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Abstract001

We explore the ability of Transformers to002
infer Synchronous Context-Free Grammars003
(SCFGs), i.e. to learn a particular grammar004
just from example strings. Two experiments005
were conducted. The first experiment ex-006
plored Transformers’ capacity to translate be-007
tween synthetic languages corresponding to008
the source and target side of an SCFG gram-009
mar. The second experiment sought for a Trans-010
former configuration which would be capable011
of SCFG parsing, i.e. identifying the ability to012
recognize licensed SCFG pairs of strings based013
on only positive and negative training examples.014
With a sufficiently large model, Transformers015
proved capable to learn this task to a high accu-016
racy (96.70%) even for very long inputs, longer017
than any training items. Experiments show lim-018
itations and variability that leave parts of the019
problem open to further research.020

1 Introduction021

Transformers (Vaswani et al., 2017) are, in prin-022

ciple, incapable of handling unbounded context-023

free languages due to their fixed-size architecture024

(Hahn, 2020). Yet, they excel in many natural lan-025

guage processing tasks, including machine transla-026

tion, where they achieve near-human quality (Popel027

et al., 2020), as well as image (Dosovitskiy et al.,028

2020) and speech (Dong et al., 2018) processing.029

Translation, however, often requires modeling com-030

plex structural alignments between source and tar-031

get languages, which, for some language pairs, can032

be described by synchronous context-free gram-033

mars (SCFGs) (Chiang, 2006). SCFGs impose a034

“doubly bracketing” structure—parallel hierarchi-035

cal dependencies in both languages—making them036

particularly challenging for Transformers, as their037

theoretical limitations suggest a need for model038

size to scale with input length (Hahn, 2020). While039

these theoretical constraints are well-established,040

their practical implications remain underexplored.041

How large must a Transformer be to process SCFGs 042

of varying complexity? How many examples, and 043

of what diversity, are needed to learn such gram- 044

mars? This paper studies the empirical behavior of 045

Transformers on synthetic SCFGs to estimate these 046

practical limits and investigate their learnability. 047

We focus on two tasks: translation, where 048

Transformers must induce and apply SCFG rules 049

to map between synchronized languages, and pars- 050

ing, where they determine whether a string pair 051

conforms to the grammar. Our experiments aim to 052

assess whether Transformers can generalize from 053

examples— To this end, we: 054

• Design SCFG templates that emphasize key 055

properties, such as nested productions and depth 056

of recursion, while maintaining simplicity (e.g., 057

limited vocabulary size). 058

• Pre-train two Transformer architectures: 059

1. Encoder-Decoder (Seq2Seq) for translation 060

between synchronized languages. 061

2. Encoder-Only for parsing, predicting 062

whether sentence pairs conform to the 063

SCFG’s rules, even for longer inputs than 064

those seen during training. This tests 065

generalization beyond the training set. 066

2 Synchronous Context-Free Grammars 067

Synchronous Context-Free Grammars (SCFGs) ex- 068

tend standard Context-Free Grammars (CFGs) by 069

generating pairs of related strings simultaneously 070

(Chiang, 2006). SCFGs consist of production rules 071

with dual right-hand sides (rhs), referred to as the 072

“source rhs” and “target rhs”. Each production syn- 073

chronously generates the same non-terminals on 074

both sides, though their positions may differ, al- 075

lowing flexibility in the order between source and 076

target outputs. Non-terminals in SCFGs are linked 077

via indices—numbers that connect each source non- 078

terminal to its corresponding target non-terminal— 079

enabling synchronous generation. This structure fa- 080
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cilitates the alignment of syntactic structures across081

