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Abstract
The concept of multi-headed self attention (MHSA) introduced
as a critical building block of a Transformer Encoder/Decoder
Module has made a significant impact in the areas of natural lan-
guage processing (NLP), automatic speech recognition (ASR)
and recently in the area of sound event detection (SED). The
current state-of-the-art approaches to SED employ a shared at-
tention mechanism achieved through a stack of MHSA blocks
to detect multiple sound events. Consequently, in a multi-label
SED task, a common attention mechanism would be respon-
sible for generating relevant feature representations for each
of the events to be detected. In this paper, we show through
empirical evaluation that having more MHSA blocks dedicated
specifically for individual events, rather than having a stack of
shared MHSA blocks, improves the overall detection perfor-
mance. Interestingly, this improvement in performance comes
about because the event-specific attention blocks help in resolv-
ing confusions in the case of co-occurring events. The proposed
“Event-specific Attention Network” (ESA-Net) can be trained
in an end-to-end manner. On the DCASE 2020 Task 4 data set,
we show that with ESA-Net, the best single model achieves an
event-based F1 score of 52.1 % on the public validation data set
improving over the existing state of the art result.
Index Terms: Multi-Head Self Attention, Transformer, Rela-
tive Positional Encoding, Sound Event Detection, DCASE

1. Introduction
The use of attention models has been ubiquitous in the areas
of natural language processing [1–5], automatic speech recog-
nition [6, 7], computer vision [8, 9], to name a few. The ma-
jor breakthrough brought about by attention models is in cap-
turing long term temporal dependencies in sequence transduc-
tion tasks [1–3]. For a nice review on attention models used in
NLP and CV tasks we refer the reader to [10, 11]. Attention
based models, specifically those based on Transformer Archi-
tecture [2], are currently the state-of-the-art approaches in most
of the above mentioned areas. In each of these areas attention
based models, which allow for parallelization during training
have successfully replaced the recurrent nets which were time
consuming to train and were limited in their ability to capture
long-term temporal dependencies.

Through the Detection and Classification of Acoustic
Scenes and Events (DCASE) workshops and challenges [12],
the area of sound events detection (SED) has attracted signif-
icant contributions from the research community over the last
5 years. The inception of DCASE challenges have stream-
lined the datasets used and metrics reported by researchers
thereby making it possible to compare across a wide range of
approaches on a common platform on real data collected in a
challenging environment. In this paper, we focus mainly on one
of the tasks in this challenge pertaining to sound event detec-
tion (Task 4 in 2020 edition) which involves classification and
detecting the onsets and offsets of multiple target events which
could possibly co-occur. Previously, convolutional-recurrent

neural networks (CRNNs) were shown to be the state-of-the-art
systems in this challenge [13,14]. More recently, attention mod-
els have replaced CRNNs as the new state-of-the-art [15, 16].
There are a number of studies in the NLP domain investigating
the pros and cons of using attention layer activations for inter-
preting and explaining model decisions [17–19]. However, sim-
ilar studies in SED domain are yet to be done. Consequently, it
is not entirely clear as to what information the attention models
are really capturing in the context of event detection.

In this paper, we first analyze a state-of-the-art SED tech-
nique - “ConformerSED” [16] to understand the information
captured in the attention layers. Our analysis shows that the
shared attention layers preceding the event classification layer
in ConformerSED effectively capture event change points cor-
responding to any of the target events being detected. While this
can be a useful feature in general, we show through concrete
examples that such a shared attention layer also creates confu-
sions in detecting overlapping events of different durations. To
alleviate this problem, we propose to use event specific atten-
tion layers and show that the proposed “Event-Specific Atten-
tion Network” or ESA-Net in short, can consistently outperform
networks with shared attention layers on DCASE 2020 Task 4
dataset. Task specific attention has been explored in the context
of image recognition [20] wherein a simple soft-attention mask
was used in each task branches for a multi-task classification.
To the best of our knowledge this has not been explored in the
context of SED. Crucially, the proposed approach applies not
just to multi-task settings but also to multi-label settings with
co-occurring events. In the proposed ESA-Net we explore sev-
eral variants of a more sophisticated multi-head self attention
(MHSA) module proposed in [2]. More specifically, we inves-
tigate the utility of sandwiching the MHSA block amidst two
feed forward blocks in a Macron-style (inspired by [16,21]) and
another improvement over MHSA based on using relative posi-
tional encoding (RPE) [3]. We show that the proposed ESA-Net
clearly outperforms the baseline approach in multi-label scenar-
ios with co-occurring sound events. Through visualizations, we
show that the event-specific attention layers yield a non-linear
decomposition of the shared attention activations wherein each
event specific attention activation is less affected by the pres-
ence of other events.

