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Abstract

Automatic piano fingering is a structured prediction problem: the same notes admit many valid
fingerings, expert annotators disagree, and a good choice at one note often depends on notes
several positions away. We present KeyGenius, a compact (4.6M-parameter) Transformer en-
coder paired with a linear-chain CRF whose transitions are conditioned on local interval con-
text, pretrained on a large weakly-labelled corpus and fine-tuned on the PIG dataset. On PIG’s
canonical multi-annotator test set, the model is competitive with substantially larger ThumbSet-
pretrained autoregressive baselines — ahead on soft-match (Msoft 87.9 vs 86.8) and slightly be-
hind the best on the primary metric (Mgen 65.8 vs 66.8) — at a small fraction of their parameter
count. We further report three results that qualify common assumptions in the task: structured
CRF decoding does not significantly improve aggregate annotator agreement over independent
per-note prediction, though it more than halves runs of a single finger held across moving pitch;
hand-authored ergonomic decoding constraints reduce rather than improve agreement with
expert annotators; and pairwise inter-annotator agreement is a weak “ceiling” for a model pre-
dicting consensus. Finally, we describe a deployed system in active use by piano teachers. Code
is openly available.
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1. Introduction1

Choosing how to finger a passage is one of the first2

real interpretive decisions a pianist makes, and one of3

the easiest to get wrong. A fingering that feels ade-4

quate under the hand in isolation can strand the hand5

a bar later, force an awkward crossing, or quietly cap6

the tempo a passage can reach. Poor fingering learned7

early is not merely inefficient: because playing is a8

motor skill consolidated through repetition, an unhelp-9

ful fingering practised until automatic is far harder to10

unlearn than to have avoided, so the cost of a bad11

choice compounds over the time a student spends with12

a piece.13

The difficulty is that good fingering is neither14

unique nor local. The same notes admit many defen-15

sible fingerings, and expert annotators routinely dis-16

agree; the “right” answer depends on tempo, phrasing,17

dynamics, and the interpretive effect a player is after. A18

repeated note may be played with the same finger, or19

deliberately with a changing finger to shape articula-20

tion and give the line depth – both correct, for different21

musical ends. And the choice at any one note is rarely22
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justified by that note alone: a comfortable fingering of- 23

ten requires planning several notes ahead, setting up 24

a thumb tuck or a hand shift before the moment it 25

is needed. This forward-planning is exactly what be- 26

ginners find hardest and what only becomes automatic 27

with experience. It is also what makes the task a nat- 28

ural fit for structured, sequence-level modelling rather 29

than independent per-note classification. 30

Prior work has largely approached automatic fin- 31

gering with hidden Markov models (Nakamura et al., 32

2020) and, more recently, a conditional random 33

field (Randolph et al., 2023), evaluated on the PIG 34

dataset (Nakamura et al., 2020) using match rates 35

against multiple human annotators. We revisit the task 36

with a compact neural sequence model and, in the pro- 37

cess, examine several assumptions the field has carried 38

– in particular whether hand-authored ergonomic con- 39

straints help, and what the multi-annotator “ceiling” 40

actually measures. 41

Contributions. 42

• We present a compact (4.6M-parameter) Trans- 43

former encoder with an interval-conditioned 44

linear-chain CRF for automatic piano fingering, 45

trained by ThumbSet pretraining followed by PIG 46
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fine-tuning. The CRF does not significantly im-47

