rubrics: 225

• Learning Performance (LP): the degree to 226

which a student’s response directly satisfies 227

the question prompt. There are three perfor- 228

mance levels: correct, partially correct, and 229

incorrect. 230

• Knowledge elements (KE): the extent to 231

which a student’s response correctly employs 232

the targeted domain concepts specified for the 233

question. Typically, there are four levels: No 234

Use; Use without content; Non-targeted use 235

and Targeted use. The rubric of Use without 236

content are unavailable for some questions. 237

• Skills (SK): the presence of specified cog- 238

nitive or reasoning behaviours in a student’s 239

response. Typically, the levels are: Present 240
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and Not present. For some questions, Partially241

present is possible.242

These dimensions were chosen to reflect comple-243

mentary aspects of assessment commonly used in244

STEM education: task completion (LP), concep-245

tual understanding (KE), and epistemic activity246

(SK).

Split Task # of Questions # of Answers # of Items

Train
LP 90 10783 10783
KE 78 9734 24012
SK 80 9978 11644

TEST-UQ
LP 22 3096 3096
KE 17 2598 6505
SK 17 2595 3105

TEST-UA
LP 90 2695 2695
KE 78 2442 5874
SK 80 2494 2915

Table 2: Dataset Statistics

247

After annotation, we filter out questions with-248

out sample solutions, e.g. open-ended questions,249

to normalise the dataset structure. The result is a250

corpus of 16,574 student answers. To ensure ro-251

bust generalisation, we further split the test set into252

TEST-UA (unseen answers) and TEST-UQ (unseen253

questions). The detailed statistics are in Table 2.254

An answer may contain multiple KEs and SKs,255

and we do not predict the scores for multiple256

KEs/SKs jointly during training and testing. Hence,257

we extend the answer by the number of KEs/SKs258

to answer-KE/SK pair. Each pair is treated as an259

independent instance during training and testing.260

This is indicated by the number of items in Table 2.261

We observe strong positive correlations between262

the scores of Learning Performance and both other263

dimensions: LP-KE (r=0.785, p<0.001) and LP-264

Skills (r=0.631, p<0.001). The stronger correlation265

with knowledge elements indicates a closer empiri-266

cal association between LP and KE than between267

LP and SK, though all dimensions capture distinct268

aspects of student responses. These results validate269

our multidimensional framework by demonstrating270

that while the dimensions are related, they capture271

distinct aspects of student understanding. For in-272

stance, a student who fails to answer the question273

correctly might still demonstrate sufficient epis-274

temic abilities and mastery of concepts of interest.275

This provides more fine-grained information on the276

learning progress of the students. We report the277

data collection process, annotation protocol, and278

dataset examples in Appendix C.279

4 Approach 280

4.1 Task Formulation 281

Each instance in the ALICE dataset is represented 282

as a tuple ⟨q, a, s, R⟩, where q denotes the question 283

prompt, a the student response, s a sample solution, 284

and R the set of rubric items associated with the 285

instance. The rubric set R is question-specific and 286

varies in size depending on the subtask. 287

The structure of R differs across subtasks. For 288

ALICE-LP, the rubric set 289

Rq = {r(q)0 , r
(q)
1 , r

(q)
2 } 290

corresponds to the ordered performance levels de- 291

fined for question q, where each rubric item de- 292

scribes the qualitative criteria for one score level. 293

For ALICE-KE and ALICE-SK, each question 294

q is annotated with a set of targets 295

Tq = {t1, . . . , tm}, 296

where each target tj corresponds to a knowledge 297

element or a skill. Each target tj is associated with 298

its own rubric set R(q)
tj

, which defines the scoring 299

criteria for that specific concept or skill. In practice, 300

each answer–target pair induces a small, indepen- 301

dent rubric set that is ranked separately. 302

Across all subtasks, the model’s objective is to 303

determine which rubric items in R are satisfied by 304

a student response a. We formulate this as a rubric- 305

ranking task, where rubric items are ranked condi- 306

tioned on the combined input ⟨q, a, s, r⟩. Ranking 307

enables direct comparison between rubric levels 308

without assuming mutually exclusive labels or uni- 309

formly spaced score categories, which is particu- 310

larly important given the ordinal and subsumptive 311

structure of educational rubrics. 312

Input Format. For our proposed rubric-ranking 313

approach, only a and r are the essential input doc- 314

uments to the encoder, but we wish to investigate 315

further how incorporating extra context informa- 316

tion affects model performance. We perform extra 317

experiments where the question prompt (+q), sam- 318

ple solution (+s) and their combination (+qs) are 319

input to the model2. 320

4.2 Modelling 321

We employ a language model (LM) as the encoder 322

Φθ to encode the aforementioned input sequences. 323

2While many permutations of the input sequence are possi-
ble, in our experiment we uniformly attach the context infor-
mation to the front of the model. That is: qar, sar, qsar
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For MLMs (Devlin et al., 2019), we separate seg-324

ments using the [SEP] token. For LLM-based ones,325

we adopt the best-performing structured format326

proposed by (Ruan et al., 2024); implementation327

details are provided in the Appendix B.328

The combined input sequence is fed into the en-329

coder Φθ, which outputs the contextualised token330

embeddings. For BERT-base models, we extract331

the representation of the [CLS] token; for LLM-332

based models, we use the final [EOS] token rep-333

resentations. This sequence embedding is then334

passed through a feedforward layer to produce a335

scalar alignment score:336

si,j = fθ(qi, ai, si, rj),337

where si,j ∈ R denotes how well rubric item rj338

matches the student answer ai, optionally condi-339

tioned on qi and si.340

It is also possible to encode the answer and341

rubric separately and compute their alignment342

score via cosine similarity or dot product, following343

the standard approach in sentence embeddings and344

ranking task (Reimers and Gurevych, 2019; Muen-345

nighoff et al., 2023). We won’t adopt this approach346

because the joint encoding of multiple sequences in347

a single sequence enables richer cross-attention and348

interaction among segments. The joint modelling349

strategy was also shown to outperform separate en-350

coding in pairwise classification tasks (Ruan et al.,351

2024). In addition, since there are only a few rubric352

candidates to rank for each answer, joint encoding353

won’t lead to excessive computation and latency, in354

contrast to retrieving tens or hundreds of potential355

documents.356

Objective Functions. The model is trained to357

predict a scalar alignment score si,j ∈ [0, 1] in-358

dicating the degree of match between ai and rj ,359

optionally conditioned on qi and si. We experi-360

ment with two training objectives:361

(1) Contrastive Loss (CL). For each stu-362

dent–rubric pair (ai, rj) with label yi,j ∈ {0, 1}363

and model output si,j ∈ (0, 1), the contrastive loss364

for this item is:365

ℓ
(i,j)
contrast =

{
(1− si,j)

2 if yi,j = 1

(si,j)
2 if yi,j = 0

(1)366

(2) Softmax Cross-Entropy Loss. Alternatively,367

we formulate rubric-ranking as a multi-class clas-368

sification problem within each rubric set. Let369

Pθ(j | i) denote the probability assigned to rubric 370

item rj for student answer ai, obtained by applying 371

a softmax over the alignment scores for all rubric 372

items associated with the same instance: 373

Pθ(j | i) =
exp(si,j)∑|R|
k=1 exp(si,k)

