
duce lower errors, and we can remove up to 85% of the
weights with minor damage to the test error. Interest-
ingly, the results of chord extraction seems to produce the
smallest enhancement. This could be explained by the fact
that the model has the lowest original number of param-
eters. Hence, this underlines the crucial need to rely on
largely overparametrized models to find efficient subnet-
works. Regarding the smallest models, we are able to re-
move on average up to 95%, while having a reasonable test
error. When comparing our approach to the original lottery
masking, it seems that masking consistently produces bet-
ter performances at higher pruning rates, confirming the
original results [10] for MIR tasks. However, note that the
weights in the masking approach are not removed (how-
ever, a fraction of these weights could be removed in a
post-processing step). We hypothesize that this resilience
to larger pruning ratios stems from the fact that masking

is able to work on local connectivity patterns, whereas our
approach cannot.

5.2 Across-task comparison

5.2.1 Pruning approaches

The lottery ticket hypothesis crucially depends on initial-
ization values for training efficient subnetworks. To eval-
uate this property across different tasks, we perform the
normalized comparison shown in Figure 2 (right, up).

Here, we normalize the error of each task by dividing
it by the error of the reference large model, so that its test
error is 1. As we can see, using fine-tuning, the approach
is unable to obtain subnetworks with higher accuracy, and
the error quickly degrades as we remove more weights.
Furthermore, it appears that the results are rather unstable,
producing large variations in the final test error. Instead, by
rewinding the weights and trimming we consistently obtain
smaller subnetworks (up to 75% of the weights removed)
that outperform the original models. We are able to ap-
ply extensive trimming before the error starts to degrade,
globally around 90% across tasks. Hence, it appears that
efficient subnetworks can be found solely through the cor-
rect combination of connection topology and weights.

5.2.2 Selection criteria

The success of pruning methods depends on the criterion
selecting which weights should be kept or pruned. Hence,
we perform a normalized comparison of different criteria
for trimming, and display results in Figure 2 (right, down).

Although the global trend seems to be equivalent for
most criteria at low pruning ratios, their differences am-
plify as we remove an increasing amount of weights. Over-
all, it seems that the activation criterion provides the most
stable results. Furthermore, it allows to maintain lower er-
ror rates, even at higher pruning ratios. However, at lower
pruning ratios, it seems that the magnitude criterion pro-
duces slightly better and more stable results. Finally, the
batchnorm criterion seems to provide an interesting alter-
native at low pruning ratios. However, its performance de-
grades faster than other criteria at very high pruning rates.

task mod. error param size FLOPS mem

inst. ref 0.092 797 K 10 M 572 M 190 M
trim 0.117 93.4 K 2.3 M 38.3 M 41.9 M

sing. ref 0.031 1.4 M 19 M 663 M 194 M
trim 0.038 144 K 2.7 M 94.4 M 53.2 M

pitch ref 0.242 5.9 M 49 M 2.8 G 256 M
trim 0.262 224 K 1.0 M 2.8 M 9.6 M

chord ref 0.232 416 K 1.4 M 27.2 M 22.1 M
trim 0.251 91.9 K 0.2 M 1.72 M 589 K

drum ref 0.136 8.1 M 22 M 3.54 G 667 M
trim 0.144 1.0 M 3.7 M 87.5 M 10.2 M

onset ref 0.131 4.7 M 21 M 2.66 G 532 M
trim 0.132 522 K 3.7 M 87.1 M 8.2 M

Table 1. Comparison between reference models and our
trimmed models on test error, number of parameters, disk

size, inference FLOPS and memory used across tasks.

5.3 Resulting model properties

We provide a detailed analysis of the gains provided by our
trimming lottery for each task. We compare the reference
model to the optimal one (smallest model within 1.1 times
the original test error) found by trimming. We evaluate
their test error, number of parameters, disk size, FLOPS

(required to infer from a single input example) and mem-

ory used for different MIR tasks, as detailed in Table 1. As
discussed previously, we are able to obtain models main-
taining the error rates, while having only a small portion
of the capacity of the very large models. This can be wit-
nessed in the final properties of the trimmed models. A
very interesting observation is that this decrease in param-
eters amounts to an even larger decrease in the memory and
computation power required. Indeed, while most trimmed
models are 10 times smaller than original large models,
they use 20 to 50 times less computation power and mem-
ory requirements. This can be explained by the fact that
most operations are processed across the dimensions of the
previous layer. Hence, even small gains in number of pa-
rameters can lead to dramatic gains in computation.