prove aggregate annotator agreement over in-48

dependent per-note prediction (Wilcoxon W =49

210.0, p = 0.65), though it more than halves runs50

of a single finger held across moving pitch (61 →51

28). The component that does help agreement52

is a hard anatomical chord constraint at decode53

time, which is the best configuration on all three54

metrics while guaranteeing playable output.55

• On the canonical PIG test set (30 pieces, 10 each56

Bach/Mozart/ Chopin), the model is competitive57

with substantially larger ThumbSet-pretrained58

autoregressive baselines (Ramoneda et al., 2022)59

at 4.6M parameters — ahead on Msoft (87.9 vs60

86.8), slightly behind the best on Mgen (65.8 vs61

66.8).62

• We show ThumbSet pretraining gives a clean,63

leakage-free gain of +3.3 Mgen and +4.8 Msoft on64

the canonical split.65

• We report a negative result: hand-authored er-66

gonomic decoding constraints, encoding stan-67

dard pedagogical heuristics, do not improve (and68

slightly reduce) agreement with expert annota-69

tors; the interval-conditioned CRF appears to al-70

ready capture this structure from data. A hard71

anatomical chord rule, by contrast, fixes rare real72

playability violations at no measurable cost.73

• We deploy the system as a public web application74

at keygenius.app — a rare demonstration of an75

MIR fingering model in real use. The system is in76

beta: OMR-derived input can be faulty, a failure77

mode we characterise rather than elide.78

2. Related Work79

Early automatic fingering methods were rule- or cost-80

based, encoding ergonomic constraints by hand (Parn-81

cutt et al., 1997). Because appropriate parameter82

values for such cost models are difficult to deter-83

mine, later work turned to data-driven formulations.84

Yonebayashi et al. (2007) cast fingering as HMM de-85

coding, and Nakamura et al. (2020) released the PIG86

dataset alongside a systematic study of first- through87

third-order and chord HMMs, introducing the Mgen,88

Mhigh, and Msoft metrics we adopt.89

Neural approaches followed. Guan et al. (2021)90

applied a bidirectional LSTM with an input represen-91

tation capturing relations between surrounding notes,92

and proposed a playability measure alongside match-93

rate evaluation. Guan et al. (2022) report im-94

provements over the third-order HMM with a pitch-95

difference matching model. Most relevant to our set-96

ting, Ramoneda et al. (2022) released ThumbSet, a97

large crowdsourced but non-expert corpus, and trained98

autoregressive LSTM and graph-neural models on it,99

establishing the strongest published results on the100

canonical PIG test set. A separate line treats finger-101

ing as sequential decision-making: recent work for-102

mulates polyphonic fingering as model-free reinforce- 103

ment learning with elite episode replay (Iman and Ahn, 104

2025). Randolph et al. (2023) model fingering with 105

a first-order linear-chain CRF, and note limitations of 106

match-rate metrics when a piece admits multiple score 107

representations. 108

Our work differs in three respects. Architecturally, 109

we pair a Transformer encoder with a CRF whose tran- 110

sition scores are conditioned on local interval context, 111

rather than a fixed transition table, and decode ex- 112

actly with Viterbi. Methodologically, we use the multi- 113

annotator structure of PIG to characterise the human 114

agreement ceiling, and we test rather than assume that 115

hand-authored ergonomic constraints improve agree- 116

ment – reporting a negative result where they do not. 117

Finally, we report a deployed system in use by piano 118

teachers, in addition to benchmark numbers. 119

3. Data 120

3.1 PIG 121

We use the PIG dataset (Nakamura et al., 2020), the 122

standard benchmark for piano fingering. It comprises 123

150 pieces (opening fragments) drawn from 24 com- 124

posers across the standard repertoire, with per-note 125

finger labels (1–5) provided by experienced pianists – 126

annotators who had graduated from a music college 127

or played piano for more than twenty years. In total 128

the dataset contains 309 annotation files (some pieces 129

carry fingerings from several pianists) and roughly 130

100,000 labelled notes. Each file is a tab-separated list 131

of notes with onset and offset times, pitch, and finger; 132

the timing derives from score-editor synthesis rather 133

than recorded human performance. 134

Following (Nakamura et al., 2020; Ramoneda et al., 135

2022), we use the canonical test set of 30 pieces – 10 136

each by Bach, Mozart, and Chopin, representing the 137

Baroque, Classical, and Romantic periods – each anno- 138

tated by four (Bach), six (Mozart), or five (Chopin) 139

pianists. These multi-annotator pieces make inter- 140

annotator agreement measurable, which we use both 141

to evaluate the model and to characterise the human 142

ceiling. All remaining pieces form the training pool. 143

3.2 ThumbSet 144

For pretraining we use ThumbSet (Ramoneda et al., 145

2022), a substantially larger but weakly and sparsely 146

labelled corpus of user-uploaded scores. Roughly half 147

of its notes carry a finger label; the rest are unlabelled. 148

We use ThumbSet only to initialise the encoder and 149

emission head (see Section 4); it is never used for eval- 150

uation. 151

3.3 Split and Evaluation Protocol 152

The 30 canonical test pieces are held out of training en- 153

tirely, in both the pretraining and fine-tuning phases. 154

From the remaining ∼120 pieces we carve a valida- 155

tion set (10% of pieces) used only for early stopping 156

and checkpoint selection; the test set is never con- 157
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sulted during training or model selection. Every piece158