. (2) 374

The softmax cross-entropy loss for the correct 375

rubric item rj is then defined as: 376

ℓ
(i,j)
SCE = − logPθ(j | i). (3) 377

The softmax normalisation is computed over the 378

rubric set of a single question or target, which typi- 379

cally contains only a small number of items. 380

Solution-based Baseline for ALICE We adopt 381

the standard modelling strategy used in prior ASAS 382

work (Sung et al., 2019; Camus and Filighera, 383

2020). Specifically, the student answer and the 384

corresponding sample solution are concatenated 385

and provided as input to a language model with a 386

classification head. We refer to this setup as the 387

solution-based approach, in contrast to our pro- 388

posed rubric-based methods. 389

This baseline is applied to all ALICE subtasks. 390

For ALICE-KE and ALICE-SK, the number of 391

performance levels may vary across questions, with 392

up to four levels defined for ALICE-KE. When 393

intermediate levels such as use without content are 394

absent, we preserve the original level-to-index map- 395

ping (no use → 0, . . . , targeted use → 3) and em- 396

ploy a classification head with num_labels= 4 397

(see § 3 and Appendix A). 398

Prompting Closed-source Models We prompt 399

closed-source large language models to perform 400

rubric-based scoring by providing the same input 401

components used for encoder-based models, in- 402

cluding the student response and the corresponding 403

rubric items, optionally augmented with the ques- 404

tion prompt and sample solution. The models are 405

instructed to select the most appropriate rubric level 406

for each instance. We report the detailed setup and 407

the results in Appendix E. 408

5 Main Experiments 409

5.1 Experiment Setups 410

We benchmark the proposed rubric-ranking ap- 411

proach across all ALICE subtasks under both 412

unseen-answer (UA) and unseen-question (UQ) 413

settings. Experimental details, including model 414
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configurations and hyperparameters, are provided415

in Appendix D. We report F1 and quadratic416

weighted kappa (QWK), with particular empha-417

sis on UQ performance to assess generalisation418

beyond the seen ones. We also report the metric419

differences between TEST-UA and TEST-UQ to420

better illustrate their generalisation ability.421

5.2 Results and Discussion422

RQ1: Which loss function is better suited for423

the rubric-ranking? Table 3 reports the main424

results for the rubric-based experiments. Across425

models and input formats, SCE consistently out-426

performs CL. The discrepancy in performance is427

starker when it comes to TEST-UQ, indicating428

superior generalisation ability with SCE.429

The key limitation with CL is that it does not430

force the model to discriminate between levels of431

rubrics. It treats rubric satisfaction as independent432

binary decisions and therefore fail to enforce dis-433

crimination between closely related levels.434

In ALICE-LP, rubrics can be subsumptive435

rather than exclusive. For instance, level-2 rubrics436

typically take the form the student does X and Y,437

whereas level-1 rubrics are: the student X or Y. An438

answer that satisfies the first condition also satis-439

fies the weaker latter one. Thus, without explicitly440

distinguishing between different levels of rubrics,441

the model can easily confuse these labels.442

Given the superior performance of SCE, the re-443

maining subtasks are benchmarked without CL. CL444

is also considerably slower: each training item ex-445

pands into multiple rubric–answer pairs, and the446

loss is computed separately for each pair. With the447

scale of ALICE-KE and ALICE-SK, evaluating448

all input formats would be prohibitively expensive.449

RQ2: What is the effect of additional input in-450

formation (question, sample solution) on the re-451

sults? We report the benchmarking results in Ta-452

ble 4 and summarise the average performance453

across different input formats. Across all models454

and subtasks, while no single input format is uni-455

versally optimal, we observe a consistent positive456

effect of adding contextual information beyond the457

basic answer-only format (ar). Incorporating more458

context information yields clear and stable improve-459

ments in most settings. Although including the full460

contextual information (+qs) does not guarantee461

the best performance for every individual model,462

the best global results across all experiments are463

consistently achieved with this input format when464

paired with the strongest model in our benchmark, 465

Llama-3.2-3B-Instruct. This suggests that larger, 466

instruction-fine-tuned models are better able to in- 467

tegrate and reason over multiple input sequences, 468

effectively exploiting the richer context. 469

With respect to generalisation, we observe that 470

the impact of additional context is substantially 471

larger on TEST-UQ than on TEST-UA. While the 472

performance gain on unseen answers is typically 473

modest (around 1 F1 point), the gains on unseen 474

questions are markedly larger, indicating that con- 475

textual information can mitigate question-specific 476

distribution shifts. 477

RQ3: How do models perform differently on 478

different subtasks? By comparing Table 3 and 479

Table 4, we can see that despite their novelty, the 480

performance on ALICE-KE and ALICE-LP are 481

consistently better than ALICE-LP, indicated by 482

higher scores and lower performance differences 483

between UA and UQ. Part of the reason is that 484

ALICE-SK is mostly a binary classification task, 485

with a limited number of three-level rubrics. Still, 486

most rubrics in ALICE-KE contain four levels. 487

The reason is that various answers might share 488

the same knowledge elements and skills. This 489

leads to better generalisation to unseen questions. 490

The rubrics for knowledge elements specifically 491

focus on the use of scientific terms, whereas the 492

rubrics for SK identify the presence of skills such 493

as describing the data. As a result, the rubrics in 494

ALICE-KE and ALICE-SK have similar formula- 495

tions across questions, while the formulation of 496

LP rubrics is highly question-dependent. This is 497

indicated by Figure 2, where LP rubrics are less 498

similar to each other than KE and SK. 499

Finally, the effect of input formats differs sub- 500

stantially across subtasks. For the ALICE-LP, 501

providing the full context (+qs) does not consis- 502

tently lead to optimal performance, and simpler 503

formats such as +q or +s can be competitive or 504

even preferable. In contrast, for subtasks ALICE- 505

KE and ALICE-SK, the full-context input yields 506

more reliable strong performance across various 507

models. When we look away from the +qs settings 508

and look at the contribution of the question prompt 509

and the sample solution individually, we can see 510

that 511

RQ4: What is the performance difference be- 512

tween the rubric-based and solution-based ap- 513

proach? We compare rubric-based scoring with a 514

standard solution-based baseline across all ALICE 515
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Base Model Input Format SCE CL

UA (F1/QWK) UQ (F1/QWK) ∆(UA − UQ) UA (F1/QWK) UQ (F1/QWK) ∆(UA − UQ)

XLM-RoBERTa-Long

ar 70.3 / 68.9 56.0 / 46.7 14.3 / 22.2 69.2 / 69.0 56.6 / 44.0 12.6 / 25.0
+q 70.8 / 70.4 59.0 / 53.5 11.8 / 16.9 70.0 / 70.6 51.4 / 38.2 18.6 / 32.4
+s 69.8 / 69.8 55.1 / 53.7 14.7 / 14.1 63.4 / 55.4 47.4 / 28.2 16.0 / 26.2
+qs 70.2 / 70.7 53.8 / 51.2 16.4 / 19.5 48.2 / 27.8 34.2 / 3.7 14.0 / 24.1

Llama-3.2-1B

ar 72.9 / 71.8 61.3 / 54.7 11.6 / 17.1 68.6 / 69.0 58.2 / 49.2 10.4 / 19.8
+q 72.5 / 72.3 61.5 / 53.9 11.0 / 18.4 67.9 / 69.3 57.6 / 49.6 10.3 / 19.7
+s 72.8 / 72.8 61.9 / 56.1 10.9 / 10.7 66.9 / 66.1 56.1 / 52.5 10.8 / 13.6
+qs 71.8 / 71.3 59.1 / 54.1 12.7 / 17.2 65.8 / 66.4 52.8 / 35.1 13.0 / 31.3

Llama-3.2-1B-Instruct

ar 71.9 / 71.0 62.0 / 54.7 9.9 / 16.3 69.2 / 70.3 58.2 / 50.0 11.0 / 20.3
+q 72.5 / 72.2 62.4 / 56.4 10.1 / 15.8 69.3 / 70.0 54.8 / 47.0 14.5 / 23.0
+s 71.7 / 72.5 59.5 / 59.7 12.2 / 12.8 72.1 / 73.2 56.4 / 52.2 15.7 / 21.0
+qs 72.7 / 72.4 61.1 / 54.8 11.6 / 17.6 70.8 / 72.0 57.2 / 52.5 13.6 / 19.5

Llama-3.2-3B

ar 73.9 / 73.9 63.4 / 58.5 10.5 / 15.4 72.4 / 72.8 61.0 / 56.0 11.4 / 16.8
+q 74.0 / 75.2 67.3 / 64.8 6.7 / 10.4 72.7 / 74.3 62.9 / 60.6 9.8 / 13.7
+s 74.2 / 75.7 63.6 / 58.9 10.3 / 16.8 73.9 / 75.7 62.6 / 59.0 11.3 / 16.7
+qs 73.7 / 74.4 65.8 / 64.2 7.9 / 10.2 71.8 / 72.0 59.1 / 57.0 12.7 / 15.0

Llama-3.2-3B-Instruct

ar 73.9 / 73.8 64.0 / 60.2 9.9 / 13.6 72.9 / 73.9 59.1 / 52.9 13.8 / 21.0
+q 74.8 / 75.5 66.0 / 62.2 8.8 / 13.3 74.0 / 75.3 60.7 / 57.1 13.3 / 18.2
+s 73.6 / 75.3 67.2 / 67.9 6.4 / 7.4 75.0 / 77.4 64.2 / 64.2 10.8 / 13.2
+qs 75.8 / 76.5 67.6 / 65.5 8.2 / 11.0 75.8 / 78.1 62.0 / 59.1 13.8 / 19.0

Table 3: Benchmarking results for ALICE-LP for different model and input format combinations. ar is the basic
input configuration where only the rubric and the answers are input to the model. We use bold to mark the overall
best results under each loss function and underline to mark the best-performing input format for each model. Gray
underlines metrics where CL outperform SCE.

