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Abstract
Frequency dynamic convolution (FDY conv) has shown the
state-of-the-art performance in sound event detection (SED) us-
ing frequency-adaptive kernels obtained by frequency-varying
combination of basis kernels. However, FDY conv lacks an
explicit mean to diversify frequency-adaptive kernels, poten-
tially limiting the performance. In addition, size of basis
kernels is limited while time-frequency patterns span larger
spectro-temporal range. Therefore, we propose dilated fre-
quency dynamic convolution (DFD conv) which diversifies and
expands frequency-adaptive kernels by introducing different di-
lation sizes to basis kernels. Experiments showed advantages
of varying dilation sizes along frequency dimension, and anal-
ysis on attention weight variance proved dilated basis kernels
are effectively diversified. By adapting class-wise median filter
with intersection-based F1 score, proposed DFD-CRNN out-
performs FDY-CRNN by 3.12% in terms of polyphonic sound
detection score (PSDS).
Index Terms: sound event detection, dilated convolution,
frequency-adaptive kernel, receptive field, kernel diversification

1. Introduction
Sound event detection (SED) which aims to classify the target
sound events with corresponding time location within a given
audio clip is one of the most active research themes to reproduce
auditory intelligence. By reproducing auditory intelligence, we
could automate the functions of human auditory system for po-
tential applications such as robotics, automation, surveillance,
media information retrieval, etc. [1, 2, 3, 4, 5]. While most of
works on SED have been directly applying methods from other
fields such as image recognition and speech recognition, there
exist recent works those consider and apply characteristics of
acoustics and sound events into SED methods [6, 7, 8].

Frequency dynamic convolution (FDY conv) is one repre-
sentative example, motivated by the fact that sound event infor-
mation is shift-variant on frequency dimension. FDY conv ap-
plies convolution kernel that varies along frequency dimension
[6] by using frequency-adaptive attention weights to perform
weighted sum on basis kernels to obtain frequency-adaptive
convolution kernels. SED model with FDY conv has achieved
state-of-the-art performance on domestic environment sound
event detection (DESED) real validation dataset [2, 3, 6, 9, 10].

However, there still is a room for improvements on FDY
conv. The size of basis kernels is fixed as 3 by 3, while
time-frequency patterns by sound events span larger spectro-
temporal range. While convolutional recurrent neural network
(CRNN) structure considers long temporal range using gated
recurrent unit (GRU) module, it neglects the importance of rec-
ognizing broad spectral range. In addition, it is difficult to guar-

antee the diversity of multiple basis kernels, as all basis kernels
are structurally the same. Thus diversity of frequency-adaptive
kernels over frequency dimension might be limited. To remedy
aforementioned points, we aim to improve FDY conv by ex-
panding the spectral receptive field and diversifying frequency-
adaptive kernels by assigning different roles to the basis kernels.
The main contributions of this work are as follows:

1. Proposed dilated frequency dynamic convolution (DFD conv)
applies varying dilation sizes to FDY conv basis kernels to di-
versify frequency-adaptive kernels and expand their spectral
receptive field.

2. Experimental results proved the effectiveness of dilating ba-
sis kernels along frequency dimension, and advantage of ap-
plying varying dilation sizes to different basis kernels.

3. By comparing attention weight vector variance of FDY conv
and DFD conv, we showed that frequency-adaptive attention
weights are more efficiently diversified in DFD conv.

4. Proposed DFD-CRNN improved baseline FDY-CRNN by
2.43% and adapting class-wise median filter outperformed
previous state-of-the-art FDY-CRNN by 3.12% by poly-
phonic sound detection score (PSDS) [11].