languages, making SCFGs particularly suited for082

translation tasks.083

2.1 Experimental Grammar Design084

The constructed grammar for this study incorpo-085

rates the following features:086

• Recursion depth: Enables complex hierarchical087

structures.088

• Limited vocabulary: Limited terminal symbols089

(vocabulary of the two languages).090

• Binary form: Pre-binarized production rules to091

ensure compatibility with the CYK-like SCFG092

parser, which requires each grammar to be in093

Chomsky Normal Form. This restriction allows094

efficient parsing algorithms, at the expense of095

restricted translation power (Gildea and Satta,096

2016).097

• No ϵ-productions: they would introduce a fur-098

ther level of complexity.099

• Ambiguity: A single token on the source right-100

hand side may correspond to multiple possible101

translations on the target right-hand side.102

The grammars used for the generation of pairs103

are reported in Appendix A. A Synchronous CYK104

Parser, also called Bi-Text Parser (Chiang, 2006),105

was implemented from scratch to check translations106

(for the Section 3 experiment) and to filter datasets107

(for both experiments).108

See more details about the grammars G and G14109

and the “anti-grammars” G′, Grand, and Grand14110

and the parser in Appendix A.111

3 First Experiment: Machine Translation112

This experiment evaluates the performance of a113

sequence-to-sequence Transformer model for ma-114

chine translation, implemented using the fairseq115

(Ott et al., 2019), a PyTorch-based framework de-116

veloped by Meta. The objective was to train a117

Transformer on paired sentences and assess its118

ability to generate accurate target sentences from119

source sentences during testing. Specifically, we120

evaluated whether the generated translations are121

licensed by the specified SCFG (in this experiment:122

G) when paired with the source sentence—this is123

verified using the parser. The model follows the124

standard Transformer encoder-decoder architecture125

as implemented in fairseq, without architectural126

modifications beyond the configuration choices de-127

tailed below.128

While promising results would demonstrate the129

transformer’s translation capabilities, they may not 130

fully reveal its generalization ability. To address 131

this, a second and more complex experiment is 132

described in Section 4. 133

3.1 Dataset Preparation 134

The dataset is derived from grammar G and in- 135

cludes only positive examples. It consists of ap- 136

proximately 107,000 source sentences in the train- 137

ing set, with approximately 100,000 additional 138

sentences split between validation (40%) and test 139

(60%) sets. Each source sentence is paired with 140

a corresponding target sentence, aligned line-by- 141

line in separate source (.src) and target (.tgt) files 142

to comply with fairseq framework requirements. 143

The dataset excludes sentences longer than 14 to- 144

kens in the test set to account for the O(n6) time 145

complexity of the synchronous parser used for 146

verification. Tokenization is performed without 147

Byte-Pair Encoding, as the synthetic language to- 148

kens do not require substring tokenization. The 149

fairseq-preprocess phase automatically con- 150

structs the model’s vocabulary during preprocess- 151

ing. 152

3.2 Model Configurations and Training 153

Five model configurations are tested, created using 154

the fairseq framework. Each model consists of 155

an encoder and decoder, with the first three config- 156

urations featuring 1, 3, and 6 layers respectively. 157

The final two configurations, referred to as “6-layer- 158

v1” and “6-layer-v2”, also have 6 layers but with 159

reduced embedding and feed-forward network di- 160

mensions to maintain comparable parameter counts 161

to the 1-layer and 3-layer models. 162

All models share consistent hyperparameters dur- 163

ing training: 164

• Embedding dimension: 512 165

• Attention heads: 8 166

• Dropout: 0.3 167

• Optimizer: Adam with learning rate 1× 10−3 168

and inverse square root scheduling with 4000- 169

step warmup 170

• Loss: Label-smoothed cross-entropy with 171

smoothing factor 0.1 172

• Embedding sharing: Input and output embed- 173

dings shared 174

During inference, the fairseq-generate com- 175

mand is used with a batch size of 128 and beam 176

search width of 5. Performance is evaluated using 177

BLEU score and valid parse ratio, computed by 178

parsing generated sentences against grammar G 179
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using the synchronous parser. These metrics reveal180

whether the model produces grammatically valid181

translations according to the synthetic language182

definition.183

3.3 Results184

Table 1 summarizes the best-performing check-185

point for each configuration, selected based on the186

number of valid parses on a fixed subset of 1000187

test sentences.188

Config. Ckpt BLEU Valid Diff.
1-layer 11 0.4227 63.6% 68.7%
3-layer 15 0.4327 73.3% 72.4%
6-layer 13 0.3408 39.6% 55.6%
6-layer-v1 12 0.4016 59.9% 68.3%
6-layer-v2 13 0.3733 52.9% 59.6%