Figure 2: Distribution of pair-wise cosine similarity of
rubric texts.

subtasks Table 5. Overall, rubric-based methods516

achieve consistently stronger performance.517

The larger performance gap observed for ALICE-518

KE and ALICE-SK can be attributed to two factors.519

First, the sample solutions provided in ALICE are520

designed to exemplify the LP correctness. As a re-521

sult, they do not reflect the full range of knowledge522

elements or skills. Recall in § 3 that LP is corre-523

lated with KE and SK, but they still capture distinct524

aspects of students’ learning. Second, ALICE-KE525

and ALICE-SK exhibit question-dependent rubric526

structures with varying numbers of performance527

levels. This violates the fixed-label assumption of528

solution-based models and might exacerbate gener-529

alisation errors.530

For ALICE-LP, despite a smaller performance531

gap, we still argue that rubric-based scoring re- 532

mains competitive as it largely overcomes the level- 533

inconsistency issue in ASAS. This is practical in 534

real-world applications, as performance levels for 535

each question might vary. 536

RQ5: Is LLM-as-encoder approach suitable 537

for ASAS? Yes, across all the subtasks, LLMs 538

consistently deliver improved performance over 539

the XLM-based counterpart. The gain is particu- 540

larly strong under unseen questions, suggesting a 541

stronger generalisation ability of the LLMs. Also, 542

larger and instruction-tuned LLMs tend to exhibit 543

the best performance, especially on the unseen 544

questions. 545

However, it is also worth noting that the gap 546

between the LLMs and XLM-RoBERTa, and the 547

gaps between LLMs of various sizes, is smaller for 548

ALICE-KE and ALICE-SK, especially for the un- 549

seen answers. Possibly because KE and SK rubrics 550

are similar throughout the dataset, as stated earlier. 551

As an external sanity check, we additionally eval- 552

uate our rubric-ranking approach on ASAP-SAS. 553

Unlike previous methods that build ASAS models 554

for each question, we train a single model jointly 555

for all the questions. Since the dataset is in English 556

and doesn’t involve long context information, we 557

benchmark it on a more diverse set of MLMs. The 558

results reinforce the claim that LLMs-as-encoder 559

is a promising approach for ASAS. detailed results 560

and discussion in Appendix F. 561
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Base Model Input Format ALICE-KE ALICE-SK
UA (F1/QWK) UQ (F1/QWK) ∆(UA − UQ) UA (F1/QWK) UQ (F1/QWK) ∆(UA − UQ)

XLM-RoBERTa-Long ar 77.3/78.4 65.4/55.4 11.8/22.9 68.6/39.9 71.1/38.3 -2.6 / 1.6
+q 74.1/75.9 66.2/61.7 7.9/14.1 78.0/46.7 69.7/33.7 8.3/13.1
+s 78.1/79.6 65.9/60.7 12.2/18.9 78.2/48.2 69.2/30.9 8.9/17.3
+qs 80.1/82.2 67.7/61.6 12.4/20.7 70.0/39.8 67.9/30.5 2.1/9.4

Llama-3.2-1B ar 78.6/79.4 65.6/60.6 13.0/18.9 78.4/57.4 66.6/27.2 11.8/30.2
+q 79.1/80.2 68.4/63.5 10.8/16.7 74.8/53.7 67.8/37.3 7.0/16.4
+s 80.0/81.7 70.1/65.2 9.9/16.5 79.1/58.9 67.9/36.2 11.2/22.7
+qs 80.7/82.5 68.4/62.9 12.4/19.7 74.8/53.3 72.6/45.3 2.3/7.9

Llama-3.2-1B-Instruct ar 77.3/77.8 66.8/63.6 10.5/14.2 80.7/58.5 69.5/36.6 11.3/21.9
+q 78.2/79.4 68.0/62.4 10.2/17.0 81.6/61.1 68.9/42.3 12.7/18.8
+s 77.4/77.4 67.1/63.6 10.4/13.8 81.7/63.3 71.4/43.5 10.3/19.9
+qs 79.8/81.0 67.9/61.2 11.9/19.8 82.5/65.3 69.3/43.3 13.1/22.0

Llama-3.2-3B ar 79.6/82.5 70.0/64.5 9.6/18.0 80.1/56.4 71.1/42.5 9.0/13.9
+q 77.9/79.5 69.5/65.3 8.4/14.3 80.8/60.7 70.9/46.8 9.9/13.9
+s 77.0/76.4 70.1/64.7 6.9/11.7 81.2/61.6 71.4/46.1 9.8/15.5
+qs 80.8/83.3 71.9/68.4 9.0/15.0 81.9/63.5 75.4/54.5 6.5/9.0

Llama-3.2-3B-Instruct ar 76.4/76.0 67.7/64.5 8.7/11.5 81.3/58.3 71.0/46.6 10.3/11.6
+q 78.0/78.1 66.6/61.0 11.5/17.0 84.0/67.8 70.5/46.4 13.4/21.4
+s 79.0/80.0 69.7/64.9 9.4/14.9 82.5/65.7 72.3/50.9 10.3/14.9
+qs 79.5/80.6 73.2/67.4 6.3/13.1 82.9/65.7 75.7/57.3 7.2/8.4

Table 4: Results of ALICE-KE and ALICE-SK with SCE. Bold indicates the best overall performance of each
subtask. For each model, subtask, and test split, the underline indicates the best input format for each model.

Subtask Base Model UA (F1/QWK) UQ (F1/QWK) ∆(UA − UQ)

LP

XLM-RoBERTa-Long 67.4 / 66.2 57.3 / 49.8 10.1 / 16.4
Llama-3.2-1B 68.9 / 69.8 58.0 / 53.6 10.9 / 16.2
Llama-3.2-1B-Instruct 69.1 / 69.7 55.1 / 50.4 14.0 / 19.3
Llama-3.2-3B 71.5 / 72.5 62.1 / 63.7 9.4 / 8.8
Llama-3.2-3B-Instruct 71.8 / 73.3 62.7 / 63.7 9.1 / 9.6

KE

XLM-RoBERTa-Long 66.6 / 51.7 55.8 / 37.1 10.8 / 14.6
Llama-3.2-1B 60.4 / 30.3 51.4 / 23.9 9.0 / 6.4
Llama-3.2-1B-Instruct 59.2 / 26.3 49.9 / 9.5 9.3 / 16.8
Llama-3.2-3B 60.1 / 15.7 52.0 / 3.3 8.1 / 12.4
Llama-3.2-3B-Instruct 50.0 / 20.5 40.9 / 8.4 9.1 / 12.1

SK

XLM-RoBERTa-Long 80.2 / 58.8 70.1 / 32.1 10.2 / 26.7
Llama-3.2-1B 75.1 / 45.6 60.6 / 25.6 14.5 / 20.0
Llama-3.2-1B-Instruct 66.3 / 37.6 49.5 / 18.9 16.8 / 18.7
Llama-3.2-3B 76.8 / 48.5 71.3 / 29.4 5.5 / 19.1
Llama-3.2-3B-Instruct 72.4 / 42.5 60.1 / 15.7 12.3 / 26.8

Table 5: Results on ALICE benchmark with reference
answer-based baseline methods across three subtasks:
LP, KE and SK.