2. Methods
Frequency dynamic convolution (FDY conv) produces kernels
varying over frequency by applying weighted sum on the basis
kernels using frequency-adaptive attention weights [6, 12]. It
involves a presumption that basis kernels are trained to be dis-
similar from each others through optimization process. How-
ever, if we assume an extreme case where basis kernels are
trained to be the same, FDY conv will produce the same kernels
over frequency no matter how different the frequency-adaptive
attention weights are. Obviously this is a very unlikely case;
the superior performance of FDY conv proves that FDY conv
applies frequency-varying kernels. Nonetheless, there is no re-
striction on similarity between basis kernels within FDY conv
mechanism, potentially limiting the performance. If basis ker-
nels were forced to have different roles, we could improve SED
by enhancing diversity of frequency-adaptive kernels. Mean-
while, there have been several attempts to expand the convo-
lution receptive field for SED [13, 14, 15, 16]. Since sound
events show time-frequency patterns those span broad spectro-
temporal range, larger receptive field could improve SED. Es-
pecially, in CRNN structure, expanded receptive field along fre-
quency dimension could help accurate detection of sound events
since GRU is already used to take long-term temporal sound
event patterns into account.

Therefore, to diversify frequency-adaptive kernel and ex-
pand its receptive field size at the same time, we propose di-
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Figure 1: An illustration of dilated frequency dynamic convolu-
tion operation. x and y are input and output of DFD conv. K
is number of basis kernels, Wi and bi, di and πi are weight,
bias, dilation size and frequency-adaptive attention weight for
i-th basis kernel.

lated frequency dynamic convolution (DFD conv) which applies
varying dilation sizes on the basis kernels of FDY conv. Dilated
convolution expands the receptive fields of convolution kernels
without increasing number of trainable parameters by padding
zeros within the kernels [13, 14, 17]. Therefore, by dilating
the basis kernels of FDY conv, receptive fields of frequency-
adaptive kernels will be expanded to recognize larger patterns
without increasing the model size. In addition, applying differ-
ent dilation sizes on basis kernels would train basis kernels to
extract sound event information corresponding to different re-
ceptive field sizes. Thus role by each basis kernel would be spe-
cialized resulting in enhanced diversity of frequency-adaptive
kernels. There has been similar approach using selective ker-
nel (SK), which selects either 3 by 3 kernel or 5 by 5 kernel by
attention. It has shown great SED performance by endowing
diversity to kernel and introducing kernel with larger receptive
field [16, 18]. However, diversity of kernel is much smaller for
SK which makes binary decision among two kernels while FDY
conv and DFD conv makes new kernels by weighted-summing
K 3 by 3 basis kernels on each frequency bin. Furthermore,
DFD conv could use expanded receptive field without increas-
ing the model size with dilated basis kernels.

Detailed procedure of DFD conv is illustrated in Fig. 1. x
and y are input and output of DFD conv. T , F and C are input
and output dimension size of time, frequency and channel. Note
that FDY conv and DFD conv do not alter the input size. Wi, bi,
di and πi are weight, bias, dilation size and frequency-adaptive
attention weights for i-th basis kernel where K is the number
of basis kernels. Fig. 1 illustrates DFD conv operation where
2D convolution is performed on input with K basis kernels to
obtain K intermediate outputs yi for i = 1, 2, ...,K. Then final
output y is obtained by following equation:

ytf (x) =

K∑
i=1

πif (x)yitf (1)

where t is time and f is frequency. While Fig. 1 shows differ-
ent computation procedure compared to the figure in FDY conv
paper [6], the actual algorithm follows equations on [6] those
are coherent to Fig. 1.

3. Experimental Setups
3.1. Implementation Details
Dataset used in this work is domestic environment sound event
detection (DESED) composed of synthesized strongly labeled
dataset, real weakly labeled dataset, real unlabeled dataset and
real strongly labeled dataset [2]. The former three are used for
training and validation, while the last, named as real valiada-
tion dataset, is used for evaluation as listed in Table 1, 3 and 4.
DESED consists of 10-seconds-long audio files with sampling
rate of 16 kHz. No external dataset is used in this work.

From the waveforms, we extract mel spectrogram with
number of FFT of 2048, hop length of 256, Hamming window
and 128 mel bins. Mel spectrograms are batched and fed into
CRNN-based SED models. The baseline model in this work in-
cludes a CNN block with 7 convolution layers, where the first
convolution layer uses conventional 2D convolution while the
rest convolution layers use FDY conv, and is indicated as FDY-
CRNN in the results. DFD convs only replace FDY convs from
2nd to 6th convolution layers for other models since input for
the last layer has only 2 frequency bins and dilated kernel would
be too large for that input. We indicated SED models with DFD
conv as DFD-CRNN. Both FDY conv and DFD conv in SED
models use K = 4 as found optimal in [6]. RNN block is com-
posed of two bidirectional gated recurrent unit (GRU) layers.
Then one fully connected (FC) layer is applied to obtain strong
prediction while additional attention module is applied to obtain
weak prediction [2].

