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ABSTRACT

Predominant Local Pulse (PLP) estimation is a key tech-

nique in rhythmic analysis of music recordings, designed

to identify the most salient pulse in an audio signal while

adapting to local tempo variations. Unlike global tempo

estimation, which assumes a fixed tempo, PLP dynami-

cally adjusts to changes in tempo and rhythm, making it

particularly effective as a post-processing strategy to en-

hance the locally periodic structure of a given input nov-

elty or activity function. Traditional PLP estimation re-

lies on a max operation to select the most prominent pe-

riodicity, limiting its use in differentiable learning frame-

works. In this paper, we introduce dPLP, a differentiable

version of PLP estimation that replaces the max operation

when selecting a locally optimal periodicity kernel with a

softmax-based weighting scheme. This modification en-

sures good gradient flow, allowing PLP to be seamlessly

integrated into deep learning pipelines as an intermediate

layer or as part of the loss function. We provide techni-

cal insights into its differentiable formulation and present

experiments comparing it to the original non-differentiable

PLP approach. Additionally, case studies in beat tracking

highlight the advantages of dPLP in improving periodicity-

aware representations within neural network architectures.

1. INTRODUCTION

Rhythm, a fundamental component of music, is shaped by

beats (regular pulses), tempo (the rate at which those beats

occur), and meter (the grouping of beats into measures).

As rhythm involves the organization of elements across

multiple hierarchical levels, its analysis remains a chal-

lenging task in MIR [1,2]. Predominant Local Pulse (PLP)

estimation, designed to analyze and enhance the local pe-

riodicity of musical novelty functions [3, 4], serves as an

effective tool for rhythm analysis [5–7] and beat track-

ing [8–10]. Relying on the idea of the Fourier tempogram,

the method of PLP analyzes an input novelty function and

derives for each time position an optimal sinusoidal ker-

nel that best represents the local peak structure of the nov-
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elty function. By overlap-adding these derived sinusoids

for all time positions and applying rectification, a PLP

function which represents the periodicity enhancement of

the original novelty function can be derived. However,

the process of determining at each time position the op-

timal sinusoidal kernel representing predominant period-

icity relies on a non-differentiable max operation, restrict-

ing PLP’s integration with modern deep-learning frame-

works. Consequently, existing studies employ PLP as

a post-processing technique, isolated from the system’s

training process. For example, in beat tracking, current

neural networks often lack an explicit mechanism to learn

and produce periodic outputs, thus depending on a separate

post-processor like PLP [8, 9] or a dynamic Bayesian Net-

work (DBN) [11–13], which enforces periodicity through

stronger tempo assumptions. This two-stage architecture

not only reveals the limitations of what existing neural net-

works can learn but also necessitates manual adjustments

to post-processing settings when their tempo assumptions

are violated. 1

With the growing demand for interpretable, efficient,

and controllable models, researchers are increasingly

developing differentiable variants of model-based ap-

proaches. For instance, by replacing the minimal-cost

alignment in dynamic time warping (DTW) with a soft-

minimum calculation, Cuturi and Blondel [14] introduced

soft-DTW, enabling its use as a differentiable loss func-

tion for training neural networks on weakly aligned data

[15, 16]. Similarly, differentiable digital signal process-

ing (DDSP) methods [17–21] have emerged following this

trend. Building on these advancements and addressing ex-

isting limitations, we introduce dPLP, a differentiable vari-

ant of PLP estimation. Designed for seamless integra-

tion into deep learning pipelines, dPLP replaces the non-

differentiable max operation with a softmax-based weight-

ing scheme, enabling smooth optimization. To evaluate

its benefits, we conduct a proof-of-concept beat tracking

experiment on a small dataset of popular music. We in-

troduce a lightweight, differentiable spectral flux variant

as a trainable activity estimator. By integrating this mod-

ule with dPLP, we establish a model-based, interpretable

1 The DBN, for instance, requires hyperparameters to define a tempo
change distribution, affecting the model’s flexibility in handling tempo
variations. Likewise, the PLP requires a predefined kernel size to es-
timate local periodicity. If the selected kernel size is too short, it may
fail to capture periodicity from the input novelty function; if too long, it
may introduce noise by capturing inconsistent periodicity from different
regions.
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Figure 1. Comparison of the original PLP (left) and dPLP (right) calculation pipelines. (Top) Input novelty function, dupli-

cated in (b) and (c) for reference. (a) Fourier magnitude tempogram (left) and its frame-wise softmax-transformed variant

(right). (b) Optimal (left) vs. weighted-summed (right) sinusoidal kernels at four time positions. (c) Kernel accumulation.