6 Conclusion562

We introduce ALICE, a large-scale German ASAS563

benchmark that supports holistic and fine-grained564

assessment of student responses along three com-565

plementary dimensions: learning performance,566

knowledge elements, and skills. By framing ASAS567

as a rubric-ranking task, we provide a unified568

formulation that naturally accommodates ordinal,569

question-dependent rubric structures and extends570

beyond solution-based scoring.571

Extensive experiments across a range of mod-572

els and input configurations show that rubric-based573

scoring consistently improves generalisation, par-574

ticularly to unseen questions. We also show that575

lightweight LLMs used as encoders are well-suited576

for ASAS. Our analysis further highlights the role577

of contextual information in improving robustness578

to question-specific distribution shifts. We hope579

that ALICE and our findings will facilitate more580

realistic and pedagogically grounded research on 581

automated short answer scoring in NLP for Educa- 582

tion. 583

7 Limitations 584

This work has several limitations. First, ALICE fo- 585

cuses on German-language STEM education, and 586

while the dataset design is general, results may not 587

directly transfer to other languages or subject do- 588

mains. Second, although we evaluate a range of 589

encoder architectures, we restrict our study to dis- 590

criminative models and do not explore generative 591

scoring or feedback generation. Future work on 592

feedback generation and pedagogical capabilities 593

of LLMs (Daheim et al., 2024; Macina et al., 2025) 594

could benefit from integrating fine-grained assess- 595

ment dimensions such as knowledge elements and 596

skills. 597

While rubric-ranking proves effective and gen- 598

eralises well to unseen questions and question- 599

dependent rubric structures, it requires expand- 600

ing each answer into multiple answer–rubric pairs, 601

which increases training and inference costs and 602

limits scalability to larger models. Finally, rubric- 603

based scoring relies on the availability of high- 604

quality rubrics, which may not always be accessible 605

in real-world settings. Exploring LLM-augmented 606

rubric representations is a promising direction for 607

future research. 608

8 Ethical Statement 609

The ALICE benchmark is constructed from student 610

responses to assessment items collected in routine 611
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classroom settings. We obtained all data under ap-612

propriate educational governance and privacy pro-613

tections; identifiers were removed and responses614

were anonymised prior to annotation to safeguard615

student privacy. Annotators were trained educators616

or trained with standard calibration procedures, and617

we monitored for potential annotation bias across618

demographic groups to maintain fairness in scor-619

ing.620

We acknowledge that automated short answer621

scoring systems can influence educational out-622

comes, and misuse may unfairly advantage or dis-623

advantage students if deployed without appropriate624

safeguards. ALICE is released solely for research625

purposes under a license that prohibits high-stakes626

automated decision-making without human over-627

sight. Models evaluated on this benchmark should628

be interpreted as tools for supporting instructional629

practice, not as replacements for expert human630

judgment. We encourage researchers to consider631

bias, fairness, and interpretability when developing632

and reporting models on ALICE, and to avoid appli-633

cations that could reinforce inequitable treatment634

of learners.635

References636

Xueqing Bai and Manfred Stede. 2023. A survey of cur-637
rent machine learning approaches to student free-text638
evaluation for intelligent tutoring. International Jour-639
nal of Artificial Intelligence in Education, 33:992–640
1030.641

Parishad BehnamGhader, Vaibhav Adlakha, Marius642
Mosbach, Dzmitry Bahdanau, Nicolas Chapados, and643
Siva Reddy. 2024. Llm2vec: Large language mod-644
els are secretly powerful text encoders. Preprint,645
arXiv:2404.05961.646

Marie Bexte, Andrea Horbach, and Torsten Zesch. 2022.647
Similarity-based content scoring - how to make S-648
BERT keep up with BERT. In Proceedings of the649
17th Workshop on Innovative Use of NLP for Build-650
ing Educational Applications (BEA 2022), pages 118–651
123, Seattle, Washington. Association for Computa-652
tional Linguistics.653

Marie Bexte, Andrea Horbach, and Torsten Zesch. 2024.654
Strengths and weaknesses of automated scoring of655
free-text student answers. Informatik Spektrum,656
47:78–86.657

Susan M. Brookhart. 2018. How to Create and Use658
Rubrics for Formative Assessment and Grading.659
ASCD, Alexandria, VA.660

Leon Camus and Anna Filighera. 2020. Investigating661
transformers for automatic short answer grading. In662

Artificial Intelligence in Education: 21st Interna- 663
tional Conference, AIED 2020, Ifrane, Morocco, July 664
6–10, 2020, Proceedings, Part II, page 43–48, Berlin, 665
Heidelberg. Springer-Verlag. 666

L. H. Chang, P. M. Taiga, and J. Vilén. 2024. Auto- 667
matic short answer grading for finnish with chatgpt. 668
In Proc. of the Thirty-Seventh AAAI Conference on 669
Artificial Intelligence (AAAI-24). 670

Nico Daheim, Jakub Macina, Manu Kapur, Iryna 671
Gurevych, and Mrinmaya Sachan. 2024. Stepwise 672
verification and remediation of student reasoning 673
errors with large language model tutors. Preprint, 674
arXiv:2407.09136. 675

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and 676
Kristina Toutanova. 2019. Bert: Pre-training of deep 677
bidirectional transformers for language understand- 678
ing. Preprint, arXiv:1810.04805. 679

Myroslava Dzikovska, Rodney Nielsen, Chris Brew, 680
Claudia Leacock, Danilo Giampiccolo, Luisa Ben- 681
tivogli, Peter Clark, Ido Dagan, and Hoa Trang Dang. 682
2013. SemEval-2013 task 7: The joint student re- 683
sponse analysis and 8th recognizing textual entail- 684
ment challenge. In Second Joint Conference on Lexi- 685
cal and Computational Semantics (*SEM), Volume 686
2: Proceedings of the Seventh International Work- 687
shop on Semantic Evaluation (SemEval 2013), pages 688
263–274, Atlanta, Georgia, USA. Association for 689
Computational Linguistics. 690

Anna Filighera, Siddharth Parihar, Tim Steuer, Tobias 691
Meuser, and Sebastian Ochs. 2022. Your answer is in- 692
correct... would you like to know why? introducing a 693
bilingual short answer feedback dataset. In Proceed- 694
ings of the 60th Annual Meeting of the Association 695
for Computational Linguistics (Volume 1: Long Pa- 696
pers), pages 8577–8591, Dublin, Ireland. Association 697
for Computational Linguistics. 698

Kathleen Fisher and Joseph I. Lipson. 1986. Twenty 699
questions about student errors. Journal of Research 700
in Science Teaching, 23:783–803. 701

Lucas Galhardi, Bruno Brancher, Luiz Claudio Lazari, 702
and Marco Antonio Tavares de Souza. 2018. Por- 703
tuguese automatic short answer grading. In Simpósio 704
Brasileiro de Informática na Educação (SBIE). Pro- 705
ceedings paper; dataset for Portuguese short answer 706
grading. 707

Sebastian Gombert, Daniele Di Mitri, Onur Karademir, 708
Marcus Kubsch, Hannah Kolbe, Simon Tautz, Adrian 709
Grimm, Isabell Bohm, Knut Neumann, and Hendrik 710
Drachsler. 2023. Coding energy knowledge in con- 711
structed responses with explainable nlp models. Jour- 712
nal of Computer Assisted Learning, 39(3):767–786. 713

Yang Han, Ziping Wan, Lu Chen, Kai Yu, and Xin Chen. 714
2025. From generalist to specialist: A survey of large 715
language models for chemistry. In Proceedings of 716
the 31st International Conference on Computational 717
Linguistics, pages 1106–1123, Abu Dhabi, UAE. As- 718
sociation for Computational Linguistics. 719