Table 1: Translation results across the five Seq2Seq
configurations (best checkpoint per model, evaluated
on 1000 test sentences). “Diff.” is the fraction of valid
parses that differ from the gold target sentence.

Other graphs are included in Appendix B.1 show-189

ing validation performance over training time for190

each configuration.191

4 Second Experiment: Acceptor192

This experiment investigates whether a Trans-193

former can classify a pair of input sentences as194

licensed by an SCFG (Chiang, 2006). The Accep-195

tor Transformer is an Encoder-Only Transformer196

designed for binary classification. It takes as input a197

pair of sentences from source and target languages198

and outputs a special token: “[Y]” (accepted) if199

the pair conforms to the target grammar, or “[n]”200

(rejected) otherwise. Successful classification of201

sentence pairs as within or outside the SCFG’s lan-202

guage would indicate the Transformer’s ability to203

generalize beyond memorization of training data.204

Such capability would suggest an understanding205

of the grammar’s complex structure, characterized206

by recursion and potential ambiguity. We trained207

the Acceptor Transformer on pairs of sentences208

on length up to 14 tokens, then evaluated its per-209

formance on pairs of lengths up to 100 tokens, to210

assess Transformer’s ability to generalize. This ex-211

periment is more powerful than translation alone212

as evidence of grammar learning, since it directly213

tests whether the model recognizes the grammar’s214

boundaries, especially on fully unfamiliar sentence215

pairs (longer than training ones).216

4.1 Dataset Preparation 217

We construct balanced datasets of labeled sen- 218

tence pairs (w,w′), with 50% accepted examples 219

([Y]) and 50% rejected examples ([n]). For each 220

dataset, we generate 200k positive pairs from the 221

relevant grammar and 200k negative pairs, vali- 222

date labels with a deterministic Sync-CYK parser, 223

and split the resulting data into train/validation/test 224

(56/22/22). Training and validation contain only 225

short pairs (length 2–14), while the test set con- 226

tains longer pairs (length 15–100) to directly probe 227

length generalization. We consider three dataset 228

variants: G+rand (negatives are random strings 229

over the same vocabulary and length distribution 230

as G outputs), G+G6 (negatives are generated by 231

the perturbed grammar G6, producing hard near- 232

miss examples with the same vocabulary), and 233

G14 + rand14 (same construction as G+rand but 234

using the more complex grammar G14). 235

4.2 Model Setup and Training 236

We use an Encoder-Only Transformer as a binary 237

classifier over concatenated sentence pairs, using 238

a unified vocabulary and special tokens <CLS>, 239

<SEP>, and <LABEL> to structure the input and pre- 240

dict "[Y]"/"[n]". We perform an extensive hyper- 241

parameter sweep over attention heads (8, 16, 32), 242

layers (1, 2, 3, 5), model dimension (32, 64, 128, 243

256, 384, 512), and training duration (1, 3, 5, 8, 12, 244

20 epochs): 432 possible combinations, of which 245

∼200 were evaluated (from 275k up to 13M param- 246

eters; largest tested: layers=5, dim=512, heads=32). 247

Each configuration is trained separately on each 248

dataset with cross-entropy loss, Adam (lr = 1e-3) 249

with cosine-annealing scheduling, batch size 256, 250

and gradient clipping (norm 1.0); varying the epoch 251

budget corresponds to distinct training runs rather 252

than checkpoints from a single long run. 253

For clarity, we use the following shorthand for 254

hyperparameters in all tables: 255

• d: embedding dimension 256

• h: number of attention heads 257

• l: number of layers 258

• e: number of training epochs 259

4.3 Performance Extremes and In-Depth 260

Analysis 261

We noticed how poor configurations lead to 3 dis- 262

tinct behaviors: (1) the model just predicts one 263

class and so performs 50%, (2) the model guesses 264

randomly and so performs around 50%, or (3) the 265
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model overfits the training set, achieving high train-266