(d) Derived PLP/dPLP functions (black curves) with peak positions identified by a peak picker. Annotated beat positions

are marked by vertical red dashed lines. The yellow region highlights differences between PLP and dPLP.

framework that enhances the model’s ability to capture pe-

riodicity.

The remainder of this paper is structured as follows.

Section 2 introduces the formulation, computation, and

key parameters of dPLP. Section 3 presents a beat tracking

case study, outlining the research questions and baseline

architectures. Section 4 analyzes the experimental results,

providing both quantitative and qualitative evaluations. Fi-

nally, Section 5 concludes the study.

2. MATHEMATICAL FORMULATION OF dPLP

In this section, we introduce the mathematical notation and

formulas for both the classical PLP and differentiable PLP.

2.1 Original PLP

Figure 1 (left) illustrates the computation of the original

PLP function [3]. Given a novelty function ∆ : Z → R

(Figure 1, top), representing the onset envelope or beat

likelihood, PLP estimates a periodicity-enhanced version

of ∆ (Figure 1d, left). The process applies a discrete STFT

to ∆ using a window function W : Z → R. This window,

for example a Hann window, is of length K ∈ N, centered

at n = 0, and zero outside. For frequency ω ∈ R≥0 and

time n ∈ Z, the Fourier coefficient F(n, ω) is defined as

F(n, ω) =
∑

m∈Z

∆(m)W(m− n)e−2πiωm. (1)

Let Θ ⊂ R>0 be a finite set of tempi, specified in

beats per minute (BPM). The discrete Fourier tempogram

T : Z×Θ → R≥0 is defined as the magnitude of the

Fourier coefficient, given by

T (n, τ) = |F(n, τ/60)|. (2)

Let ϕ(n, τ) denote the phase of F(n, τ/60). The corre-
sponding windowed sinusoidal kernel at time n with tempo
τ is

κn,τ (m) := W(m− n) cos
(

2π
(

m · τ/60− ϕ(n, τ)
)

)

, (3)

where W is the same window function as in the STFT

computation. The original (argmax-based) PLP estimation

finds for each n the tempo τn ∈ Θ that maximizes the

magnitude tempogram T (n, τ) (Figure 1a, left):

τn := argmax
τ∈Θ

T (n, τ). (4)

Using τn and the corresponding phase ϕ(n, τn), the op-

timal sinusoidal kernel κn,τn(m) (Figure 1b, left) can be

derived by Equation 3. The derived sinusoids are accu-

mulated over time by overlap-adding (Figure 1c, left), pre-

serving periodicity while allowing local tempo variations.

Finally, half-wave rectification (omitting negative values)

yields the original PLP function Γ : Z → R≥0 (Figure 1d,

left):

Γ(m) =

∣

∣

∣

∣

∣

∑

n∈Z

κn,τn(m)

∣

∣

∣

∣

∣

≥0

. (5)

In summary, PLP estimation employs Fourier coef-

ficients and the Fourier tempogram to extract local si-

nusoidal kernels that model periodicity. Overlap-adding

these kernels reconstructs a periodicity-enhanced function.
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The resulting PLP function depends on ∆’s quality, the

window size K, and the tempo set Θ, requiring careful

parameter selection.

2.2 Differentiable PLP

One step that makes the PLP computation non-

differentiable is the argmax operation in Equation 4, only

retaining the windowed sinusoid that fits best. To obtain a

soft and differentiable approximation of the optimal win-

dowed sinusoid, we instead apply the softmax function, re-

placing the optimal windowed sinusoid in Equation 3 by a

weighted sum of all windowed sinusoids.