9

https://doi.org/10.1007/s40593-022-00323-0
https://doi.org/10.1007/s40593-022-00323-0
https://doi.org/10.1007/s40593-022-00323-0
https://doi.org/10.1007/s40593-022-00323-0
https://doi.org/10.1007/s40593-022-00323-0
https://arxiv.org/abs/2404.05961
https://arxiv.org/abs/2404.05961
https://arxiv.org/abs/2404.05961
https://doi.org/10.18653/v1/2022.bea-1.16
https://doi.org/10.18653/v1/2022.bea-1.16
https://doi.org/10.18653/v1/2022.bea-1.16
https://doi.org/10.1007/s00287-024-01573-z
https://doi.org/10.1007/s00287-024-01573-z
https://doi.org/10.1007/s00287-024-01573-z
https://doi.org/10.1007/978-3-030-52240-7_8
https://doi.org/10.1007/978-3-030-52240-7_8
https://doi.org/10.1007/978-3-030-52240-7_8
https://doi.org/10.1609/aaai.v38i1.30363
https://doi.org/10.1609/aaai.v38i1.30363
https://doi.org/10.1609/aaai.v38i1.30363
https://arxiv.org/abs/2407.09136
https://arxiv.org/abs/2407.09136
https://arxiv.org/abs/2407.09136
https://arxiv.org/abs/2407.09136
https://arxiv.org/abs/2407.09136
https://arxiv.org/abs/1810.04805
https://arxiv.org/abs/1810.04805
https://arxiv.org/abs/1810.04805
https://arxiv.org/abs/1810.04805
https://arxiv.org/abs/1810.04805
https://aclanthology.org/S13-2045/
https://aclanthology.org/S13-2045/
https://aclanthology.org/S13-2045/
https://aclanthology.org/S13-2045/
https://aclanthology.org/S13-2045/
https://doi.org/10.18653/v1/2022.acl-long.587
https://doi.org/10.18653/v1/2022.acl-long.587
https://doi.org/10.18653/v1/2022.acl-long.587
https://doi.org/10.18653/v1/2022.acl-long.587
https://doi.org/10.18653/v1/2022.acl-long.587
https://api.semanticscholar.org/CorpusID:144889316
https://api.semanticscholar.org/CorpusID:144889316
https://api.semanticscholar.org/CorpusID:144889316
https://milanesa.ime.usp.br/rbie/index.php/sbie/article/view/8097
https://milanesa.ime.usp.br/rbie/index.php/sbie/article/view/8097
https://milanesa.ime.usp.br/rbie/index.php/sbie/article/view/8097
https://doi.org/10.1111/jcal.12767
https://doi.org/10.1111/jcal.12767
https://doi.org/10.1111/jcal.12767
https://aclanthology.org/2025.coling-main.74/
https://aclanthology.org/2025.coling-main.74/
https://aclanthology.org/2025.coling-main.74/


Jan-Christoph Klie, Michael Bugert, Beto Boullosa,720
Richard Eckart de Castilho, and Iryna Gurevych.721
2018. The INCEpTION platform: Machine-assisted722
and knowledge-oriented interactive annotation. In723
Proceedings of the 27th International Conference on724
Computational Linguistics: System Demonstrations,725
pages 5–9, Santa Fe, New Mexico. Association for726
Computational Linguistics.727

Saskia S. Krebs, Marijke Verbeke, Cees van der Vleuten,728
Filip Dochy, and Katrien Struyven. 2022. Rubrics729
enhance accuracy and reduce cognitive load in self-730
assessment and task performance. Journal of the731
Learning Sciences, 31(6):707–743.732

Yaman Kumar, Swati Aggarwal, Debanjan Mahata, Ra-733
jiv Ratn Shah, Ponnurangam Kumaraguru, and Roger734
Zimmermann. 2019. Get it scored using autosas—an735
automated system for scoring short answers. In Pro-736
ceedings of the Thirty-Third AAAI Conference on737
Artificial Intelligence and Thirty-First Innovative Ap-738
plications of Artificial Intelligence Conference and739
Ninth AAAI Symposium on Educational Advances in740
Artificial Intelligence, pages 9662–9669.741

Chankyu Lee, Rajarshi Roy, Mengyao Xu, Jonathan742
Raiman, Mohammad Shoeybi, Bryan Catanzaro, and743
Wei Ping. 2025. Nv-embed: Improved techniques744
for training llms as generalist embedding models.745
Preprint, arXiv:2405.17428.746

Zhaohui Li, Susan Lloyd, Matthew Beckman, and Re-747
becca Passonneau. 2023. Answer-state recurrent rela-748
tional network (AsRRN) for constructed response as-749
sessment and feedback grouping. In Findings of the750
Association for Computational Linguistics: EMNLP751
2023, pages 3879–3891, Singapore. Association for752
Computational Linguistics.753

Ziyong Lin, Haoyi Wu, Shu Wang, Kewei Tu, Zilong754
Zheng, and Zixia Jia. 2025. Look both ways and no755
sink: Converting LLMs into text encoders without756
training. In Proceedings of the 63rd Annual Meeting757
of the Association for Computational Linguistics (Vol-758
ume 1: Long Papers), pages 22839–22853, Vienna,759
Austria. Association for Computational Linguistics.760

Chun Liu, Hongguang Zhang, Kainan Zhao, Xinghai761
Ju, and Lin Yang. 2024. LLMEmbed: Rethinking762
lightweight LLM’s genuine function in text classifica-763
tion. In Proceedings of the 62nd Annual Meeting of764
the Association for Computational Linguistics (Vol-765
ume 1: Long Papers), pages 7994–8004, Bangkok,766
Thailand. Association for Computational Linguistics.767

Kun Luo, Minghao Qin, Zheng Liu, Shitao Xiao, Jun768
Zhao, and Kang Liu. 2024. Large language mod-769
els as foundations for next-gen dense retrieval: A770
comprehensive empirical assessment. In Proceed-771
ings of the 2024 Conference on Empirical Methods772
in Natural Language Processing, pages 1354–1365,773
Miami, Florida, USA. Association for Computational774
Linguistics.775

Jakub Macina, Nico Daheim, Ido Hakimi, Manu Kapur, 776
Iryna Gurevych, and Mrinmaya Sachan. 2025. Math- 777
tutorbench: A benchmark for measuring open-ended 778
pedagogical capabilities of llm tutors. Preprint, 779
arXiv:2502.18940. 780

Niklas Muennighoff, Nouamane Tazi, Loïc Magne, and 781
Nils Reimers. 2023. Mteb: Massive text embedding 782
benchmark. Preprint, arXiv:2210.07316. 783

OECD-PISA. 2023. PISA 2022 Results (Volume I): The 784
State of Learning and Equity in Education. OECD 785
Publishing, Paris. 786

Christopher Ormerod. 2022. Short-answer scoring with 787
ensembles of pretrained language models. Preprint, 788
arXiv:2202.11558. 789

Ernesto Panadero and Anders Jonsson. 2013. The use 790
of scoring rubrics for formative assessment purposes 791
revisited: a review. Educational Research Review, 792
9:129–144. 793

Lakshmi Ramachandran, Jian Cheng, and Peter Foltz. 794
2015. Identifying patterns for short answer scoring 795
using graph-based lexico-semantic text matching. In 796
Proceedings of the Tenth Workshop on Innovative 797
Use of NLP for Building Educational Applications, 798
pages 97–106, Denver, Colorado. Association for 799
Computational Linguistics. 800

Nils Reimers and Iryna Gurevych. 2019. Sentence-bert: 801
Sentence embeddings using siamese bert-networks. 802
Preprint, arXiv:1908.10084. 803

Gilbert Reynders, Juliette Lantz, Suzanne M. Ruder, 804
Courtney L. Stanford, and Renée S. Cole. 2020. 805
Rubrics to assess critical thinking and information 806
processing in undergraduate stem courses. Interna- 807
tional Journal of STEM Education, 7(1):9. 808

Brian Riordan, Andrea Horbach, Aoife Cahill, Torsten 809
Zesch, and Chong Min Lee. 2017. Investigating neu- 810
ral architectures for short answer scoring. In Pro- 811
ceedings of the 12th Workshop on Innovative Use of 812
NLP for Building Educational Applications, pages 813
159–168, Copenhagen, Denmark. Association for 814
Computational Linguistics. 815

Qian Ruan, Ilia Kuznetsov, and Iryna Gurevych. 2024. 816
Are large language models good classifiers? a study 817
on edit intent classification in scientific document 818
revisions. Preprint, arXiv:2410.02028. 819

D. Royce Sadler. 1989. Formative assessment and the 820
design of instructional systems. Instructional Sci- 821
ence, 18(2):119–144. 822

Shashank Sonkar, Kangqi Ni, Lesa Tran Lu, Kristi Kin- 823
caid, John S. Hutchinson, and Richard G. Baraniuk. 824
2024. Automated long answer grading with ricechem 825
dataset. Preprint, arXiv:2404.14316. 826

Judith Stanja, Wolfgang Gritz, Johannes Krugel, Anett 827
Hoppe, and Sarah Dannemann. 2023. Formative 828
assessment strategies for students’ conceptions—the 829