We apply multiple data augmentation methods during train-
ing to maximize the effect by mean teacher method [5, 7, 19]
as follows: frame shift [20], mixup [21], time masking [22]
and FilterAugment [7]. To exclude the effect of model-specific
post-processing, we applied median filter with 7 frames (corre-
sponding to 450ms) for all classes. We then calibrated median
filtering on the best DFD-CRNN model. Note that SED model
with FDY conv results different from the previous work as we
adjusted seed, temperature and median filter.

3.2. Evaluation Metrics
We use polyphonic sound detection score (PSDS) to evaluate
SED performance [11]. PSDS decides correctness of predic-
tions by considering the portion of intersection between the
model prediction and the ground truth. In addition, it ap-
plies area under curve (AUC) - receiver operating characteristic
(ROC) curves with multiple threshold points, minimizing the
need of threshold optimization. While collar-based F1 score
has been widely used, it decides if a prediction is correct based
on the absolute time difference of onset and offset between the
model prediction and ground truth [4]. This does not consider
the length of sound events which might be too short or too
long compared to the time difference criterion for the collar-
based F1 score. In addition, F1 score requires tedious threshold
optimization for better performance. Thus we use two types
of PSDS used to rank detection and classification of acoustic
scenes and events (DCASE) challenge 2021 & 2022 task4 [2],
where PSDS1 favors SED models with accurate time localiza-
tion and PSDS2 favors SED models with accurate classification
with less cross triggers. The performance comparison is based
on PSDS1 + PSDS2 as DCASE challenges, and the PSDS re-
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Table 1: Performance comparison between SED models using frequency dynamic convolution with various dilation sizes on four and
five basis kernels on DESED real validation dataset. di,t and di,f implies dilation size of ith basis kernel in time and frequency
dimensions respectively.

models d1,t d1,f d2,t d2,f d3,t d3,f d4,t d4,f d5,t d5,f params (M) PSDS1↑ PSDS2↑

FDY-CRNN (baseline) 1 1 1 1 1 1 1 1 - - 11.061 0.441 0.668

DFD-CRNN, freq dilated 1 1 1 1 1 1 1 2 - - 11.061 0.444 0.676
DFD-CRNN, time dilated 1 1 1 1 1 1 2 1 - - 11.061 0.442 0.664
DFD-CRNN, both dilated 1 1 1 1 1 2 2 1 - - 11.061 0.442 0.659

DFD-CRNN, freq dilated 1 1 1 1 1 1 1 1 1 2 12.628 0.445 0.671
DFD-CRNN, time dilated 1 1 1 1 1 1 1 1 2 1 12.628 0.442 0.664

Table 2: Performance comparison between SED models with
larger kernels and dilated kernels along frequency dimension.

models params (M) PSDS1↑ PSDS2↑

CRNN 4.428 0.410 0.634

+ kernel size = 3,5 5.472 0.423 0.645
+ kernel size = 3,7 6.517 0.418 0.649

+ dilation size = 1,2 4.428 0.412 0.643
+ dilation size = 1,3 4.428 0.404 0.620

sults listed in Table 1, 3 and 4 are the best score among 24 SED
models from 12 separate training runs, including student mod-
els and teacher models by mean teacher method [19].

3.3. Adapting Class-wise Median Filter
Since we perform experiments shown in Table 1 and 3 with
fixed median filter of length 7, we adapt class-wise median
filter on the best DFD-CRNN for further improvement. We
evaluate class-wise performance on the best DFD-CRNN us-
ing intersection-based F1 score with varying median filter sizes
[23]. While we used collar-based F1 score for adapting class-
wise median filter in previous work [6], we used intersection-
based F1 score in this work to make evaluation less dependent
to onset and offset time differences. In addition, PSDS is based
on intersection as well [11]. Then, we choose median filter size
for each class that yields best intersection-based F1 scores for
24 SED models obtained by 12 separate training runs.