To this end, we compute weight factors for all win-

dowed sinusoids using the softmax function

σγ
n(τ) :=

exp (T (n, τ)/γ)
∑

τ ′∈Θ
exp (T (n, τ ′)/γ)

, (6)

where γ > 0 is a temperature hyperparameter that controls

the softness of the distribution.

For γ → 0, σγ
n(τ) approximates the argmax operation,

meaning the largest value of T (n, τ) dominates, result-

ing in a one-hot distribution. Conversely, for large γ, the

softmax output becomes more uniform, with all values of

σγ
n(τ) tending toward 1/|Θ|.

Using these weights, we compute a soft approximation

of the optimal windowed sinusoid as

κγ
n(m) :=

∑

τ∈Θ

σγ
n(τ) · κn,τ (m), (7)

where σγ
n(τ) is the softmax output, representing weights

for all windowed sinusoids.

Since the softmax function is differentiable, κγ
n is dif-

ferentiable with respect to T (n, τ). The dPLP function is

then:

Γγ(m) =

∣

∣

∣

∣

∣

∑

n∈Z

κγ
n(m)

∣

∣

∣

∣

∣

≥0

. (8)

Figure 1 (right) illustrates the dPLP computation. Given

the softmax-normalized tempogram (Figure 1a, right), the

weighted-summed sinusoidal kernel at time n is a weighted

sum of the kernels of all tempi. Constructive or destruc-

tive interference modifies kernel shapes compared to the

argmax case (Figure 1b, left). For time positions with

ambiguous tempo (e.g., orange and green dots), κγ
n pre-

serves fewer peaks due to destructive interference. For po-

sitions with a dominant tempo (e.g., red dot), the softmax

and argmax kernels are nearly identical. As shown in Fig-

ure 1d (yellow regions), these kernel differences affect beat

estimates when PLP/dPLP functions serve as beat novelty

functions. Overall, dPLP behaves as an intermediary be-

tween the original novelty function and the original PLP,

offering a differentiable module for periodicity enhance-

ment, with the softness adjustable via the softmax temper-

ature parameter γ.

2.3 Hyperparameters

As indicated in Sections 2.1 and 2.2, the properties of the

original PLP and dPLP depend largely on the hyperparam-

eters of the window (kernel) length K and the tempo range

Θ. 2 In this study, we experiment with kernel sizes of 3, 5,

and 10 seconds—corresponding to K ∈ {300, 500, 1000}
frames at a frame rate of 100 Hz—to cover varying lengths

of local temporal context. For Θ, we consider tempi rang-

ing from 20 to 320 BPM, using two types of scales: lin-

ear (LN) and logarithmic (LG). In the LN scale, Θ is de-

fined as {τ ∈ N | 20 ≤ τ ≤ 320}, resulting in a to-

tal of 301 tempo classes. In the LG scale, Θ consists

of 81 values, also ranging from 20 to 320 BPM, spaced

evenly on a logarithmic scale. Since humans are sensitive

to relative changes in tempo rather than absolute differ-

ences [22], the LG scale aligns better with human percep-

tion. It achieves good coverage of the tempo range with

fewer tempo classes than the LN scale, reducing the com-

putational cost of tempogram and dPLP computation.

Additionally, since our focus is to explore the properties

and potential benefits of incorporating dPLP rather than

optimizing hyperparameters for a specific case, we fix the

softmax temperature at γ = 1 in this study. The effective-

ness of these choice is evaluated in Section 3.

3. CASE STUDY IN BEAT TRACKING

We conduct a case study on beat tracking, following the

conventional architecture, which consist of an activity es-

timator and a post-processor [23, 24]. The activity estima-

tor converts audio features (e.g., spectrograms) into real-

valued novelty curves, indicating the likelihood of each

time frame containing a beat. The post-processor then re-

fines these curves into final binary beat estimates. This

experiment aims to illustrate the advantages of the dPLP

method, which enables backpropagation. Rather than ad-

vancing the state of the art in beat tracking, it serves as

a controlled demonstration. To ensure efficient training

and controlled analysis, we use a small toy dataset (Sec-

tion 3.1), keep all network components minimal, integrate

dPLP in various ways (Section 3.2), and employ a peak-

picking-based post-processing method (Section 3.3). The

resulting beat estimates are evaluated in Section 3.4 to as-

sess dPLP’s impact and functionality.