10

https://aclanthology.org/C18-2002/
https://aclanthology.org/C18-2002/
https://aclanthology.org/C18-2002/
https://doi.org/10.1007/s11409-022-09302-1
https://doi.org/10.1007/s11409-022-09302-1
https://doi.org/10.1007/s11409-022-09302-1
https://doi.org/10.1007/s11409-022-09302-1
https://doi.org/10.1007/s11409-022-09302-1
https://arxiv.org/abs/2405.17428
https://arxiv.org/abs/2405.17428
https://arxiv.org/abs/2405.17428
https://doi.org/10.18653/v1/2023.findings-emnlp.254
https://doi.org/10.18653/v1/2023.findings-emnlp.254
https://doi.org/10.18653/v1/2023.findings-emnlp.254
https://doi.org/10.18653/v1/2023.findings-emnlp.254
https://doi.org/10.18653/v1/2023.findings-emnlp.254
https://doi.org/10.18653/v1/2025.acl-long.1113
https://doi.org/10.18653/v1/2025.acl-long.1113
https://doi.org/10.18653/v1/2025.acl-long.1113
https://doi.org/10.18653/v1/2025.acl-long.1113
https://doi.org/10.18653/v1/2025.acl-long.1113
https://doi.org/10.18653/v1/2024.acl-long.433
https://doi.org/10.18653/v1/2024.acl-long.433
https://doi.org/10.18653/v1/2024.acl-long.433
https://doi.org/10.18653/v1/2024.acl-long.433
https://doi.org/10.18653/v1/2024.acl-long.433
https://doi.org/10.18653/v1/2024.emnlp-main.80
https://doi.org/10.18653/v1/2024.emnlp-main.80
https://doi.org/10.18653/v1/2024.emnlp-main.80
https://doi.org/10.18653/v1/2024.emnlp-main.80
https://doi.org/10.18653/v1/2024.emnlp-main.80
https://arxiv.org/abs/2502.18940
https://arxiv.org/abs/2502.18940
https://arxiv.org/abs/2502.18940
https://arxiv.org/abs/2502.18940
https://arxiv.org/abs/2502.18940
https://arxiv.org/abs/2210.07316
https://arxiv.org/abs/2210.07316
https://arxiv.org/abs/2210.07316
https://doi.org/10.1787/53f23881-en
https://doi.org/10.1787/53f23881-en
https://doi.org/10.1787/53f23881-en
https://arxiv.org/abs/2202.11558
https://arxiv.org/abs/2202.11558
https://arxiv.org/abs/2202.11558
https://doi.org/10.1016/j.edurev.2013.01.002
https://doi.org/10.1016/j.edurev.2013.01.002
https://doi.org/10.1016/j.edurev.2013.01.002
https://doi.org/10.1016/j.edurev.2013.01.002
https://doi.org/10.1016/j.edurev.2013.01.002
https://doi.org/10.3115/v1/W15-0612
https://doi.org/10.3115/v1/W15-0612
https://doi.org/10.3115/v1/W15-0612
https://arxiv.org/abs/1908.10084
https://arxiv.org/abs/1908.10084
https://arxiv.org/abs/1908.10084
https://doi.org/10.1186/s40594-020-00208-5
https://doi.org/10.1186/s40594-020-00208-5
https://doi.org/10.1186/s40594-020-00208-5
https://doi.org/10.18653/v1/W17-5017
https://doi.org/10.18653/v1/W17-5017
https://doi.org/10.18653/v1/W17-5017
https://arxiv.org/abs/2410.02028
https://arxiv.org/abs/2410.02028
https://arxiv.org/abs/2410.02028
https://arxiv.org/abs/2410.02028
https://arxiv.org/abs/2410.02028
https://doi.org/10.1007/BF00117714
https://doi.org/10.1007/BF00117714
https://doi.org/10.1007/BF00117714
https://arxiv.org/abs/2404.14316
https://arxiv.org/abs/2404.14316
https://arxiv.org/abs/2404.14316
https://doi.org/10.1111/bjet.13288
https://doi.org/10.1111/bjet.13288
https://doi.org/10.1111/bjet.13288
https://doi.org/10.1111/bjet.13288


potential of learning analytics. British Journal of830
Educational Technology, 54(1):58–75.831

Chul Sung, Tejas Dhamecha, Swarnadeep Saha, Tengfei832
Ma, Vinay Reddy, and Rishi Arora. 2019. Pre-833
training BERT on domain resources for short answer834
grading. In Proceedings of the 2019 Conference on835
Empirical Methods in Natural Language Processing836
and the 9th International Joint Conference on Natu-837
ral Language Processing (EMNLP-IJCNLP), pages838
6071–6075, Hong Kong, China. Association for Com-839
putational Linguistics.840

Yi Tay, Mostafa Dehghani, Jai Gupta, Dara Bahri, and841
Neil Houlsby. 2023. Transformers in the era of842
large language models: A survey. arXiv preprint843
arXiv:2301.04655.844

Tianqi Wang, Naoya Inoue, Hiroki Ouchi, Tomoya845
Mizumoto, and Kentaro Inui. 2019. Inject rubrics846
into short answer grading system. In Proceedings of847
the 2nd Workshop on Deep Learning Approaches for848
Low-Resource NLP (DeepLo 2019), pages 175–182,849
Hong Kong, China. Association for Computational850
Linguistics.851

Jason Wei, Yi Tay, Rishi Bommasani, Colin Raffel,852
Barret Zoph, Sebastian Borgeaud, Dani Yogatama,853
Maarten Bosma, Denny Zhou, Donald Metzler, Ed H.854
Chi, Tatsunori Hashimoto, Oriol Vinyals, Percy855
Liang, Jeff Dean, and William Fedus. 2022. Emer-856
gent abilities of large language models. Preprint,857
arXiv:2206.07682.858

Fabian Zehner, Hyo Jeong Shin, Emily Kerzabi, Andrea859
Horbach, Sebastian Gombert, Frank Goldhammer,860
Torsten Zesch, and Nico Andersen. 2025. Down the861
cascades of omethi: Hierarchical automatic scoring862
in large-scale assessments. In Proceedings of the863
20th Workshop on Innovative Use of NLP for Build-864
ing Educational Applications (BEA 2025), Vienna,865
Austria. Association for Computational Linguistics.866

A Dataset example867

See Figure 3. Note that level 1 is not present in the868

rubrics of knowledge elements in this example. Be-869

cause level 1 is specifically for the "using without870

content" scenario, this level description is absent in871

the Physics data. Similarly, for the rubrics of skills,872

level 1 (partially present) is not available for this873

question.874

11

https://doi.org/10.1111/bjet.13288
https://doi.org/10.18653/v1/D19-1628
https://doi.org/10.18653/v1/D19-1628
https://doi.org/10.18653/v1/D19-1628
https://doi.org/10.18653/v1/D19-1628
https://doi.org/10.18653/v1/D19-1628
https://doi.org/10.18653/v1/D19-6119
https://doi.org/10.18653/v1/D19-6119
https://doi.org/10.18653/v1/D19-6119
https://arxiv.org/abs/2206.07682
https://arxiv.org/abs/2206.07682
https://arxiv.org/abs/2206.07682
https://doi.org/10.18653/v1/2025.bea-1.47
https://doi.org/10.18653/v1/2025.bea-1.47
https://doi.org/10.18653/v1/2025.bea-1.47
https://doi.org/10.18653/v1/2025.bea-1.47
https://doi.org/10.18653/v1/2025.bea-1.47


Question Context Information

Prompt: Based on the patterns and measured values, derive two “the more... the more”
statements for the alignment of the PV cell.
Sample Solution:
The more perpendicular the PV cell is aligned to the radiation source, the higher the electrical
energy. The more light reaches the PV cell (the less the PV cell is shaded), the higher the
electrical energy.

Student Response

Answer: The more directly the light source shines on the solar panel, the higher the generated
voltage. The more of the panel was covered, the less voltage was generated.

Learning Performance

Level 0: The students do not formulate any "the more - the more" statements regarding the
angle of incidence and the illuminated area..
Level 1: Students formulate one statement about angle or illuminated area.
Level 2 : Students formulate two statements about angle and illuminated area.