ing accuracy but ∼50-60% test accuracy. An ex-267

ample of such a poor configuration is shown in268

Table 2.269

Metric G+G6 G+random
Training accuracy 97.38% 97.32%
Validation accuracy 86.23% 91.48%
Test accuracy 49.86% 50.16%

‘Y’ labels 1.16% 0.37%
‘n’ labels 98.57% 99.95%

Table 2: Performance results for a shallow and narrow
configuration d=64, h=16, l=3, e=5.

Metric G+G6 G+random
Training accuracy 98.12% 99.12%
Validation accuracy 97.74% 98.75%
Test accuracy 84.73% 96.70%

‘Y’ labels 87.84% 99.74%
‘n’ labels 81.62% 93.67%

Table 3: Performance results for the best configuration
d=384, h=16, l=3, e=12.

To summarize the trends discussed in the in-270

depth configuration study, Table 4 reports test accu-271

racies for the highlighted model settings across the272

three datasets (G+rand, G+G6, and G14 + rand14).273

Config. G+rand G+G6 G14+rand14

d=256, h=16, l=3, e=12 93.1% 89.3% 71.1%
d=128, h=16, l=5, e=12 95.4% 95.1% 64.1%
d=384, h=16, l=3, e=12 84.7% 96.7% 67.9%
d=256, h=16, l=3, e=12 94.3% 81.8% 53.1%

Table 4: Test accuracy ranges for the configurations an-
alyzed in the performance-extremes and in-depth model
analysis.