3.1 Datasets

The GTZAN dataset [25, 26] is a widely used benchmark

for music genre classification and various audio analysis

tasks, including beat tracking [13, 24, 27, 28]. It comprises

1,000 audio tracks, each 30 seconds long, spanning ten

genres, offering a diverse collection of musical styles. In

this study, we specifically focus on the 100 tracks of pop-

ular music, providing a simplified scenario to examine the

2 Note that when calculating the Fourier tempogram and the corre-
sponding PLP function, the hop size is also a hyperparameter that affects
temporal resolution and computational cost. For simplicity, we empiri-
cally fix the hop size to 10 frames without further discussion.

Proceedings of the 26th ISMIR Conference, Daejeon, Korea, September 21-25, 2025

200



behaviors and effects of the proposed ideas. For the fol-

lowing beat tracking experiments, we randomly split these

100 tracks into 60 for training, 20 for validation, and 20 for

testing, reporting results for the test data.

3.2 Beat Activity Estimators

Given a 44.1 kHz audio recording, we compute STFT-

based spectrograms using librosa [29] with an FFT size

of 2048, a window length of 1024, and a hop size of 441,

resulting in spectrograms with a 100 Hz temporal resolu-

tion. As shown in Figure 2, these spectrograms serve as

the primary input feature for subsequent experiments.

3.2.1 Spectral Flux

Spectral flux [3, 4, 30] is a widely used model-based tech-

nique for onset detection. Given an STFT spectrogram, it

applies logarithmic compression, discrete differentiation,

half-wave rectification, and accumulation to generate a

novelty curve. To further refine its quality, baseline sub-

traction, Gaussian smoothing, and normalization are often

incorporated. To evaluate the impact of dPLP’s differen-

tiability, we use bandwise spectral flux as an example for

novelty function computation. As a minor contribution of

this study, we implement a lightweight, trainable version

of spectral flux (SFX) by formulating it as a PyTorch

module. The SFX module processes an STFT spectrogram

by dividing it into eight frequency bands, computing spec-

tral flux independently for each band [3, 4, 30], applying a

weighted sum, and performing Gaussian smoothing, recti-

fication, and max-normalization. To introduce learnability,

we make the differentiation convolution kernels, log com-

pression parameters, and bandwise weighting parameters

trainable, resulting in a total of 64 trainable parameters.

We train SFX for beat tracking using 60 training tracks

from GTZAN (Section 3.1), with a batch size of 8, a learn-

ing rate of 0.1, the Adam optimizer, and weighted binary

cross-entropy (BCE) loss. 3 The module is initialized with

first-order differentiation convolution kernels, a log com-

pression parameter of 10, and average-weighted summa-

tion, referred to as SFX-I. After training, the resulting

model is denoted as SFX-T.

3.2.2 Argmax PLP and Softmax PLP

To compare the properties and behavior of the original

argmax-based PLP (A-*) and the proposed differentiable

softmax-based PLP (S-*), we process the beat novelty

generated by the trained SFX-T using both methods sep-

arately. Following Section 2.3, we experiment with three

PLP kernel sizes K (3, 5, and 10 seconds) and two tempo

scales: linear (LN) and logarithmic (LG). The resulting

PLP functions are peak-picked (Section 3.3) and evaluated

(Section 3.4) for comparison (Section 4.1).

3.2.3 dPLP Incorporated Architecture

Figure 2 illustrates our proposed dPLP-incorporated archi-

tecture, consisting of a spectral flux module (S, identical

3 To address class imbalance, we assign a weight of 3 to the beat class
in the BCE loss, as non-beat frames dominate.

to SFX), a dPLP module, and a fuser (F). This design in-

tegrates an onset-based activity estimator (S), a periodicity

analyzer (dPLP), and a fuser (F) that learns to combine in-

formation from both components. Given an STFT spectro-

gram, the S module generates a beat novelty function ∆S.