Knowledge Elements

Electrical Energy
Level 0: The term or similar meanings are not mentioned..
Level 2: Non-targeted use: The students use the voltage to explain something other than
energy conversion.
Level 3: Targeted use: voltage is used to make statements about energy conversion.

Radiation Energy
Level 0:The term or similar meanings are not mentioned..
Level 2: Non-targeted use: The students use angles or shading to explain something other
than energy conversion.
Level 3: Targeted use: angle or shading is used to make statements about energy conversion.

Conversion
Level 0: The term or similar meanings are not mentioned..
Level 2: Non-targeted use: The students use transformation concepts to explain something
other than the conversion of radiant energy into electrical energy.
Level 3: Targeted use: student indicates that radiation is converted to electrical energy.

Skill

Reasoning
Level 0: Not present: No explanation using experimental results.

Level 2 : Present: Explains patterns using experimental results; includes at least one “the
more... the more” sentence.

Figure 3: Illustrative instance from the short-answer scoring benchmark, translated from German to English.
Selected rubric levels shown in green.
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B Input formats of LLMs875

In Ruan et al. (2024), they experimented with876

two input formats for LLM-based classification:877

natural language and structured. The former878

uses natural language as sequence boundaries, and879

the latter marks sequence boundaries with XML-880

style markup. Below is an example input text for881

the LLMs. The structured formatting approach882

achieved better results. We adopt this strategy in883

our paper:884

<Frage>Beschreibe auf Basis Deines
Vorwissens die Erklärungskraft der
submikroskopischen Ebene (was vermag
diese Modellebene
darzustellen?).</Frage>

↪→

↪→

↪→

↪→

<Antwort>Die submikroskopische Ebene
stellt Strukturformeln von Molekülen
modellhaft dar.</Antwort>

↪→

↪→

<Rubrik>Die Schüler:innen erläutern den
erweiterten Blick der
makroskopischen Ebene
nicht.</Rubrik>

↪→

↪→

↪→

They also experimented with prepending natural885

language instruction to the input and found that it886

has a limited impact on the final performance.887

C Dataset collection, annotation and888

further statistics889

Dataset collection, annotation The students’ an-890

swers are collected from Moodle courses used in891

high schools in Blinded state, Germany. The Moo-892

dle courses cover four subjects: biology, chemistry,893

mathematics and physics. The ALICE-SK and894

ALICE-SK don’t include rubrics for mathematics.895

The dataset was scored in four phases, each for896

a subset of the contained questions. Each phase897

was further grouped into a pilot phase and an an-898

notation phase. The annotation was performed on899

the INCEPTION (Klie et al., 2018) platform. In900

the pilot phase, for each domain and question, the901

annotators were trained to score answers using a902

smaller subset of the data until a desirable Cohen’s903

κ > 0.75 was reached per question. Where needed,904

initial scoring rubrics and question-wise guidelines905

were revised for better clarity, and the annotators906

were retrained using the updated guidelines. Fol-907

lowing this, the remaining student answers were908

distributed among the different annotators. Due to909

the size of the overall dataset, multiple annotators910

needed to be replaced during the annotation pro- 911

cess, resulting in minor fluctuations across the four 912

phases. 913

For learning performance, we reached a Cohen’s 914

Kappa score of 72; For knowledge element, the 915

Cohen’s Kappa score is 81. And for skills, the 916

score is 80. 917

Further statistics See Table 6 for per-subject 918

statistics and Figure 4 for level distribution across 919

subtasks.

Figure 4: Distribution of levels across the subtasks

920

Subject answers questions ke sk

Biology 1987 11 8 11
Chemistry 8977 66 70 23
Mathematics 1257 14 NA NA
Physics 4353 21 8 12

Table 6: Per-subject number of answers, questions,
knowledge elements and skills.

D Model configuration and 921

Hyperparameters 922

Model Selection Rationale. XLM-Roberta- 923

Long 3 is chosen as a strong multilingual encoder 924

baseline with extended context length, which 925

is important for handling multi-sequence inputs 926

consisting of answers, rubrics, questions, and 927

sample solutions. 928

In addition, we evaluate a set of lightweight 929

LLMs with parameter sizes between 1B and 3B. 930

These models offer substantially larger pretraining 931

corpora and stronger reasoning capabilities than 932

MLMs, while remaining feasible for fine-tuning 933

under realistic computational constraints. We in- 934

clude both base and instruction-tuned variants to 935

3markussagen/xlm-roberta-longformer-base-4096
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examine whether instruction tuning confers advan-936

tages in discriminative rubric-ranking settings.937

For MLM-based encoders, we use the [CLS] to-938

ken representation as the sequence embedding. For939

LLM-based encoders, we extract the final [EOS]940

token representation. In both cases, the sequence941

embedding is passed through a feedforward layer942

to produce alignment scores.943

Reproducibility Considerations. All experi-944

ments are conducted using fixed random seeds.945

Model checkpoints, preprocessing scripts, and eval-946

uation code will be released upon publication to947

facilitate reproducibility and future benchmarking.948

We randomly sample 10% of the training data949

as the validation set and evaluate the model on it at950

each epoch. The model checkpoint that achieves951

the highest accuracy is saved for testing.952

MLM-based models We fine-tune with a learn-953

ing rate of 2× 10−5 for 8 epochs with a batch size954

of 16.955

LLM-based models We train with 4-bit quanti-956

sation (QLoRA), a LoRA rank of 64, and a learning957

rate of 1 × 10−4. We use a batch size of 4 and958

gradient accumulation of 8 steps. For ALICE-LP,959

we train the model for 6 epochs. During the exper-960

iment, we found that the model converges after 4961

epochs on ALICE-KE and ALICE-SK, so we train962

these subtasks with 4 epochs on LLMs.963

E Benchmarking with Close-source LLM964

E.1 Prompt965

E.1.1 System Prompt966

Listing 1: Base System Prompt (German)
967

Sie werden die Antwort eines K12-Schuelers968
in MINT-Faechern bewerten.969

970
ZIEL971
Weisen Sie basierend auf dem972

bereitgestellten Rubrikensatz genau EINE973
ganze Zahl als Punktzahl zu. Sie974
muessen die Schuelerantwort intern975
anhand jeder Rubrik bewerten und dann976
die am besten passende Punktzahl977
auswaehlen.978

979
FOKUS: [Task-specific focus, see below]980

981
REGELN982
- Beruecksichtigen Sie die Frage und die983

Beispielantworten nur, wenn sie984
bereitgestellt werden; sie sind985
optionale Hilfsmittel zum Verstaendnis,986
keine strikten Anforderungen.987

- Eine Rubrik ist nur erfuellt, wenn ihre988
erforderlichen Kriterien erfuellt sind.989

Wenn eine Rubrik "eines von/von mehreren 990
" verwendet, folgen Sie dieser Logik. 991

- Bewerten Sie ausschliesslich basierend auf 992
der Uebereinstimmung zwischen der 993
Schuelerantwort und den Rubrikkriterien 994
(und der Frage, falls vorhanden). 995
Ignorieren Sie den Stil, es sei denn, er 996
wird von der Rubrik verlangt. 997

- Geben Sie nur eine ganze Zahl zurueck, die 998
der hoechsten erfuellten Rubrik 999
entspricht. 1000

1001
AUSGABE 1002
Geben Sie NUR ein gueltiges JSON-Objekt mit 1003

genau diesen Feldern zurueck: 1004
{ 1005
"reasoning": "1-3 praegnante Saetze, die 1006

erklaeren, warum diese Punktzahl am 1007
besten zur Rubrik passt.", 1008

"score": <Ganzzahl> 1009
} 1010

1011
WICHTIG 1012
- Fuegen Sie KEINE zusaetzlichen Schluessel, 1013

Texte oder Formatierungen ausserhalb 1014
des JSON hinzu. 10151016

E.1.2 Task-Specific Prompt 1017

Listing 2: Learning Performance (LP)
1018

FOKUS: Bewerten Sie die GESAMTLEISTUNG des 1019
Schuelers bei der Bearbeitung der 1020
Aufgabe, einschliesslich Verstaendnis, 1021
Anwendung und Kommunikation des Wissens. 10221023