6. CONCLUSION

In this paper, we presented a method to obtain ultra-light
deep models for MIR, by extending the lottery ticket hy-
pothesis to effectively trim the networks. We have shown
that these efficient trimmed subnetworks, removing up to
85% of the weights in deep models, could be found across
several MIR tasks. We have also shown that extremely
small networks could be found by relying on masking, but
these do not provide actual enhancement in terms of com-
putation or memory requirements. Oppositely, we have
shown that given the non-linear relationship between the
number of parameters and computation required, we could
find extremely light networks through trimming. These re-
sults encourage the crucial implementation of MIR models
in embedded audio platforms, which would allow broader
end-user applications. The major downside of this ap-
proach is its training time, which we partly address by
decreasing the cost of each pruning iteration. However,
the intriguing prospect of ticket transfer [14] could provide
such initializations right at the onset of training.
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Our proposed structured trimming

Limitations of the lottery

Source code / paper

The lottery ticket hypothesis  

Methods and accuracy results

Deep accuracy madness
Deep learning holds most state-of-art results in MIR

Showering example of the MegatronML model

The recently introduced lottery ticket hypothesis states that

Compressing networks by pruning
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• To obtain truly lighter networks, we propose structured trimming
• Consider layers as matrix                               and remove units
• We evaluate three different selection criteria
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Magnitude-based

Activation-based

Normalization-based

Find the units with maximal summed magnitude

Find units maximally activated by the train set

Use the scaling factor as a proxy for usage

We test our structured trimming on several MIR tasks
• Singing voice classification (Dilated CNN – MLP model on waveform)
• Instrument classification (Same dilated CNN – MLP  on different set)
• Pitch estimation (CREPE – Large 6-layers 1d-CNN on waveform)
• Drum transcription (2d-CNN on Mel with 3-layer MLP per drum type).
• Onset detection (Same as drum transcription with a single output)
• Automatic Chord Extraction (2d-CNN architecture based on CQT)
All are deep approaches with various types of input data and tasks

• Trimming also finds efficient smaller nets with higher accuracy when removing up to 75% weights
• Allows models up to 10 times smaller that maintains the accuracy of large nets
• Masking still outperforms trimming (but corresponding weights are not removed)
• Similar results hold for all tasks (classification, pitch, chords, drums and onset)

Most interesting results can be seen in 
• Relationships disk size, FLOPS and memory

Networks that are 10 times smaller …
… are 100 times more efficient
• Logical due to quadratic complexity

However, some key problems of deep machine learning
• Networks can have up to billions of parameters
• Gains in accuracy now appear always linked to increased size
• Extremely demanding in computation, energy and memory.
• Huge environmental issues of deep models

• 8.3 billion parameters trained on 512 V100 GPUs for 9.2 days
• Now GPT-3 even goes to 175 billion parameters
• Trend is starting in MIR (CREPE for pitch has 22 million parameters)

• The seminal approach for reducing models is pruning.
• Remove the low-magnitude weights and then finetune the masked net

• Finetuning mostly unable to keep accuracy and poor compression

• Masking is not very efficient 
• Masking 99% allows to remove ~25%
• No straightforward gains in
• Computation nor memory

State-of-the-art results in MIR are largely dominated by deep learning. Despite their
unprecedented accuracy, their consistently overlooked downside is a stunningly massive
complexity, which seems crucial to their success. Here, we address this issue by proposing a
model pruning method based on the lottery ticket hypothesis. We modify the approach to allow
for explicitly removing parameters, through structured trimming of entire units, instead of simply
masking individual weights. This leads to models which are effectively lighter in terms of size,
memory and number of operations.
We show that we can remove up to 90% of the model parameters without loss of accuracy,
leading to ultra-light deep MIR models. We confirm the surprising result that, at smaller
compression ratios (removing up to 85% of a network), lighter models consistently outperform
their heavier counterparts. We exhibit these results on a large array of MIR tasks including audio
classification, pitch recognition, chord extraction, drum transcription and onset estimation. The quest for smaller models that have the same accuracy

Experiments

• Inside randomly-initialized (untrained) neural networks
• Already exist powerful very small subnetworks (winning tickets)
• If trained in isolation, achieve higher accuracy than large models
Stunning results in the image domain
• Higher accuracy with models removing 90% of the network
• Maintain accuracy even when pruning up to 99% of the weights

Obtaining these very light networks requires weight rewinding and iterative pruning

A subnetwork of the original network f(x;W ) can
be defined as a tuple (W ,M) of the original weights
W 2 RD and a mask M : {0, 1}D. Hence, the subnet-
work computes the function f(x;M � W ), where � de-
notes the element-wise product.

Lottery Ticket Hypothesis. Given a randomly initial-
ized network f(x;W0) with W0 ⇠ p(W ), that is trained
to reach accuracy a⇤ in T ⇤ iterations, with final weights
WT ⇤ , there exists a subnetwork (Wk,M) with a given
mask M 2 {0, 1}|W | and iteration k ⌧ T ⇤, such that if
we retrain this subnetwork, it will reach a commensurate

accuracy a � a⇤ in commensurate iterations T  T ⇤ � k
and fewer parameters kMk0 ⌧ |W |.