The dPLP module processes ∆S with three kernel sizes

(K ∈ {3, 5, 10} seconds), producing three dPLP curves.

The fuser (F) concatenates ∆S with these dPLP curves

(Γγ − K∗), applies weighted summation and smoothing,

and outputs the final beat novelty function ∆F. The fuser

(F) comprises a linear layer, a convolutional layer, and a

sigmoid activation, totaling 21 trainable parameters.

We refer to this architecture, where both S and F are

trainable, as M1. During training, the beat novelty function

∆F generated by the fuser (denoted as M1-F) is compared

with reference beat annotations, and the BCE loss guides

the learning process. Since dPLP enables gradient back-

propagation from M1-F through the dPLP to the S module

(M1-S), M1-S is optimized by a combined loss function

incorporating dPLP, the fuser, and BCE loss. We are par-

ticularly interested in whether M1-S behaves differently

from the standalone-trained SFX-T.

To assess the complementarity between ∆S and the

dPLP curves (Γγ − K∗), we modify region A (see Fig-

ure 2) and implement an ablation model, M2. In M2, the S

module (denoted as M2-S) is initialized with SFX-T pa-

rameters and kept fixed, allowing only the fuser (M2-F) to

be trained. This setup evaluates whether M2-F can effec-

tively integrate information from M2-S and dPLP

Finally, to evaluate the dPLP module’s ability to provide

periodicity-based information and enhance beat tracking,

we introduce M3 by modifying region B (also shown in

Figure 2). In M3, the three dPLP curves are replaced with

three duplicated M3-S beat novelty functions ∆S, keeping

the model size identical to M1. Since M1 and M3 share the

same trainable components (S and F) and model size, their

only difference—presence or absence of dPLP—allows us

to directly assess dPLP’s effectiveness.

3.3 Peak-Picking-based Post-processing

For all the derived beat novelty functions, we follow [4]

and apply one-dimensional Gaussian smoothing (with σ =
3 frames), max-normalization, and local average-based

peak picking (using a 20-second averaging window) to ob-

tain the beat estimations. Compared to conventional post-

processors such as DBN [11, 24, 31], this peak picking

method avoids strong tempo assumptions and better re-

flects the properties of the novelty functions, as [10,13,32].

3.4 Evaluation

We evaluate beat estimates using the F1-score (F1),

precision (P), and recall (R) as implemented in

mir_eval [33], with a tolerance window of ±70ms.

Additionally, since PLP is incorporated to enhance the

model’s ability to handle longer musical context, we report

the L-correct metric [3]. This metric requires at least

L consecutive reference beats to be correctly detected

rather than considering reference beats individually. For
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Figure 2. The proposed architecture (M1) and the regions

(dotted squares) to modify for the two ablations (M2, M3).

simplicity, we use L = 2 and report F-measure (F-L2),

precision (P-L2), and recall (R-L2).

4. EXPERIMENT RESULTS

In the following, we analyze the beat tracking results both

quantitatively and qualitatively, based on beat estimates

derived from the aforementioned novelty functions (Sec-

tion 3.2) and a simple peak-picking method (Section 3.3).

4.1 Comparison of PLP Settings

Table 1 (top) presents the F-measure and L-correct eval-

uation results for the standalone spectral flux module

(SFX-*), comparing the original argmax PLP (A-*) with

the differentiable softmax PLP (S-*). The results indicate

that SFX-* performs as expected. As an onset-based mod-

ule, SFX-I achieves high recall (0.950) but low precision

(0.311), resulting in an unsatisfactory F1-score (0.464) and

low L-correct values (all below 0.100). After training,

SFX-T improves the precision-recall balance, increasing

precision from 0.311 to 0.436 and decreasing recall from

0.950 to 0.888. This leads to a higher F1-score (0.576)

and improved L-correct values (all above 0.100). Using

the SFX-T beat novelty as input, the derived argmax PLP

functions (A-*) and softmax PLP functions (S-*) gen-

erally improve beat tracking performance. 4 Specifically,

since the test tracks consist of popular music with stable

tempi, the dPLP functions help filter out non-beat onsets

that do not align with the locally detected periodicity while

also enhancing weak onsets at beat positions. This re-

sults in improved precision (all above 0.520) and recall (all

above 0.900) compared to SFX-T. Moreover, the similar

F1-scores (around 0.664) indicate that there is little differ-

ence between the linear tempo scale (LN) and the logarith-

mic tempo scale (LG), as well as between the argmax PLP

(A) and the softmax PLP (S). Therefore, we use LG, which

is computationally more efficient, for the subsequent ex-

periments involving dPLP-incorporated architectures.