is assigned to exactly one split at the piece level (a159

piece’s multiple annotator files are never divided across160

splits), and a run-time assertion checks the actually-161

loaded training set against the 30 test pieces at the162

start of every fine-tuning run, rather than trusting a163

static ID list, so any mismatch between the nominal164

split and what is read from disk is caught immedi-165

ately rather than silently inflating results. For pretrain-166

ing, we additionally exclude 1,366 ThumbSet windows167

that are alternate transcriptions of the same underly-168

ing compositions as four of the 30 canonical test pieces169

(178,737 windows before exclusion, 177,371 after) —170

a composition-level overlap that a file-identity check171

alone would miss. We quantify the effect of this exclu-172

sion in Section 7. This protocol follows the canonical173

test set used by prior work (Nakamura et al., 2020;174

Ramoneda et al., 2022), though the comparison is not175

perfectly controlled; see Section 7. One limitation,176

noted in Section 7: the validation set does double duty177

for model selection, and we report on the canonical178

test set without a further held-out split beyond it.179

4. Method180

4.1 Task Formulation181

We formulate piano fingering prediction as per-note se-182

quence labeling. Given a symbolic score, each note is183

assigned a finger label 1–5, predicted independently for184

each hand: a piece’s notes are split by hand into two185

note sequences, each decoded as its own linear-chain186

CRF, so a finger-transition score is only ever computed187

within one hand’s sequence and never across hands.188

A single set of model weights is shared across both189

hands; hand identity is provided as an input feature190

rather than via separate parameters. Within a chord191

(notes sharing an onset), notes are ordered by ascend-192

ing pitch before being fed to the model, so the se-193

quence the encoder and CRF observe is always low-194

to-high within simultaneities.195

4.2 Feature Representation196

Each note is represented by 14 continuous features,197

a learned pitch-class embedding, and a learned hand198

embedding, concatenated into a 26-dimensional in-199

put. The continuous features fall into four groups: (i)200

the note’s own pitch (normalized to the 88-key range)201

and log-scaled duration; (ii) timing and interval con-202

text relative to both neighbors — log inter-onset in-203

tervals, and both the signed and unsigned pitch inter-204

val to the previous and next note; (iii) binary chord-205

membership flags indicating whether the previous or206

next note shares this note’s onset; and (iv) coarse phys-207

ical/ergonomic indicators — whether this or the pre-208

ceding note is a black key, and whether the melodic209

move to the previous note is stepwise (≤ 2 semitones)210

or a leap (≥ 5 semitones). Pitch class (0–11) is em-211

bedded into 8 dimensions and hand (left/right) into 4,212

giving a total input width of 14+8+4 = 26. 213

4.3 Model Architecture 214

The 26-dimensional per-note input is linearly pro- 215

jected to dmodel = 256, combined with a fixed si- 216

nusoidal positional encoding, and passed through a 217

multi-scale local-context convolution block — three 218

parallel Conv1d branches (kernel widths 3, 5, 7) with 219

GELU activations, concatenated and projected back to 220

dmodel with a residual connection — before entering 221

an 8-layer pre-norm Transformer encoder (8 attention 222

heads, feed-forward width 512, dropout 0.2, GELU ac- 223

tivation). A linear head maps the encoder output to 224

5 emission scores per note, which feed a linear-chain 225

CRF (Section 4.4). The convolutional block precedes 226

the Transformer specifically to give the model a short 227

local receptive field for scale and arpeggio patterns be- 228

fore global self-attention mixes the full sequence. The 229

complete model has 4.62M parameters. 230

4.4 Interval-Conditioned CRF 231

The CRF’s base transition matrix is a freely learned 232

5 × 5 parameter, uniform-initialized in [−0.5,0.5] and 233

trained end-to-end via CRF negative log-likelihood; 234

no anatomical or ergonomic prior is built into its 235

initialization or loss, so whatever transition struc- 236

ture it learns comes entirely from PIG’s annotated 237

sequences. Transition scores are additionally condi- 238

tioned, at every step, on the signed pitch interval and 239

chord-membership flag relating each pair of consecu- 240

tive notes: a small two-layer MLP (hidden width 16) 241

maps this 2-dimensional context to a per-step 5×5 ad- 242

justment added to the base matrix. The MLP’s output 243

layer is zero-initialized, so the conditioned model is ar- 244

chitecturally identical to a plain static-transition CRF 245

at initialization and can only diverge from it if doing so 246

reduces training loss — making the conditioned CRF a 247

strict superset of the earlier static design rather than 248

a different starting point. Learned start- and end-of- 249

sequence bias vectors complete the model. Decoding 250

is exact Viterbi; because the transition matrix is now a 251

function of local context, decoding recomputes the rel- 252

evant 5×5 matrix at each step rather than reusing one 253

fixed matrix throughout. 254

4.5 Physical Decode Constraints 255

We evaluate two hand-authored constraints applied at 256

decode time, neither learned from data. The first is 257

a hard anatomical rule: notes within a chord must 258

receive distinct fingers ordered monotonically with 259

pitch, since fingers cannot cross under a simultane- 260

ously sounded chord. The second is a set of three 261

soft penalties nudging the decoder toward wider fin- 262

ger spreads on wider intervals, away from same-finger 263

reuse across small melodic steps, and away from plac- 264

ing the thumb on a black key in stepwise motion. 265

On the 30 canonical test pieces, unconstrained de- 266

coding violates the hard chord rule on 22 of 1,674 267
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chords (1.3%), affecting 94 notes. Enforcing the268