2. Insights into the Shared Attention Layers
of Conformer SED Architecture

Figure 1 shows the Conformer SED architecture proposed in
[16]. The figure has been recreated to contrast with the pro-
posed method (to be presented in Section 3). The “Conformer
Block” shown in Figure 1 is essentially the multi-headed self-
attention (MHSA) module with feed-forward and convolutional
layers (c.f. [16] for further details). The attention modules are
common across all events to be detected. Consequently, the
common attention modules would have to learn patterns rel-
evant to each of the events to be detected for the network to
perform well. Figure 3 shows the activations at the output of
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Figure 1: The Conformer SED Architecture used in [16]. The
figure has been recreated to contrast with the proposed ap-
proach. Tensor sizes at the output of each block is also shown.

the top two Conformer Blocks along with the final frame-wise
predictions (strong) of the model and the ground truth labels
for an example audio containing multiple simultaneously active
acoustic events. We make the following observations from the
figure:

• In segments where the Conformer block activations re-
main stationary (quasi) the strong predictions also re-
main stationary.

• When the activations of the Conformer blocks change,
the strong predictions also change denoting either an on-
set or an offset for one of the target events.

Since a common attention module serves as a feature extractor
for all the target events, it has to encode not just the features
relevant for multi-label classification but also the change points
denoting onset and offset for each target event. We hypothe-
size that because of this shared attention module, the activa-
tions from the conformer block changes even if one of the target
events has an onset or an offset. Therefore, it is possible that a
longer duration event could adversely affect the event bound-
aries of a shorter duration event or vice-versa depending on the
amount of training data available for each events and the struc-
ture of the event itself. As evidenced in Figure 3, we see that
the model does well in accurately detecting one of the events,
“Speech” in this case, while the strong predictions of the other
event (Frying) are smoothed out across time. In this case, al-
though the weak label prediction is accurate, the strong label
prediction is not.

3. Event Specific Attention Layers
In order to minimize the effect of co-occurring target events
on one another, we propose to have an event specific atten-
tion block for each of the target events as shown in Figure 2.
This architecture would promote learning event specific aspects
from the features generated by the shared Conformer Blocks.
The event specific activations thus generated can essentially be
considered as a non-linear decomposition of the shared acti-
vations from the Conformer Blocks. We refer to this network
as the “ESA-net”. In this paper, we explore four variants of
MHSA mechanism for the Event Specific Attention Block as
shown in Figure 4. The first variant is the traditional Trans-
former style MHSA block (Figure 4 a)), referred to as “T-
MHSA”. The second variant, referred to as “T-RMHSA”, is
similar to the original Transformer encoder module [2] with the
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Figure 2: The proposed Event-Specific Attention network (ESA-
net). Each event has a MHSA module to minimize the effect of
co-occurring events.

Figure 3: Activations of the top two Conformer blocks shown in
the first 2 rows for polyphonic audio with multiple simultane-
ously active sound events. The strong Prediction of the model
and the ground truth labels are shown in 3rd and 4th rows re-
spectively. The shared Conformer Block activations are sensi-
tive to onset and offset of each of the target events.

MHSA block replaced by MHSA with relative positional en-
coding (RPE) which has been shown to be effective in captur-
ing longer-term dependencies in fixed-context settings [3]. The
third variant is inspired by the Macron-net architecture [21] with
the standard MHSA block sandwiched between two position-
wise Feed-forward modules. We refer to this variant as “M-
MHSA”. The final variant is a combination of using MHSA
with RPE in Macron-style. We refer to this variant as “M-
RMHSA”. The different variants are explored with the goal
of understanding the importance of feed-forward layers in the
attention modules and to study their utility in capturing event
specific onset and offset information. The Position-wise Feed-
Forward Modules used in these variants of MHSA consists of
two feed-forward layers with the first layer transforming dmodel

dimensional vector to a dFF dimensional vector. The second
layer transforms the dFF dimensional vector back to dmodel vec-
tor.

4. Experimental Evaluation
4.1. Data Set and Training Details

We use the publicly available DCASE 2020 Task 4 Dataset [22]
for all the experiments reported in this paper. The data set de-
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Figure 4: Variants of MHSA explored for the “Event Specific At-
tention Block” shown in Figure 2 . a) Transformer-style MHSA.
b) Transformer-style MHSA with RPE. c) Macron style MHSA.
d) Macron style MHSA with RPE

Table 1: Table showing the data set stats used in training and
evaluation.

Partition Label Type Counts Comments
Strong Label 2,584 Synthetic

Training Weak Labels 1,432 Real
Unlabeled 12,807 Real

Validation Strong 1,027 Real
Public Strong 692 Real

tails used in our training and evaluation are shown in Table 1.
This data set has 10 annotated classes. The class wise counts
of annotated data available in different partitions are shown in
Table 2. We note that the number of audio clips we obtained for
our training and validation is less than those reported in [16] and
we believe this is because of data deletion. We resample all the
audio clips to 16kHz sampling frequency with 16 bits per sam-
ple. The pre-processing, feature extraction and post-processing
schemes used were identical to that reported in [16] resulting in
a feature matrix with 496 frames and 64 dimensional log-Mel
spectrogram computed over windows of 64 ms width and 20
ms shift using “librosa” Python package [23]. The mean and
variance normalized feature matrices are then used for training
and evaluation.