These highly efficient subnetworks (called winning tick-

ets) depend on the original initialization, and can only
be identified after full training [12]. Thus, the selected
weights and remaining topology form the architecture of
the winning ticket. These weights are reset to their initial-
ization values before the network was trained or rewound

at an early iteration. The resulting architecture is then re-
trained until completion, and the whole process is repeated,
as described in Algorithm 1.

Algorithm 1 Lottery ticket training with rewinding
1: W0 ⇠ p(W ) . Random initialization
2: M = 1|W | . Initial mask
3: Wk = A(k,W0 � M) . Training for k iterations
4: while C(M , a,W ) do . Stopping criterion C
5: WT = A(T,Wk � M) . Train until completion
6: r = R({WT ⇤}) . Ranking criterion R
7: M = M(r, {WT ⇤}) . Masking update M

In their original paper [10], the authors underline the
difference between one-shot pruning (masking is applied
all at once) and iterative pruning (repeatedly pruning small
parts of the network). They demonstrated that iterative
pruning finds smaller architectures that reach higher ac-
curacy than the original network and converge at earlier
iterations. They showed on the MNIST dataset, that it was
possible to keep the accuracy of large networks, even when
masking up to 96.5% of the weights. Their most intriguing
result is that smaller networks consistently reach higher

accuracy than the original ones, even while removing up
to 80% of the weights. In a follow-up study [12], they
showed that these results could be obtained for deeper ar-
chitectures, but only through the rewinding operation. An-
other exciting prospect of this hypothesis, is that the result-
ing subnetworks might encode implicit inductive biases for
a given task or type of data. In that case, winning tickets
could be transferred and trained on new tasks, even di-
rectly from their extremely lightweight versions [14].

2.3 Music Information Retrieval

Music Information Retrieval (MIR) encompasses all tasks
aimed at extracting high-level knowledge from music data.
This field has witnessed a flourishing interest, with mul-
tiple tasks being increasingly tackled such as chord ex-

traction, drum transcription and musical audio classifica-

tion [1]. Originally, most MIR researches revolved around
the idea of extracting a set of hand-crafted features from
the signal (such as the Mel-Frequency Cepstral Coeffi-
cients), in order to use these as input to machine learn-
ing algorithms [25]. Feature-based techniques have been
challenged by the advent of deep learning approaches [26],
which have shown impressive capacities to learn high-level
features on complex data. They simultaneously set new
state-of-art results across a wide range of MIR tasks, while
opening the path towards unprecedented applications [27].

In this work, we consider a rather broad spectrum of
MIR tasks where deep learning approaches are applied.
Specifically, we address (i) audio classification [17] (find-
ing the class label of audio signals inside a predefined set),
(ii) pitch recognition [18] (extracting the fundamental fre-
quency of a monophonic audio recording), (iii) chord ex-

traction [19] (annotating audio with a given vocabulary of
chords), (iv) onset estimation [21] (finding events in an au-
dio stream) and (v) drum transcription [20] (transforming
drums audio signal into a score). We redirect interested
readers to [28] for a comprehensive review.

One of the common denominator in deep learning meth-
ods applied across all MIR tasks is that their unprecedented
accuracy comes at the expense of an increasing size and
complexity. Indeed, deep networks for images now reach
billions of parameters and leaps in accuracy seem to only
come by worsening this situation. An example of this
trend in MIR can be seen in the recently proposed CREPE
model [18] for pitch extraction. This task was largely han-
dled through the YIN algorithm [29], an extremely sim-
ple algorithm, with few parameters and running with very
low latency on CPU. For a modest gain in accuracy on the
same task, CREPE requires 22 million parameters, 2.82
GFLOPS and 2.36 seconds on CPU to compute the pitch
of a single 4-seconds sample. This exploding size leads
to profound issues in both the use and understanding of
these models. First, they are extremely demanding in en-
ergy consumption and memory, which precludes their im-
plementation in end-user interfaces and also raises serious
environmental issues. Furthermore, this complexity stands
in the way of any potential interpretability of such models.

3. METHODOLOGY

Here, we first discuss different selection criteria for struc-
tured network trimming. Then, we discuss different nor-
malization strategies that can allow to perform global se-
lection of units across layers.

3.1 Trimming criteria

In order to perform structured pruning, we need to evalu-
ate the efficiency of entire units of computation, rather than
individual weights. In the case of convolutional networks,
this would amount to analyze the channels of each layer.
Indeed, channel pruning appears more hardware friendly,
and also allows to truly reduce the size of the final model.
In the following definitions, we consider that any computa-
tion layer can be seen as a weighted transform f(x,W (l)),

• Initialize weights randomly
• Train network to completion
• Select weights based on magnitude
• Mask low-magnitude weights
• Rewind the weights to prior iteration
• Retrain the resulting small network

Efficiency results