4. Results and Discussion
4.1. Preliminary experiments on receptive field sizes
To study the effect of receptive field size of convolution mod-
ules, we performed preliminary experiments on a CRNN model
with conventional 2D convolution modules with larger kernel
sizes and dilation sizes in frequency dimension. The results
are shown in Table 2, where larger kernels along frequency di-
mension improved the performance with larger receptive field.
Dilated kernels with size 2 improved the performance while di-
lated kernel with size 3 rather worsened the performance. While
larger kernels improved the performance, it involves huge in-
crease in the model size. On the other hand, dilating kernels
only marginally improved the performance while it does not in-
volve more parameters. By applying DFD conv with varying
dilation sizes on different basis kernels, we expect frequency-
adaptive kernels which are weighted sum of basis kernels with
different dilation sizes would have combination of the advan-
tages of two different approaches; while the model size do
not increase due to application of dilation, resultant frequency-
adaptive kernels’ receptive field will be as large as 3 by 5 or 3
by 7 kernels due to summation of basis kernels with different
dilation sizes.

4.2. Experiments on Dilation Dimensions
We then experimented on the effect of dilation on frequency and
time dimensions by comparing PSDS of DFD-CRNNs of which
one basis kernel is dilated with size two along time or frequency
dimension. Note that dilation size of one implies no dilation. In
addition, we experimented DFD-CRNN with dilation on both
time and frequency dimensions by applying one time-dilated
basis kernel and one frequency-dilated basis kernel with dila-
tion size two. The results are shown in Table 1, showing that
while applying frequency-dilated basis kernel improves PSDS
by 1%, time-dilated and both-dilated basis kernels adversely af-
fects the performance. Coherent to the previous presumption
and the conclusion of section 4.1, dilation turns out to be only
advantageous when applied on frequency dimension.

We further experimented with DFD-CRNN with five ba-
sis kernels to test if it is more beneficial to dilate new basis
kernel rather than to dilate existing one. The results are illus-
trated in Table 1 and those imply consistent results with the pre-
vious experiments; while adding frequency-dilated basis ker-
nel improves performance, adding time-dilated basis kernel do
not make significant difference. But the performance gain of
adding dilated basis kernel over dilating existing basis kernel is
not significant while it introduces additional parameters due to
the added basis kernel. Therefore, we concluded that dilation
improves SED performance when applied on frequency dimen-
sion rather than on time dimension, and it is more efficient to
dilate existing basis kernel.

4.3. Experiments on Varying Dilation Sizes
Experiments on DFD-CRNN with various dilation sizes on fre-
quency dimension are listed on Table 3. Parameter counts are
omitted as all models in the Table 3 share the same parameter
counts. We first experimented on one, two, three and four basis
kernels with dilation size of two in order to test the effect by
multiple dilated basis kernels. The results shows that two basis
kernels with dilation size of two on frequency dimension results
the best. Applying dilation to all basis kernels decrease the per-
formance, proving that applying varying dilation sizes to basis
kernels improves SED performance by diversifying frequency-
adaptive kernels. We tested on one or two basis kernels with
dilation size of three and four. Results on Table 3 show that
when applied to one or two basis kernels, dilation size of three
is as good as dilation size of two but dilation size of four shows
limited performance gain due to too sparse kernel.

Furthermore, we experimented applying varied dilation
sizes on different basis kernels as shown in lower part of Table
3. The best results is shown by one basis kernel with no dila-
tion, one basis kernel with dilation size of two, and two basis
kernels with dilation size of three, outperforming the baseline
FDY-CRNN by 2.43% in terms of PSDS. Although we expected
that four basis kernel with all different dilation sizes from one
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Table 3: Performance comparison between SED models using frequency dynamic convolution with various dilation sizes on DESED
real validation dataset. di,t and di,f implies dilation size of ith basis kernel in time and frequency dimensions respectively.