We compare the proposed ESA-net with the state-of-the-art
baseline approach - “Conformer SED” [16]. To ensure a fair
comparison with the baseline method we design our network to
have similar (and lesser) number of learnable parameters as the
baseline system and also employ the same training and post pro-
cessing procedure. A mean-teacher training procedure [14, 24]
is employed and the whole network shown in Figure 2 is trained
end-to-end with binary cross entropy loss for strong and weak
labels and a mean-squared-error (MSE) based consistency loss

Table 2: Table showing the number of annotated segments
available for each target event in different partitions.

Event Train Val. Public
Alarm bell ringing 772 361 196

Blender 488 89 84
Cat 891 321 240

Dishes 1291 540 488
Dog 1026 520 441

Electric shaver toothbrush 432 56 108
Frying 383 91 90

Running water 579 208 109
Speech 3255 1531 913

Vacuum cleaner 500 82 96

Table 3: Table summarizing the parameters governing the event
specific attention blocks of ESA-net along with the total train-
able parameters. The total no. of trainable parameters in the
baseline Conformer SED model is 2,069,834.

dmodel dFF No. Attn. Total Trainable
Heads Parameters

T-MHSA 144 144 4 2,068,372
T-RMHSA 144 64 4 2,041,652
M-MHSA 144 64 4 2,026,452

M-RMHSA 144 32 4 2,045,972

between student and the mean-teacher model outputs. While
the baseline system uses 3 Conformer blocks with a 144 dimen-
sional activation and 4 heads, we use a single conformer block
with the same number of dimensions and attention heads. We
further reduce the number of units in the feed-forward modules
from 576 used in the baseline system to 128, thus enabling more
parameters to be used for event specific attention blocks. The
details of parameters used in the event specific layers for differ-
ent variants of the ESA-net is specified in Table 3. The baseline
system was trained using publicly available code [25]. ESA-Net
is implemented in PyTorch [26] and trained on NVIDIA Tesla
V100 GPUs as part of AWS P3 EC2 instance [27].

4.2. Performance Evaluation

Event-based macro F1 score (EB-F1) [28] and polyphonic
sound event detection score (PSDS) [29] are computed using
the “sed eval” and the “PSDS” toolkits respectively. We report
performance on both “Validation” and “Public eval” (Public)
datasets of DCASE 2020 Task 4. For each of the metrics we
report the mean and standard deviation of the results obtained
across 20 random training iterations with the same set of hyper-
parameters. We also report the performance of the best model
we got out of the 20 random runs. For the “ConformerSED
(Best)” system, we use the results obtained by using the trained
weights shared by the authors [25]. To better understand the F1
scores, we also report the Precision and Recall separately for
each of the 10 target events later in this section.

Table 4 shows the EB-F1 and PSDS scores on Validation
and Public datasets for the ConformerSED and ESA-Net ap-
proach with different variants. ESA-net with T-RMHSA con-
sistently outperforms the baseline in terms of averaged perfor-
mance as well as the best model performance on “Validation”
and “Public” partitions of the data set for both EB-F1 and PSDS
metrics. The performance of ESA-net with MHSA without RPE
was found to be inferior with a high variance on both “Vali-
dation” and “Public” data sets. The MHSA with RPE indeed
seems to be more effective than using the traditional MHSA.

In plain sight, the improvement observed in the proposed
approach appears to be incremental. To better understand the
reason for improvements of the proposed approach over the
baseline system we analyze the class-wise precision and recall
metrics on the “Public” dataset for the best models shown in
Table 4. The precision and recall expressed as a % is tabu-
lated in Table 5. We observe from this table that for almost
all the events the ESA-net with T-RMHSA approach improves
over Conformer SED either on precision or on recall. For 5
of the 10 events shown in boldface blue font, ESA-Net with
T-RMHSA imporves on both Precision and Recall over Con-
formerSED. For the events “Alarm bell ringing” and “Elec-
tric shaver toothbrush”, the imporvement with ESA-net with
T-RMHSA is significant. We further note that both these are
longer duration events compared to some of the other events



Table 4: Table showing the Event Based Macro F1 Score (EB-F1) and Polyphonic Sound Detection Score (PSDS) macro F1-Score for
Validation and Public datasets of DCASE 2020 Task 4. Numbers reported for different techniques are averaged across 20 random runs.