4.4 Future Work274

Several directions merit future investigation:275

Exploration of Theoretically Validated Gram-276

mars: Investigate SCFGs with stronger theoreti-277

cal properties and increased complexity in terms278

of terminals and production rules, moving toward279

structures more representative of natural language280

phenomena.281

Improved Loss Functions: Develop loss func-282

tions that leverage the Synchronous CYK Parser283

to recognize valid translations beyond single gold284

targets, accounting for language ambiguity. Rein-285

forcement Learning approaches could help models286

learn structural constraints more effectively.287

Length Generalization Analysis: Systemati-288

cally explore the factors influencing the “breaking289

point” where generalization performance degrades.290

Plotting accuracy against sequence length across 291

configurations could reveal patterns predictive of 292

generalization bounds. 293

Scaling Laws: Conduct extensive experiments 294

to derive scaling laws quantifying relationships be- 295

tween model parameters (attention heads, layers, 296

dimensionality), dataset size, and task performance 297

across diverse grammars. 298

5 Conclusions 299

We empirically examined the learnability of cer- 300

tain SCFGs by Transformers. The sequence-to- 301

sequence Transformer demonstrated the ability to 302

learn the general structure of the grammar, achiev- 303

ing valid parse ratios up to 73.3%, despite the vast 304

number of possible recursive syntactic structures. 305

More significantly, the Encoder-Only Transformer 306

learned to identify sequences licensed by the tested 307

SCFGs with accuracy up to 96.70%, opening to 308

a practical alternative to standard parsing. Addi- 309

tionally, analysis of length generalization (see ??) 310

shows that trained models can generalize to se- 311

quences up to five times longer than the maximum 312

training length, reaching sequence lengths of 70 313

tokens when trained on data of length up to 14. 314

Limitations 315

This study has several limitations. The grammars 316

tested use a limited set of terminals (far fewer than 317

natural languages) and a small number of produc- 318

tion rules (20–30, contrasting with thousands re- 319

quired for natural language). While these gram- 320

mars exhibit high recursion, their simplicity might 321

be limiting generalizability. Natural languages 322

have more complex alignments, such as non-1:1 323

token alignments and ϵ-productions, not captured 324

here. Additionally, the deterministic Synchronous 325

CYK Parser has O(n6) complexity, severely lim- 326

iting dataset size and sentence length. Generat- 327

ing longer sentences (e.g., 200 tokens) or scaling 328

datasets to millions of examples would require pro- 329

hibitive computational resources. Model perfor- 330

mance exhibits variability on test data, particularly 331

for length generalization. While some configura- 332

tions generalize to sequences five times longer than 333

training data, others degrade significantly beyond 334

2.5 times the maximum training length. The spe- 335

cific factors determining this breaking point require 336

further investigation. 337
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A SCFGs definition 392

The grammar, denoted as G, is used to generate the 393

positive sentence pairs. Two additional grammars, 394

denoted as G′ and Grand – called “anti-grammars” 395

–, are employed to create negative examples by gen- 396

erating incorrect target sentences for given source 397

sentences. The grammar G14 was later defined, 398

and is a variant of G with more non-terminal rules, 399

used to generate longer sentences for testing gen- 400

eralization capabilities. Its negative examples are 401

generated using Grand14 . 402

Grand and Grand14 are not explicitly defined 403

here, as they are generated through a random pro- 404

cess that ensures they do not conform to the struc- 405

ture of G and G14 respectively, while maintaining 406

the same terminal vocabulary and similar statistical 407

properties. The explicit definitions of G, G′, and 408

G14 are as follows: 409

1. G: (manually created) 410

S -> A{1} B{2} // B{2} A{1} 411

A -> A{1} B{2} // A{1} B{2} 412

A -> C{1} F{2} // C{1} F{2} 413

B -> B{1} F{2} // F{2} B{1} 414

B -> D{1} A{2} // D{1} A{2} 415

C -> C{1} D{2} // D{2} C{1} 416

C -> F{1} B{2} // B{2} F{1} 417

D -> F{1} A{2} // F{1} A{2} 418

D -> D{1} C{2} // D{1} C{2} 419

F -> D{1} B{2} // B{2} D{1} 420

F -> F{1} C{2} // C{2} F{1} 421

A -> a // e 422

A -> b // f 423

A -> a // g 424

B -> b // f 425

B -> a // e 426

C -> c // g 427

C -> d // f 428

D -> d // h 429

D -> c // g 430

F -> c // g 431

F -> a // h 432

2. G′ ("anti-grammar"): 433

S -> A{1} B{2} // B{2} A{1} 434

A -> F{1} E{2} // F{1} E{2} 435

A -> C{1} F{2} // C{1} F{2} 436

B -> A{1} F{2} // F{2} A{1} 437

B -> D{1} A{2} // D{1} A{2} 438

C -> D{1} D{2} // D{2} D{1} 439

C -> B{1} B{2} // B{2} B{1} 440

D -> F{1} A{2} // F{1} A{2} 441
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D -> S{1} C{2} // S{1} C{2}442