rule removes these violations and is simultaneously269

the best-performing configuration on all three metrics270

(Mgen 65.8, Msoft 87.9, Mhigh 71.9), so playability is271

obtained at no cost — and a small benefit. We there-272

fore retain it.273

The soft penalties behave differently. They leave274

Mgen and Mhigh essentially unchanged (65.7 and 71.8)275

while giving back the Msoft gain (87.5 vs 87.9). We276

interpret this in light of the interval-conditioned CRF:277

the learned transitions already capture, from data, the278

interval-dependent finger-spread structure that the soft279

rules encode by hand, so the hand-authored version280

adds no signal and narrows the set of fingerings the281

model will agree with. We report this as a negative282

result and exclude the soft penalties from the final283

model. The contrast is informative: a constraint ex-284

pressing a hard anatomical fact helps, while constraints285

expressing softer pedagogical preferences do not.286

4.6 Training Procedure287

Training proceeds in two phases, both using the archi-288

tecture and loss above. Pretraining uses ThumbSet289

(Section 3) with a masked focal loss (γ= 2.0) computed290

only over notes carrying a real finger label; unlabeled291

notes still pass through the encoder to provide context292

but contribute no loss, and the CRF’s transition param-293

eters are left untouched in this phase, since Thumb-294

Set’s sparse labeling cannot support coherent transition295

learning. We use AdamW with learning rate 3× 10−4
296

and batch size 256 — substantially larger than the297

fine-tuning batch size, since ThumbSet is roughly 600×298

the size of PIG. Pretraining early-stops on ThumbSet’s299

held-out labeled-match rate (patience 8) against a ceil-300

ing of 100 epochs. Fine-tuning trains the full model301

— encoder and CRF jointly — on PIG under the canon-302

ical split (Section 3), initialized from the pretrained303

checkpoint. The loss is 3.0LCRF + 1.0Lfocal (γ = 2.0);304

the CRF term is weighted more heavily to push the305

model toward learning finger transitions rather than306

only marginal finger frequency. We use AdamW (learn-307

ing rate 1×10−4, weight decay 1×10−4), gradient clip-308

ping at 1.0, a 5-epoch linear warmup followed by co-309

sine decay, and early stopping (patience 12) against a310

ceiling of 80 epochs. Pitch-transposition augmentation311

(a uniformly sampled shift in ±6 semitones, training312

split only) follows the standard assumption that finger-313

ing choice is approximately invariant to transposition.314

Both phases split at the piece level, never at the file or315

window level, and fine-tuning holds the 30 canonical316

test pieces out entirely. All experiments use a fixed seed317

(1337). The reported checkpoint reached its best vali-318

dation match rate (75.09%) at epoch 10 of fine-tuning,319

stopping at epoch 23; fine-tuning wall-clock time was320

4 minutes 16 seconds on a single NVIDIA A100-SXM4-321

40GB GPU.322

5. Experiments 323

5.1 Metrics 324

Following Nakamura et al. (2020), we report three 325

note-level match-rate statistics against PIG’s multi- 326

annotator ground truth, plus a human agreement ceil- 327

ing constructed the same way over annotator pairs. Let 328

Ap be the set of annotators for piece p, N the number 329