Technique Event Validation Public
Branches EB-F1 PSDS EB-F1 PSDS

Conformer SED [16] Sigmoid 0.461 (0.012) 0.665 (0.016) 0.482 (0.012) 0.702 (0.013)
Conformer SED (Best) [16] Sigmoid 0.463 0.685 0.491 0.716

T-MHSA 0.438 (0.014) 0.651 (0.015) 0.453 (0.020) 0.687 (0.018)
ESA-Net T-RMHSA 0.469 (0.011) 0.676 (0.013) 0.491 (0.014) 0.706 (0.007)

M-MHSA 0.444 (0.015) 0.662 (0.017) 0.463 (0.015) 0.694 (0.013)
M-RMHSA 0.465 (0.011) 0.671 (0.012) 0.481 (0.015) 0.699 (0.012)

ESA-Net (Best) T-RMHSA 0.478 0.688 0.521 0.712

Table 5: Table showing the Class-wise Precision (Prec.) and
Recall (Rec.) as a %. Improvements in both Precision and Re-
call are highlighted in blue.

Events ConformerSED ESA-Net
T-RMHSA

Prec. Rec. Prec. Rec.
Alarm bell ringing 52.3 29.6 65.2 37.2

Blender 48.9 54.8 51.9 47.6
Cat 72.3 66.2 79.1 64.6

Dishes 43.5 24.2 46.3 27.0
Dog 52.3 35.8 53.9 37.6

Electric shaver 46.2 34.3 68.9 38.9
toothbrush

Frying 53.8 62.2 61.4 56.7
Running water 52.2 33.0 42.2 39.4

Speech 67.0 52.5 67.4 53.3
Vacuum cleaner 67.1 59.4 71.6 60.4

like cat and dog sounds. More specifically we observe that
when these events occur in isolation both ConformerSED and
the ESA-net with T-RMHSA approaches perform well. How-
ever, when these events co-occur with another event like speech,
although the ConformerSED gets the weak label correctly, the
event onset and offset times for detecting these longer duration
events are adversely affected as shown in an example in Figure
5. Further, we believe that since the event “Speech” has several
times more training data than “Alarm bell ringing” or “Elec-
tric shaver toothbrush”, as seen in Table. 2, “Speech” is more
often correctly detected while the same is not true for the other
two events. Interestingly, we see that the activations of the Con-
formerSED shown in the top 2 rows on Figure 5 a) change in the
temporal dimension along with onsets and offsets of any of the
target events while the event specific attention for the ESA-net
shown in Figure 5 b) for “Electric shaver toothbrush” remains
unaffected by onsets and offsets of “Speech”.

To further test our hypothesis that ESA-net performs better
than the ConformerSED model, we measure the performance
on a subset of the “Public” dataset which contains overlapping
events. Out of the 692 samples in this partition (Table 2) , we
found 259 instances where multiple events were overlapping
with one another. In Table 6, we show the mean and stan-
dard deviation of EB-F1 score from 20 random runs of Con-
formerSED and ESA-Net with T-RMHSA techniques (best per-
forming technique from Table 4) on the overlapping multi-label
sounds subset of the “Public” portion of the dataset. This table
clearly shows that performance of both techniques is inferior
in overlapping multi-label settings. However, the use of event
specific attention modules in the ESA-net with T-RMHSA ap-
proach allows it to consistently outperform the baseline Con-

(a) ConformerSED (b) T-RMHSA

Figure 5: Figure showing the activations (top 2 rows), predic-
tions(3rd row) and ground truth labels (4th row) for the baseline
and proposed approach when “Electric shaver toothbrush” co-
occurs with “Speech”. In a) the Conformer blocks activations
at the output of blocks 2 and 3 are shown. In b) the event
specific attention activation (output of the event specific MHSA
block in Figure 2) for “Electric shaver toothbrush” (1st row)
and “Speech” (2nd row) are shown.

formerSED technique in this challenging dataset.

Table 6: Table showing the EB-F1 score on the multi-label over-
lapping sounds subset of the “Public” partition of the dataset.

Technique EB-F1
ConformerSED [16] 0.366 (0.016)
ESA-Net T-RMHSA 0.381 (0.020)

5. Conclusions
In this paper, we have shown through empirical evaluation that
having event-specific or class-specific attention layers can sig-
nificantly improve event detection performance over shared at-
tention layers. Analyzing class specific performance, shows
that event specific attention layers can help in detecting event
onset and offset times more precisely especially in multi-label
settings wherein shorter duration events co-occur with longer
duration events. The downside of having more event specific
attention layers is the lack of generalizability for transfer learn-
ing tasks. An interesting trade-off between having more shared
attention layers and more event-specific layers could be to have
duration specific attention layers which would be better suited
in multi-label scenarios and can also be used for transfer learn-
ing tasks. The feasibility of such duration specific attention
models warrants further research.
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