F -> D{1} B{2} // B{2} D{1}443

F -> F{1} C{2} // C{2} F{1}444

E -> D{1} C{2} // D{1} C{2}445

E -> F{1} A{2} // A{2} F{1}446

A -> d // e447

A -> c // f448

A -> b // g449

B -> a // f450

B -> c // e451

C -> d // g452

C -> d // h453

D -> c // h454

D -> c // g455

F -> a // g456

F -> b // e457

E -> b // h458

3. G14: (generated by a Grammar Generator)459

S -> N{1} Y{2} // N{1} Y{2}460

Y -> A{1} R{2} // R{2} A{1}461

N -> D{1} N{2} // N{2} D{1}462

R -> S{1} A{2} // S{1} A{2}463

D -> N{1} R{2} // N{1} R{2}464

N -> D{1} R{2} // R{2} D{1}465

D -> R{1} N{2} // N{2} R{1}466

R -> Y{1} D{2} // Y{1} D{2}467

N -> A{1} N{2} // N{2} A{1}468

A -> Y{1} N{2} // Y{1} N{2}469

N -> R{1} A{2} // R{1} A{2}470

A -> R{1} R{2} // R{1} R{2}471

Y -> R{1} Y{2} // Y{2} R{1}472

D -> A{1} R{2} // R{2} A{1}473

Y -> k // m474

R -> k // s475

A -> d // m476

Y -> d // t477

D -> l // p478

D -> i // s479

A -> i // v480

Y -> k // s481

A -> h // u482

Y -> l // v483

B Seq2Seq Experiment Details484

B.1 Translation: analyses by sentence length485

This section provides a length-based view of trans-486

lation behavior for the best checkpoint of each487

Seq2Seq configuration. We report (i) the accu-488

racy of predicting the target length (Figure 1), (ii)489

the percentage of outputs that yield a valid syn-490

chronous parse under grammar G when paired with 491

their sources (Figure 2), and (iii) the proportion of 492

those valid outputs that nevertheless differ from the 493

single gold target (Figure 3), reflecting ambiguity 494

in the grammar and the evaluation setup. 495

Metrics and evaluation. To complement the 496

length-based plots, we also measure similarity be- 497

tween model outputs and gold targets at the string 498

level. We use (a) token differences, the number 499

of position-wise token mismatches between pre- 500

diction and target (a Hamming-style count), and 501

(b) Levenshtein distance, the minimum number of 502

single-token insertions, deletions, or substitutions 503

needed to transform the prediction into the target 504

(Miller et al., 2009). Figure 4 illustrates these met- 505

rics for representative best checkpoints from the 506

1-layer and 6-layer configurations. 507
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Figure 1: Accuracy of correct length predictions per
sentence length for the best checkpoint of each configu-
ration.
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Figure 2: Percentage of valid parses per sentence length
for the best checkpoint of each configuration.
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Figure 3: Valid parses different from the gold target per
sentence length, normalized over the total number of
valid parses (best checkpoint per configuration).
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(a) Checkpoint 11 (1-layer model).
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(b) Checkpoint 13 (6-layer model).

Figure 4: Token-difference and edit-distance curves
(prediction vs. gold target) for representative best check-
points.

Conclusion. Across configurations, length pre-508

diction can remain relatively stable even when509

grammatical validity degrades with sentence length510

(Figures 1 and 2). Many invalid outputs are near-511

misses that differ from valid translations by small512

local reorderings or substitutions, which can keep513

string-overlap metrics relatively high despite violat-514

ing the SCFG constraints. Conversely, a substantial515

fraction of outputs are valid parses but differ from516

the single gold target (Figure 3), so BLEU-style517

overlap should be interpreted cautiously in this set-518

ting (Reiter, 2018).519

C Dataset pairs 520

Dataset pairs follow this structure: 521

<CLS> (src) <SEP> (tgt) <LABEL> ([Y]/[n]) 522

Where (src) is a string ∈ the source language de- 523

scribed by G and (tgt) is a string ∈ the target lan- 524

guage described by G. <CLS>, <SEP>, <LABEL> 525

are special tokens and "[Y]" or "[n]" represent the 526

final labels: accepted or rejected. 527

D Acceptor Experiment Details 528

D.1 Distribution of the sentences 529

The distribution of the sentences, sorted by their 530

length, is reported in Figure 5: 531

• Blue bins: G+rand dataset. 532

• Red bins: G+G6 dataset. 533

• Green bins: G14 + rand14 dataset. 534
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Figure 5: Distribution of sentences by length for positive
and negative examples combined. 50% are positive and
50% are negative.