of notes, ŷ(n) the model’s predicted finger for note n, 330

and ya(n) annotator a’s label for note n. 331

Mgen (general match rate, the primary metric) is 332

the model’s match rate against each individual annota- 333

tor, averaged over annotators: 334

Mgen = 1

|Ap |
∑

a∈Ap

1

N

N∑
n=1

1
[

ŷ(n) = ya(n)
]

.

Msoft counts a note correct if the prediction matches 335

any annotator’s label for that note (a set-membership 336

match against the union across annotators); since 337

agreeing with any one of several annotators is easier 338

than agreeing with a fixed one, Msoft ≥ Mgen always. 339

Mhigh is the match rate against whichever single anno- 340

tator the model agrees with most per piece — a max- 341

imum over annotators, not an average, and therefore 342

upward-biased relative to Mgen. 343

The human agreement ceiling is constructed identi- 344

cally, substituting one annotator’s labels for the model’s 345

predictions: mean pairwise agreement across all an- 346

notator pairs is the ceiling analog of Mgen, and the 347

best-agreeing pair per piece is the ceiling analog of 348

Mhigh. Because one is a mean and the other a maxi- 349

mum, Mhigh should be compared only against the best- 350

agreeing-pair ceiling, not the mean-pairwise ceiling. 351

5.2 Main Results 352

Table 1 compares KeyGenius against published results 353

on PIG’s canonical test set, and Figure 1 shows the per- 354

piece relationship between model agreement and hu- 355

man agreement. 356

5.3 Effect of Pretraining 357

To isolate the contribution of ThumbSet pretraining, 358

we train the same architecture on PIG alone under the 359

identical split (Table 2). 360

5.4 Decoding Ablation 361

Table 3 isolates the effect of each decoding component: 362

independent per-note prediction, the learned CRF, and 363

the two families of hand-authored constraint described 364

in Section 4.5. 365

6. Deployment 366

KeyGenius is deployed as a public web application at 367

keygenius.app. The deployed pipeline accepts Mu- 368

sicXML, MIDI, or a photographed or scanned score im- 369

age. Image input is first converted to MusicXML via 370

optical music recognition: homr, a transformer-based 371
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Model Mgen Msoft Mhigh

HMM (1st order) (Nakamura et al., 2020) 61.8 81.1 67.7
HMM (3rd order) (Nakamura et al., 2020) 63.6 83.1 69.4
LSTM (Ramoneda et al., 2022) 62.7 82.7 67.3
ArLSTM (ThumbSet) (Ramoneda et al., 2022) 65.3 85.5 71.7
ArGNN (ThumbSet) (Ramoneda et al., 2022) 66.8 86.8 72.6
KeyGenius (ours) 65.8 87.9 71.9

Human ceiling (mean pairwise) 71.4 – 79.1

Table 1: Results on PIG’s canonical multi-annotator test pieces (both hands), metric names following (Nakamura
et al., 2020). Baseline figures are as reported by (Ramoneda et al., 2022). We caution that the comparison
is close but not perfectly controlled: their protocol uses a validation split of their own construction and
a different implementation of the evaluation metrics, so small differences should not be over-interpreted.
KeyGenius, at 4.6M parameters, is competitive with the larger ThumbSet-pretrained autoregressive models —
ahead on Msoft, slightly behind the best (ArGNN) on Mgen and Mhigh. All models remain below the human
agreement ceiling on Mgen.