4 For each setting (e.g., A-LG), we apply three kernel settings (K ∈
{3, 5, 10} seconds), derive three sets of PLP curves, evaluate them sepa-
rately, and report the averaged scores in Table 1.

Act. F-Measure L-Correct

F1 P R F-L2 P-L2 R-L2

SFX-I 0.464 0.311 0.950 0.031 0.022 0.055
SFX-T 0.576 0.436 0.888 0.153 0.122 0.213

A-LG 0.663 0.531 0.925 0.169 0.152 0.196
A-LN 0.662 0.528 0.929 0.158 0.142 0.183
S-LG 0.671 0.550 0.908 0.196 0.182 0.220
S-LN 0.664 0.528 0.933 0.165 0.147 0.193

M1-F 0.707 0.660 0.809 0.470 0.445 0.519
M2-F 0.684 0.615 0.817 0.385 0.360 0.439
M3-F 0.664 0.576 0.819 0.417 0.375 0.489

M1-S 0.561 0.412 0.921 0.182 0.140 0.267
M2-S 0.576 0.436 0.888 0.153 0.122 0.213
M3-S 0.529 0.371 0.952 0.083 0.060 0.138

Table 1. Beat tracking results. A and S denote argmax and

softmax PLP. LG and LN indicate log-scale and linear-scale

tempo spaces. F and S represent the fuser and spectral flux

module of the dPLP incorporated architecture in Figure 2.

4.2 Effectiveness of Differentiability

Table 1 (middle) presents the results for the fusers (F)

of the dPLP-incorporated architectures (M1, M2, M3).

Notably, compared to other fusers and baselines, M1-F

achieves substantial improvements across all evaluation

metrics except recall. Specifically, its superior F1-score

(0.707), precision (0.660), and F-L2 (0.470) suggest that

M1-F has learned a more effective beat-tracking mecha-

nism. Alternatively, the observed improvements may in-

dicate that the proposed architecture (M1) has a greater

capacity to fit the relatively simple structure of popular

music in GTZAN. The results from the ablation models

further support this observation. Comparing M2-F with

SFX-T and the softmax PLPs (S-LG), we find clear ev-

idence of complementarity between the M2 dPLP curves

and the M2-S beat novelty function, which M2-F effec-

tively leverages. Specifically, M2-F aligns more closely

with the consensus across all input curves, significantly

improving precision (from below 0.550 to 0.615) and L-

correct metrics (from below 0.220 to above 0.360). How-

ever, since M2-S is fixed and non-trainable, M2-F does

not benefit from the differentiability of dPLP, resulting in

lower capacity compared to M1-F.

The results from M3-F are also noteworthy. Compared

to SFX-T, M3-F, which has a larger model size but lacks a

dPLP module, adopts a different precision-recall trade-off:

it suppresses peaks from M3-S, leading to higher preci-

sion (0.576 vs. 0.436), lower recall (0.819 vs. 0.888), and

significantly improved L-correct metrics (above 0.370 vs.

below 0.220). This suggests that the performance gains

observed in M1-F, M2-F, and M3-F over SFX-T may

also be influenced by model size. Finally, when comparing

M3-F to M1-F, the slightly lower F1-scores of M3-F sug-

gest that, without the dPLP module, M3-F may have lower

capacity than both M1-F and M2-F. 5

5 At first glance, it may seem contradictory that M3-F achieves higher
L-correct metrics than M2-F despite having lower precision (0.576 vs.
0.615). This can be attributed to two factors: (1) The lower L-correct of
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Figure 3. Novelty functions. (a) Beat novelty functions from the spectral flux modules (SFX-*). (b) dPLP curves from

M1, where K* denotes the dPLP function computed with a kernel size of * seconds. (c) Beat novelty functions from fusers

(F). (d) Beat novelty functions from the spectral flux heads (S). Black dashed lines indicate annotated reference beats.