D.2 Dataset Construction Details 535

The experiment utilizes datasets with 50% positive 536

and 50% negative examples. The datasets are de- 537

signed to evaluate the model’s ability to generalize 538

under different conditions: 539

• Training on Short Sentences: Sentences of 540

length 2–14 (approximately 214,000 examples 541

for training after parsing). 542

• Validation on Similar Data: Short sentences 543

(length 2–14, matching training distribution) 544

to evaluate performance on familiar sentence 545

lengths. 546

• Testing on Complex Data: Longer, entirely un- 547

seen sentences (length 15–100) to assess gener- 548

alization to more complex structures. 549

Two different dataset combinations are tested: 550

Dataset G + G6 551

The first dataset pairs positive examples from gram- 552

mar G with negative examples from a modified 553

variant grammar G6, designed to be structurally 554
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similar to G but with deliberate deviations. The555

two grammars share the same terminal vocabulary556

and approximately 30 total productions, with all557

non-terminals capable of producing both unary and558

binary productions. The G6 grammar introduces559

subtle changes such as terminal symbol substitu-560

tions and rule reorderings. Sentences are processed561

through the synchronous parser to remove any pairs562

that could belong to both grammars (false ambigu-563

ities), ensuring a clean binary classification task.564

This dataset tests the model’s ability to distinguish565

a highly plausible grammar with subtle deviations566

from valid constructions.567

Dataset G + random568

The second dataset pairs positive examples from569

grammar G with randomly generated negative ex-570

amples. The random generator uses the same termi-571

nal vocabulary as G and mimics its terminal selec-572

tion probabilities, but places terminals completely573

randomly with no structured tree derivation. All574

strings are verified through synchronous parsing to575

remove rare false positives (which occur with expo-576

nentially decreasing probability for longer strings).577

This dataset provides a more robust evaluation of578

the model’s ability to learn the grammar’s struc-579

tural constraints, rather than simply rejecting noise.580

A similar dataset was constructed using the more581

complex grammar G14, which features more pro-582

ductions, terminals, and recursion depth.583

Dataset G14 + random14584

An additional dataset is created using the more com-585

plex grammar G14, which has increased produc-586

tions, terminals, and recursion depth. This dataset587

pairs positive examples from G14 with randomly588

generated negative examples, following the same589

principles as the G + random dataset. This allows590

for testing the model’s ability to learn and general-591

ize from a more complex grammatical structure.592

E Acceptor Variation and Random593

Analyses594

The Acceptor experiments exhibit non-trivial sen-595

sitivity to both configuration variation (hyperpa-596

rameter choices) and randomness (e.g., random597

weight initialization and data-order effects). To598

assess robustness, we re-trained selected config-599

urations with multiple random seeds and report600

the resulting accuracy-by-length curves. This helps601

distinguish consistent trends from seed-specific out-602

comes, especially for length generalization beyond 603

the training regime. 604

Seed-induced variability is typically limited on the 605

training set and often modest on validation, but it 606

can become substantially larger on the test set. In 607

our analyses, different random seeds sometimes 608

lead to markedly different length generalization 609

profiles (e.g., one seed remaining accurate up to 610

substantially longer sequences than another), par- 611

ticularly on datasets containing random noise (e.g., 612

G+rand). 613

To complement the seed-based variance study, we 614

also employ bootstrap resampling to quantify un- 615

certainty in test-set metrics and assess whether ob- 616

served differences between two models are statisti- 617

cally meaningful. Following Koehn (Koehn, 2004), 618

we resample test examples with replacement over 619

10,000 iterations using the models’ stored predic- 620

tions and compute metric distributions (accuracy, 621

precision, recall, and F1), along with 95% confi- 622

dence intervals and two-tailed p-values for metric 623

differences. This analysis supports that some per- 624

formance gaps are non-random, while also high- 625

lighting that bootstrap uncertainty does not capture 626

variance due to changing random seeds. 627

E.1 Learning Curves 628

We complement the accuracy-by-length analyses 629

with learning curves (train/validation accuracy and 630

loss) for a fixed, larger configuration trained un- 631