models d1,t d1,f d2,t d2,f d3,t d3,f d4,t d4,f PSDS1↑ PSDS2↑

FDY-CRNN (baseline) 1 1 1 1 1 1 1 1 0.441 0.668

DFD-CRNN, dilation size = 2 1 1 1 1 1 1 1 2 0.444 0.676
1 1 1 1 1 2 1 2 0.447 0.675
1 1 1 2 1 2 1 2 0.442 0.666
1 2 1 2 1 2 1 2 0.438 0.665

DFD-CRNN, dilation size = 3 1 1 1 1 1 1 1 3 0.444 0.673
1 1 1 1 1 3 1 3 0.447 0.673

DFD-CRNN, dilation size = 4 1 1 1 1 1 1 1 4 0.443 0.672
1 1 1 1 1 4 1 4 0.441 0.674

DFD-CRNN, varied dilation sizes 1 1 1 1 1 2 1 3 0.442 0.674
1 1 1 2 1 2 1 3 0.448 0.672

DFD-CRNN (best) 1 1 1 2 1 3 1 3 0.448 0.688
1 2 1 2 1 3 1 3 0.447 0.674
1 1 1 2 1 3 1 4 0.441 0.672

Table 4: Performance comparison between SED models with
adapting class-wise median filters.

models PSDS1↑ PSDS2↑

FDY-CRNN (baseline) 0.441 0.668
FDY-CRNN + cw-mf [6] 0.452 0.670

DFD-CRNN (best) 0.448 0.688
DFD-CRNN (best) + cw-mf 0.455 0.702

to four would produce more diverse frequency-adaptive kernel,
it turned out to be not as effective. This result agrees with the
experiment of DFD-CRNN with dilation size of four which has
shown insignificant improvement.

4.4. Attention Weight Variance Comparison
To further analyze the effect of diversifying basis kernels with
dilation, we compared variance of attention weight vectors in
2nd - 6th dynamic convolution layers of FDY-CRNN and DFD-
CRNN with dilation size of 1, 2, 3 and 3 over frequency di-
mension as illustrated in Fig. 2. To obtain the variance,
foreground train soundbank of DESED were inputted to FDY-
CRNN and DFD-CRNN, then distance variance of obtained at-
tention weight vectors w ∈ RK , which is composed of atten-
tion weights from the attention module in Fig. 1 along single
frequency bin, were calculated on each frequency bin of each
convolution layer using following equation:

varlf =
1

N

N∑
i=1

∥∥∥∥∥ 1

N

N∑
j=1

wjlf −wilf

∥∥∥∥∥
2

2

(2)

where l is convolution layer index, f is frequency index and
N is total number of data in foreground train soundbank. Ex-
cept few exceptions on 3rd and 4th convolution layers, DFD-
CRNN consistently shows smaller variance than FDY-CRNN
does. Since DFD-CRNN outperforms FDY-CRNN, we can in-
fer that basis kernels of DFD conv effectively perform diverse
roles thus less variance in attention weights was sufficient for
frequency-adaptive kernel of DFD conv to perform SED with
better quality. Thus we conclude that basis kernels in DFD conv
are effectively diversified thus DFD conv performs SED more
effectively with less change in attention weights.

4.5. Class-wise Median Filter
Adapting class-wise median filter to best DFD-CRNN model
resulted in model outperforming previous work [6] by 3.12%

Figure 2: Plots comparing variance of attention weights on 2nd
- 6th convolution layers in FDY-CRNN and DFD-CRNN.

as shown in Table 4. While class-wise median filter adaptation
improves PSDS1 better with collar-based F1 score as in FDY-
CRNN [6], it improves PSDS2 better with intersection-based
F1 score. It is because collar-based F1 score focuses more on
time-localization of onset and offset when evaluating SED.

5. Conclusion

We proposed dilated frequency dynamic convolution (DFD
conv) to expand and diversify FDY conv for SED. Experimen-
tal results revealed that dilation is more effective in frequency
dimension than in time dimension on CRNN structure. In addi-
tion, varying dilation sizes for different basis kernels further im-
proved performance. Analysis on attention weight vector vari-
ance has shown that DFD conv uses more diverse convolution
kernels than FDY conv does. Best DFD-CRNN outperforms the
baseline FDY-CRNN by 3.12% with adapted class-wise median
filter in terms of PSDS.
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