Training Mgen Msoft Mhigh

PIG only 62.5 83.1 66.7
ThumbSet → PIG 65.8 87.9 71.9

Table 2: ThumbSet pretraining gives a clean, leakage-free gain on the canonical test set (+3.3 Mgen, +4.8 Msoft).
Both rows use the same architecture and split. Notably, our PIG-only model (62.5) exceeds the PIG-only
autoregressive GNN of (Ramoneda et al., 2022) (60.5, their Table 3); the baselines’ overall edge comes from
their ThumbSet and autoregressive recipe rather than architecture alone.

OMR engine, is tried first; oemer, an older U-Net-plus-372

SVM system, serves as a fallback; and Audiveris is of-373

fered as a manual option for clean, high-resolution374

(≥300 dpi) scans, requiring the user to run it sepa-375

rately and supply the resulting MusicXML. Model train-376

ing never uses OMR output — training is always on377

symbolic data directly; OMR is purely an inference-378

time convenience for users without a symbolic source379

file. Symbolic input, from any source, is parsed with380

music21 into per-hand note sequences, converted to381

the feature representation of Section 4, and passed382

through the trained model and CRF decoder to ob-383

tain a predicted finger and a confidence score — the384

CRF’s posterior marginal probability for the chosen385

finger — for every note. Predicted fingerings are386

written back into the output MusicXML as genuine387

music21 articulations.Fingering objects attached to388

their notes, rather than as pixel coordinates overlaid on389

a rendered image, so downstream notation software390

places them correctly by construction. Notes whose391

confidence falls below a threshold (0.6 by default) are392

flagged for manual review rather than presented with393

unwarranted certainty. We note a limitation stated in394

the OMR module’s own documentation: recognition395

quality degrades on dense polyphonic piano writing,396

and the system is accordingly labeled beta for image397

input.398

7. Discussion and Limitations 399

Our results place KeyGenius competitive with sub- 400

stantially larger ThumbSet-pretrained baselines on the 401

canonical PIG test set — ahead on Msoft but slightly 402

behind the best model on Mgen — at a small fraction 403

of their parameter count. Several caveats bound how 404

that should be read. 405

The margin is small and against reported num- 406

bers. On the primary metric we sit one point below 407

the best published model (Mgen 65.8 vs 66.8), and the 408

baseline figures are those reported in prior work (Ra- 409

moneda et al., 2022) rather than re-run under our ex- 410

act pipeline. We therefore claim competitiveness, not 411

improvement; a fully controlled comparison would re- 412

run the baseline models through our evaluation code, 413

which we leave to future work. 414

Additional training data. Our full model is 415

pretrained on ThumbSet before fine-tuning on PIG, 416

whereas the baselines train on PIG alone. The strictly 417

matched, PIG-only variant of our model (Table 2) sits 418

slightly below the baselines, and the gain over it comes 419

from pretraining rather than from the architecture in 420

isolation. We regard this as an honest strength of the 421

approach – weak, abundant labels help – rather than 422

evidence that the model is intrinsically stronger. 423

Composition-level overlap has negligible ef- 424

fect. Because ThumbSet is drawn from user-uploaded 425

scores, some of its windows are alternate transcriptions 426

of compositions that also appear in the canonical test 427

set – an overlap invisible to a file-identity check. Ex- 428
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Decoding Mgen Msoft Mhigh

Independent argmax (no CRF) 65.5 87.5 71.4
Interval-conditioned CRF 65.7 87.9 71.8

+ hard chord rule 65.8 87.9 71.9
+ soft ergonomic nudges 65.7 87.5 71.8

Table 3: Decoding ablation on the 30 canonical test pieces. The CRF’s change in aggregate agreement over
independent per-note argmax is small and not statistically significant (Wilcoxon signed-rank W = 210.0, p =
0.65; CRF wins on 17/30 pieces). Adding the hard anatomical chord rule is the best configuration on all three
metrics while also removing the 22 chord violations (94 notes, 1.3% of 1,674 chords) that unconstrained
decoding produces. The hand-authored soft ergonomic nudges give back the Msoft gain and are excluded
from the final model.