der multiple random seeds. Figure 6 shows that 632

training dynamics are generally stable across seeds: 633

learning progresses similarly and the main peaks 634

and inflection points tend to occur at comparable 635

steps. The most challenging dataset, G14 + rand14, 636

exhibits consistently higher variability in training 637

trajectories, reflecting its increased grammatical 638

complexity. 639

Validation curves in Figure 7 are broadly consistent 640

across seeds, but seed effects become more visible 641

than in training, particularly on datasets that in- 642

clude random noise (e.g., G+rand). This pattern an- 643

ticipates the larger seed-induced variance observed 644

on test sets: small differences in initialization and 645

training order can translate into noticeably different 646

generalization behavior even when the training fit 647

appears similar. 648
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(a) Training metrics for G14 + rand14 dataset.
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(b) Training metrics for G+rand dataset.
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(c) Training metrics for G+G6 dataset.

Figure 6: Training learning curves across G14 + rand14,
G+rand, and G+G6 datasets.
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(a) Validation metrics for G14 + rand14 dataset.
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(b) Validation metrics for G+rand dataset.
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(c) Validation metrics for G+G6 dataset.

Figure 7: Validation learning curves across G14 +
rand14, G+rand, and G+G6 datasets.

E.2 Acceptor: length-based performance 649

analyses 650

Plot legend (for all accuracy-by-length figures be- 651

low): 652

• X-axis: sequence length 653

• Left Y-axis: accuracy (%) 654

• Right Y-axis: number of samples 655

• Red line: positive-class accuracy (%) 656
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• Red bars: number of positive samples657

• Blue line: negative-class accuracy (%)658

• Blue bars: number of negative samples659

• Green line: average accuracy (%)660

Brief synthesis of the in-depth model analysis (se-661

lected configurations):662

• d=256, h=16, l=3, e=12 (Figures 8 and 9):663

strong length generalization on G+rand and664

G+G6 up to roughly 2.5–3× the training max-665

imum, with a marked breaking point around666

length ∼40; on G14 + rand14 performance ap-667

pears increasingly dominated by class bias at668

longer lengths (high acceptance accuracy while669

rejection accuracy drops), and aggregate accu-670

racy can hide failures on rare long sequences.671

For the next configurations, G14 + rand14 will672

not be shown as it is always very close to random673

performance.674

• d=128, h=16, l=5, e=12 (Figure 10): best av-675

erage accuracy on the G-based datasets, with a676

later breaking point on G+rand (around length677

∼55) and comparatively stable behavior across678

lengths on G+G6; this configuration tends to679

achieve high accuracy on both acceptance and680

rejection for these two datasets.681

• d=256, h=16, l=3, e=20 (Figure 11): stable ac-682

curacy across lengths on G+rand, but markedly683

worse and length-sensitive behavior on G+G6,684

illustrating that extending training can improve685

one dataset while not transferring reliably to686

harder near-miss negatives.687

• d=384, h=16, l=3, e=12 (Figure 12): best-688

performing configuration on the G+G6 dataset,689

reaching 96.70% test accuracy; on G + rand it690

shows a steep initial drop in positive-class ac-691

curacy that later recovers, achieving very high692

raw accuracy without a clear breaking point up693

to length 70.694
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(a) G+rand test set.
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(b) G+G6 test set.

Figure 8: Accuracy-by-length analysis for d=256, h=16,
l=3, e=12 on G+rand and G+G6 test sets.
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(a) G14+rand14 test set.

Figure 9: Accuracy-by-length analysis for d=256, h=16,
l=3, e=12 on G14+rand14 test set.
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(a) G+rand test set.
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(b) G+G6 test set.

Figure 10: Accuracy-by-length analysis for d=128,
h=16, l=5, e=12 on G+rand and G+G6 test sets.
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(a) G+rand test set.
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(b) G+G6 test set.

Figure 11: Accuracy-by-length analysis for d=256,
h=16, l=3, e=20 on G+rand and G+G6 test sets.
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(a) G+rand test set.
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(b) G+G6 test set.

Figure 12: Accuracy-by-length analysis for d=384,
h=16, l=3, e=12 on G+rand and G+G6 test sets.
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