Lastly, as shown in Table 1 (bottom), spectral flux mod-

ules trained with different loss functions exhibit distinct

behaviors, with F1-score differences ranging from 0.03 to

0.05 and variations in other metrics between 0.02 and 0.10.

4.3 Comparison of the Novelty Functions

Figure 3 compares the output novelty functions calculated

from a test track in the GTZAN dataset, summarizing our

previous discussions. In Figure 3a, the alignment between

the reference annotated beats (black vertical dashed lines)

and the SFX-* novelty functions confirms the high re-

call and low precision of SFX-*, as observed in Table 1.

Moreover, compared to SFX-I, the trained SFX-T learns

to suppress several non-beat peaks (purple regions).

Figure 3b shows that M1 dPLP functions computed with

different kernel sizes (K) exhibit varying peak distribu-

tions, yet they largely agree at beat positions. Figure 3c

visualizes the distinct behaviors of the three fusers (M1-F,

M2-F, M3-F). Notably, each fuser exhibits different false-

positive errors (e.g., purple or green regions). These dif-

ferences can be attributed to the presence of the dPLP

module (M1 and M2 vs. M3) and to whether module S

is further optimized using the gradients backpropagated

through the dPLP module (M1 vs. M2). Specifically, the

false-positive error shared by all fusers around the 920th

frame (yellow region) reveals that all fusers attempt to pro-

duce peaks at positions where the input novelty functions

agree. In contrast, when the novelty functions from the S

modules (M*-S) do not align with the dPLP curves (e.g.,

green region), M1-F and M2-F, which have access to the

dPLP outputs, avoid making a false-positive error. Lastly,

Figure 3d illustrates the different behaviors of the S mod-

ules when supervised by different loss functions. Specifi-

M2-F is partly due to dPLP’s bias toward faster tempi, which can cause
taps to align with tempo harmonics (e.g., double tempo), disrupting the
continuity required by L-correct. (2) The lower precision of M3-F results
from non-beat onsets clustering around specific beats, introducing false
positives. Unlike the evenly distributed octave errors in M2-F, these false
positives are more localized, allowing M3-F to achieve higher L-correct
values.

cally, since the M3 architecture lacks periodicity informa-

tion, the M3-S head is trained to be more sensitive, gen-

erating more and stronger false-positive peaks at non-beat

positions (purple regions) compared to M1-S and M2-S.

In contrast, with the additional benefit of gradient back-

propagation through dPLP, M1-S behaves differently from

M2-S and M3-S, suppressing many non-beat onsets (e.g.,

around the 730th, 790th, and 860th frames).

5. CONCLUSION

In this paper, we presented a differentiable variant of Pre-

dominant Local Pulse (dPLP) estimation, replacing the

non-differentiable selection of an optimal windowed sinu-

soid with a softmax-based weighted summation. While

dPLP behaves similarly to the original algorithm in terms

of enhancing periodicity in the input signal, its differen-

tiability enables seamless integration into deep learning

pipelines and supports end-to-end training.

The main contribution of this work lies on a concep-

tual level—namely, in the formulation of dPLP as an inter-

pretable, flexible, and differentiable module for periodicity

enhancement. To illustrate the behavior and potential ben-

efits of dPLP in a controlled setting, we conducted a proof-

of-concept experiment on beat tracking. As part of this

setup, we also introduced a lightweight differentiable vari-

ant of the spectral flux method, which serves as a simple

but trainable activity estimator. While this differentiable

spectral flux is a minor contribution, it demonstrates how

model-based components can be incorporated into learning

frameworks.

Our experimental results highlight the potential of com-

bining differentiable modules like dPLP with trainable fea-

ture extractors in an end-to-end fashion. In future work, we

plan to integrate dPLP into more advanced architectures

and further investigate its interaction with other system

components. Overall, we believe that dPLP can serve as

a valuable building block for improving the transparency,

controllability, and interpretability of rhythm analysis and

beat tracking systems.
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