Figure 1: Per-piece model agreement against human
pairwise agreement on the 30 canonical test
pieces. Each point is one piece; the dashed line
marks equality. Model performance tracks inter-
annotator agreement across pieces — both are
lower on pieces where annotators themselves dis-
agree — while sitting below it on most pieces.

cluding these 1,366 windows and re-running the full429

pretrain, fine-tune, and evaluation chain changes re-430

sults marginally and not systematically (Mgen 65.8 →431

65.8, Msoft 87.4 → 87.9, Mhigh 70.9 → 71.9). We re-432

port the excluded configuration throughout, and note433

the comparison as evidence that this form of leakage434

was immaterial at this scale rather than as a correction435

to previously reported numbers.436

On “beating the human ceiling.” A tempting437

framing, which we avoid, is that the model exceeds hu-438

man inter-annotator agreement. On the primary met-439

ric the model sits below the pairwise human ceiling440

(65.8 vs 71.8). More fundamentally, pairwise inter-441

annotator agreement is a lower bound on the difficulty442

of matching any individual annotator, not a bound on443

matching a consensus; a model that predicts the con- 444

sensus fingering can exceed pairwise agreement with- 445

out being “superhuman,” since aggregating several an- 446

notators is closer to each of them than any two are to 447

each other. We therefore treat inter-annotator agree- 448

ment as context, not as a bar the model has cleared. 449

Structured decoding contributes modestly. The 450

CRF improves over independent per-note prediction by 451

a small, statistically insignificant margin on aggregate 452

match rate. Its clearer effect is on output structure: 453

runs of a single finger held across moving pitch fall 454

from 61 to 28. Hand-authored ergonomic constraints 455

did not help and were dropped; only the hard anatomi- 456

cal chord rule, which removes real violations at no cost, 457

is retained. 458

Comparison scope. We compare against the HMM 459

and CRF baselines on matched metrics, but the litera- 460

ture also contains neural models we have not run head- 461

to-head, including a BiLSTM (Guan et al., 2021) and a 462

pitch-difference matching model (Guan et al., 2022) 463

reported to exceed the third-order HMM. Our claim 464

is therefore competitiveness with the HMM and CRF 465

baselines on this split, not a general state-of-the-art re- 466

sult; a controlled comparison against the neural mod- 467

els, and re-running all baselines through our own eval- 468

uation code, is the clear next step. We also omit the 469

recombination metric Mrec used by (Nakamura et al., 470

2020), reporting the three match-rate statistics most 471

consistently available across prior work. 472

Evaluation protocol. The validation set does dou- 473

ble duty for model selection and we report on the 474

canonical 30 without a further held-out split beyond 475

it – standard in this subfield given the size of PIG, but 476

worth stating. Finally, match-rate metrics on PIG have 477

known subtleties when a piece admits multiple score 478

representations (Randolph et al., 2023), which we in- 479

herit. 480

8. Conclusion 481

We presented KeyGenius, a compact Transformer en- 482

coder with an interval-conditioned CRF for automatic 483

piano fingering, trained by weakly-labelled pretraining 484

followed by fine-tuning on PIG. On the canonical PIG 485

test set it is competitive with the classical HMM and 486
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CRF baselines on matched match-rate metrics, with the487

gain over a PIG-only variant attributable to pretraining488

rather than the architecture in isolation. Along the way489

we report several results that qualify common assump-490

tions: structured CRF decoding does not significantly491

improve aggregate annotator agreement over indepen-492

dent per-note prediction, though it more than halves493

runs of a single finger held across moving pitch; hand-494

authored ergonomic decoding constraints do not help495

and were dropped, while a hard anatomical chord rule496

removes real violations at no cost; and pairwise inter-497

annotator agreement, often treated as a ceiling, is a498

weak bound for a model predicting consensus. The499

system is deployed and in use by piano teachers. Con-500

trolled comparison against recent neural baselines on501

a shared evaluation harness is the natural next step.502

9. Reproducibility503

Code for the model, training, and evaluation is pub-504

licly available at https://github.com/HACkerrr121/505

KeyGenius. All experiments use seed 1337 on a single506

NVIDIA A100-SXM4-40GB GPU; checkpoint metadata507

sidecars record the hardware and wall-clock time for508

each run. The PIG and ThumbSet datasets are used509

under their respective terms and credited to their cre-510

ators.511
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