Listing 3: Knowledge Elements (KE)
1024

FOKUS: Bewerten Sie die BEHERRSCHUNG 1025
SPEZIFISCHER WISSENSELEMENTE (z.B. 1026
chemische Reaktionen, physikalische 1027
Gesetze, mathematische Konzepte). 1028
Konzentrieren Sie sich auf die 1029
Korrektheit und Tiefe des fachlichen 1030
Verstaendnisses der jeweiligen 1031
Wissenskomponente. 10321033

Listing 4: Skills (SK)
1034

FOKUS: Bewerten Sie die ANWENDUNG 1035
SPEZIFISCHER FAEHIGKEITEN (z.B. 1036
Hypothesen formulieren, Experimente 1037
entwerfen, Daten interpretieren, 1038
Schlussfolgerungen ziehen). 1039
Konzentrieren Sie sich auf die Qualitaet 1040
der methodischen und prozeduralen 1041
Fertigkeiten, nicht nur auf das 1042
Fachwissen. 10431044

E.1.3 User Prompt 1045

Listing 5: User Prompt
1046

RUBRIKENSATZ 1047
{rubrics} 1048

1049
FRAGE 1050
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{question}1051
1052

BEISPIELLOESUNGEN1053
{sample_solutions}1054

1055
SCHUELERANTWORT1056
{answer}10571058

E.2 Results1059
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Base Model Input Format LP KE SK
UA (F1/QWK) UQ (F1/QWK) UA (F1/QWK) UQ (F1/QWK) UA (F1/QWK) UQ (F1/QWK)

GPT-4o-mini

ar 59.1 / 54.9 60.2 / 53.6 52.2 / 53.5 51.2 / 54.0 65.9 / 36.1 63.1 / 41.2
+q 60.5 / 57.3 60.7 / 57.6 47.7 / 51.9 47.6 / 52.4 70.7 / 43.6 66.7 / 43.8
+s 58.0 / 53.4 60.0 / 53.6 52.8 / 53.9 52.4 / 54.1 66.3 / 36.6 62.7 / 41.0
+qs 60.8 / 56.9 60.5 / 58.9 48.4 / 51.7 47.8 / 52.6 70.2 / 42.5 66.6 / 44.3

Table 7: Prompt-based results on ALICE benchmark. F1 and QWK scores are reported as percentages.

F Benchmarking on ASAS-SAP1060
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Table 8: Per-question QWK scores on ASAP-SAS dataset

Joint Rubric-Ranking

Base Model Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 Mean

BERT-base-cased 81.5 77.4 67.6 70.9 78.6 81.9 67.6 62.9 78.1 71.4 73.8
RoBERTa-base 83.3 72.0 68.9 76.0 77.2 83.2 70.3 69.4 79.8 75.5 75.5
ModernBERT-base 76.3 57.5 68.3 65.7 73.4 75.6 56.8 52.5 79.6 70.2 67.6
XLM-RoBERTa-Long 80.9 70.8 69.8 73.1 82.7 84.2 67.7 56.8 79.2 74.4 73.9

Llama-3.2-1B 84.6 80.9 69.5 77.0 81.0 80.7 72.0 67.7 82.8 76.3 77.2
Llama-3.2-1B-Instruct 81.5 77.8 68.5 74.7 82.9 83.5 69.1 68.9 82.0 76.4 76.5
Llama-3.2-3B 85.8 80.7 71.3 69.5 83.7 86.3 71.6 71.3 83.9 77.1 78.1
Llama-3.2-3B-Instruct 87.8 83.5 67.4 69.2 82.9 85.4 71.4 72.1 83.1 79.2 78.2

Previous Methods

Method Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 Mean

Ramachandran et al. (2015) 86.0 78.0 66.0 70.0 84.0 88.0 66.0 63.0 84.0 79.0 78.0
Riordan et al. (2017) 79.5 71.8 68.4 70.0 83.0 79.0 64.8 55.4 77.7 73.5 72.3
Wang et al. (2019) 79.2 71.4 NA NA 80.4 79.3 NA NA NA 75.3 NA
Kumar et al. (2019) 87.2 82.4 745 743 845 858 725 624 843 832 791
Bexte et al. (2022) MAX 84.0 79.0 67.0 67.0 72.0 58.0 68.0 77.0 72.0 72.0 72.4
Bexte et al. (2022) AVG 88.0 78.0 74.0 72.0 69.0 74.0 58.0 69.0 77.0 72.0 73.1

We also benchmarked our method on ASAP-1061

SAS, which contains diverse domains such as En-1062

glish Literature, and Science Bexte et al. (2022).1063

Note that all the listed methods train a separate1064

model for each question. Below are short descrip-1065

tions of each method.1066

Ramachandran et al. (2015) The paper pro-1067

poses a supervised short-answer scoring approach1068

that represents student responses using a com-1069

bination of lexical overlap, semantic similarity1070

(via WordNet and distributional semantics), and1071

question-specific reference answers, which are1072

then fed into a regression/classification model.1073

The method is deliberately feature-driven rather1074

than neural, reflecting the low-resource and inter-1075

pretability constraints of the time.1076

Kumar et al. (2019) The paper proposes Au-1077

toSAS, a supervised short-answer scoring system1078

that predicts a numeric score for a student response1079

using engineered linguistic and semantic features.1080

For each answer, the system extracts lexical diver-1081

sity measures, Word2Vec embeddings, and over-1082

lap features between the student response and the1083

prompt or reference content. These features are1084

then fed into a regression model that outputs a1085

score. They built a separate model for each ques-1086

tion.1087

Wang et al. (2019) It proposes a neural short 1088

answer grading model that augments a baseline 1089

encoder with an explicit rubric component. The 1090

architecture has two parts: (1) a base component 1091

that encodes student answers using a BiLSTM over 1092

word embeddings to produce a feature vector, and 1093

(2) a rubric component that computes word-level 1094

attention alignments between the answer and each 1095

key element in the rubric to produce rubric-aware 1096

features. These features are merged (by concate- 1097

nation or weighted sum) and passed through a re- 1098

gression layer to predict the score, allowing the 1099

model to learn alignment between rubric criteria 1100

and answer content. 1101

Ormerod (2022) The authors fine-tune a variety 1102

of transformer-based pretrained language models 1103

(small, base, large) on the Kaggle Automated Short 1104

Answer Scoring dataset (ASAS) task, train a sepa- 1105

rate feature-based model, and then build ensembles 1106

of these models (via logistic regression over model 1107

log-probabilities) to produce the final score. They 1108

built a separate model for each question. 1109

Riordan et al. (2017) The paper evaluates sim- 1110

ple neural architectures for short-answer scoring 1111

by training CNN- and LSTM-based models on stu- 1112

dent responses, using word-embedding inputs and 1113

treating scoring as regression or classification de- 1114

pending on the dataset. The models take only the 1115
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student’s answer text (plus prompt-specific training1116

data) and do not incorporate rubrics or reference1117

criteria as structured inputs. They compare these1118

neural models to a strong feature-engineered base-1119

line across three SAS datasets and find that neural1120

models can outperform the baseline, though the1121

best architecture varies with prompt characteristics.1122

They built a separate model for each question.1123

Bexte et al. (2022) The authors train the model,1124

which, given an answer pair, predicts if it belongs1125

to the same level. During testing, the model com-1126

pares the candidate answer with answers of various1127

levels to determine the final level. During testing,1128

they used the MAX or AVG similarity between the1129

candidate’s answer and anchor samples to deter-1130

mine the final score.1131

Table 8 reports per-question QWK scores on1132

ASAP-SAS using the standard per-prompt evalu-1133

ation protocol. Overall, our joint rubric-ranking1134

models achieve competitive but not state-of-the-1135

art performance compared to prior work that trains1136

separate models for each prompt. In particular,1137

while some previous methods attain higher peak1138

scores on individual questions, they rely on prompt-1139

specific training and tuning, which deviates from1140

realistic deployment scenarios where new ques-1141

tions are encountered without retraining.1142

In contrast, our approach uses a single jointly1143

trained model across all prompts. Among our mod-1144

els, lightweight LLM encoders (e.g., Llama-3.2-3B1145

variants) outperform MLM baselines and achieve1146

mean QWK comparable to or exceeding most prior1147

neural approaches, despite the more challenging1148

joint-training setting. These results indicate that1149

rubric-ranking with joint training trades off maxi-1150

mal per-prompt performance for improved general-1151

ity and practical applicability, aligning better with1152

real-world ASAS use cases.1153
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