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Introduction

eScope: to transcribe polyphonic drum
seguenceBom audioto asymbolicrepresen-
tation.

*Purpose: to Impnge acoustic recognition

. roblem
accurag with N-gram based language model. . L 1
- *Sizeof theneededrainingcorpusior estimating | «Instead of using pwous wordsw, _ _ 1y to

theprobabilitiesncreasesxponentiallywith the
vocahulary size.

Most words which consist of more thandw
symbols occur relately rarely see Figure 2.

Validation Experiments

eEvaluation with 65 synthesized test songs with the
average length of 140 s, results are anlé 1.
*\Word unigrams impnee the accuracof acoustic
models by 35% and addéHdgrams gen more.
~*Periodicword N-gramsoutperformcorventionalword
- N-grams.
~eLargerN value implies better prediction per.
“«SymbolN-grams enable utilising relagly lage N.
~+Coarse error analysis in Figure 5.

Utilisation of this observation

Notation

*Assign all possible drum sounds tvae cat-i
egories:bassdrum,snarehi-hat,cymbal,tom '

predict the wrd w,, use the wrdswE:(LN 1)L
.e. avery L" word, see Figure 3.

tom, ride cymbalandpercussion$B, S,H, C, s T T .
T, R, P). i . Table 1: Performance of f#irent testedN-grams,
«Cateyoriesform analphabe& of symbolss i =olution Wi 20Wic1gWicas their symbol error rates (ER) and impemnent
. " eInstead of wrd N-grams, use symb®l-grams Wic1oWie1) Wiy from the baseline system (Imp).
alphabet size Is 7. : . . . W, , W— AL
and combine them to estimatena probabilli- k-2

*Unordered subsets afare vords in \ocalii- | tjeg e g.the probabilityof word “BH” to appear = Fig 3. Traditionalvs. periodicN-gramprediction ~ method =R (%) | Imp (%)
lary, .9.W; = 1Sy, Sp, St Orw; = { } after the vord “H” is - with N=4 and period L=8. - acoustic model /6.1
which is silence.  P(BH|H) = P4(1|0)Py(1|1)P.(0]0)... baseline (wrd gnlgram) 49.5
*Time discretization to a grid of e_quidi_stantg *Since wcahulary size decreases, the size of i Acoustic model L. conv. word _blgram 4.2 4.1
tatum pulses, oneard in each grid point. | naeded training corpus decreases similarly o . - 2. perword bigram 46.6 >
«Symbolic representation as a sequence of i e Gaussiamixturemodelclassifierfor non-empty i 3. corv.+per qud bigram| 47.1 4.9
K ; . - drum sounds. - 4. corv. word trigram 46.9 5.2
WOrds,w;Ws... Wi OrW . ol o - *Support ector machine for “silence” detection. 5. per word trigram 46.8 5.5
, 02 T N ~ eFeatures: MFCCAAMFCCs, ZCR, crestakctor | 6. corv.+per word trigram 46.5 6.0
N-grams oy I i .t 2000 5%, J0IxaanI|  spectrakurtosisandskewnessRMSandtempo- | 7. cow. sym. quintagram|  46.8 5.5
+Create a language model for drum sequences o3 5 N s RERRERR=2=22225""  ral centroid 8. per sym. quintagram 45.9 7.3
with N-grams basedn (N-1)!" orderMarkov Fig 2. Occurrence frequencies of the 20 mos *For whole systemwerview, see Figure 4. 9. corv. sym. decagram 45.7 7.6
assumption. ~ probable wrds in the used song database. 10. persym. decagram 46.0 7.1

meter

*UseN-1 previous words to predict the e 7 analysis
. i _ i B 175005  wus omissi |
word, see Figure 1. ~ Observation ot tatum, 5 - o Dmssions |
_ _ _ ' signal measure gis00r WM
W.,W_.W._W_,W, W, ~ «CornventionalN-gramscanpredictquite success-: ' S I
| - - - | segmentation acoustic N-grams | »n 7500F &
NS fully melodies follaving locally predictable pat- - > recognition o o+ . 5 . A
Fig 1. TraditionalN-gram prediction with | terns. i Care TN feature | MM TEMD] g | €00 Juanscripior @ 2500 M
i _ _ i matrices probabilities : x
N=4. - *Accompaniment and ythm section tend to fol- ; = ¢ A silence

low a pattern that Is geilar with a period L.

Fig 4. Oerview of the whole transcription syste  Fig 5. Symbol omission and insertion errors.




