Learning Continual Audio-Visual Sound Separation Models
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1. Introduction

Humans can effortlessly separate and identify individual
sound sources in daily experience. This skill plays a cru-
cial role in our ability to understand and interact with the
complex auditory environments that surround us. Inspired
by the multisensory perception of humans, audio-visual
sound separation aims to tackle this challenge by utiliz-
ing visual information to guide the separation of individual
sound sources in an audio mixture. Recent advances in deep
learning have led to significant progress in audio-visual
sound separation [2, 4, 11, 12, 14, 16]. However, a limi-
tation of recent studies in audio-visual domain is their focus
on scenarios where all sound source classes are presently
known, overlooking the potential inclusion of unknown
sound source classes during inference. This oversight leads
to the catastrophic forgetting problem [1, 7] How to ef-
fectively leverage visual guidance to continuously separate
sounds from new categories while preserving separation
ability for old sound categories remains an open question.
To bridge this gap, we propose a novel approach named
ContAV-Sep (Continual Audio-Visual Sound Separation)
by integrating audio-visual sound separation with contin-
ual learning principles. In our ContAV-Sep framework, we
introduce a novel Cross-modal Similarity Distillation Con-
straint (CrossSDC) to not only maintain the cross-modal
semantic similarity through incremental tasks but also pre-
serve previously learned knowledge of semantic similarity
in old models to counter catastrophic forgetting.

2. Method
2.1. Problem Formulation

Audio-Visual Sound Separation. Audio-visual sound
separation aims to separate distinctive sound signals ac-
cording to the given associated visual guidance. Follow-
ing previous works [2, 4, 12], we adopt the common “mix-
and-separation” training strategy to train the model. Given
two videos V'1(s1,v1) and V5(s2,v3), we can obtain the
input mixed sound signal .S by mixing two video sound
signals s; and s2, and then we can have the ratio masks
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mask' = s,/8 and mask® = s,/S The goal of the task
is to utilize the corresponding visual guidance vy and vs to
predict the ratio masks for reconstructing the two individual
audio signals. And then, the original sound signals s; and
s9 are used to calculate the loss function for optimizing the
model:

©" = argminE(v, v,)p [ﬁ(m&skl, mask")
© (1)

+£(m&sk2, mask?)|,

where D denotes the training set, and L is the loss function
between the prediction and ground-truth.

Continual Audio-Visual Sound Separation. Our pro-
posed continual audio-visual sound separation aims to train
amodel Fg continually on a sequence of 7" separation tasks
{T1,T3,...,Tr}. For the t-th task T; (incremental step t),
we have a training set D; = {V"(s,v), i}, where i
and n; denote the i-th video sample and the total number of
samples in D, respectively, and yi € C; is the correspond-
ing sound source class of video V*, where C, is the training
sound class label space of task 7;. For any two tasks 7;, and
T:, and their corresponding training sound class label space
Ci, and Cy,, we have C;, N C;, = (. For a task 7;, where
t > 1, holding a small size of memory/exemplar set M to
store some data from old tasks is permitted in our setting.
Therefore, with the memory/exemplar set, all available data
that can be used for training in task 7; (¢ > 1) can be de-
noted as D; = D; U M,. Finally, the training process of
Eq. 1 in our continual audio-visual sound separation setting
can be denoted as:

~ 1
©; = argminE(y, v,)~p; |L(mask ,mask")
Oy

+£(m&sk2, mask2)} ,
st mask = Fo,_,(S,v1), mask’ = Fo,_,(S,v2),
2

which means that, the new model ®; is obtained by updat-
ing the old model ®;_; which was trained on the previous
task, using current task’s available data D;.
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Figure 1. Overview of our proposed ContAV-Sep

2.2. Overview

An overview of our proposed ContAV-Sep is illustrated
in Fig. 1. The ContAV-Sep consists of a separation
base model, an output mask distillation module, and our
proposed Cross-modal Similarity Distillation Constraint
(CrossSDC). We use the state-of-the-art audio-visual sep-
arator: iQuery [2] as the base model of our approach, which
contains a video encoder to extract the global motion fea-
ture, an object detector and image encoder to obtain the ob-
ject feature, a U-Net [10] for mixture sound encoding and
separated sound decoding, and an audio-visual Transformer
to get the separated sound feature through multi-modal
cross-attention mechanism and class-aware audio queries.

2.3. Cross-modal Similarity Distillation Constraint

According to [8, 9], cross-modal semantic correlation in
audio-visual modeling tends to diminish during subsequent
incremental phases, which leads to catastrophic forgetting
in our continual audio-visual sound separation task. We
propose a novel Cross-modal Similarity Distillation Con-
straint (CrossSDC) that serves two crucial purposes (1)
maintaining cross-modal semantic similarity through incre-
mental tasks, and (2) preserve previous learned semantic
similarity knowledge from old tasks.

CrossSDC incorporates the cross-modal similarity
knowledge acquired from previous tasks into the contrastive
loss. This integration not only facilitates the learning of
cross-modal semantic similarities in new tasks but also en-
sures the preservation of previously acquired knowledge. In
the incremental step ¢ (¢ > 1), the instance-aware part of our
CrossSDC can be formulated as:

£inst. - _Evi ~D)

>, ﬂl[i:j} Zj 1[i = j]log

. d d
exp(sim(F7 " 192
. d vod
5, exp(im(F7T L F ) |

3)

where 1[¢ = j] is an indicator that equals 1 when ¢ = j,

denoting that video samples V* and V7 are the same video;
The sim function represents the cosine similarity function
with temperature scaling;

To preserve the semantic similarity within each class
across incremental tasks, we also incorporate a class-aware
component specifically designed for inter-class cross-modal
semantic similarity, which can be formulated as:

‘CClS‘ == _]E(V'L’yz)ND;
exp(sim(£77" £757%))
>, exp(sim(F7 07 £ 0%2)) |

“)

mzj L[y’ = y’]log

So, visual and audio features from two videos are encour-
aged to be close when they belong to the same class. The
overall formulation of our CrossSDC is as follows:

EC'r'ossSDC = Ainsﬁins + Acls[-:clsa (5)

where \;,,s and )\ are two scalars that balance the contri-
butions of the two loss terms.

2.4. Overall Loss Function

To effectively combine CrossSDC with the overall objec-
tive, we incorporate it alongside output distillation and the
main separation loss function.

In our approach, we distill knowledge for data from the
memory set and utilize the output of the old model as the
distillation target to preserve this knowledge.

A1 ~ 1
Laist. = Evi vy, |[Imask, —mask, ||
(6)

~ 2 N 2
+][mask; — mask, |||,

. 1 ~ 2
where mask,_, and mask,_; are predicted masks gen-
erated by the old model that is trained at incremental step
t — 1. For the loss function here, we follow [2, 15] and
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Figure 2. Left: A randomly selected sample with its frame and ground-truth spectrum. Right: Visualization of the separated sound by our

ContAV-Sep and baselines at each incremental step.

adopt the per-pixel L loss [15]. For the main separation
loss function, we also apply the per-pixel L loss:

-~ 1
Lnain = E(Vi,Vé)NMt |:||ma3kt - ma3k1||1 )

~ 2
+||mask; — mask?||,|,
Finally, our overall loss function is denoted as:

EC’ontAstep = £7nain + )\dist.ﬁdist. + £C’I"OSSSDC7 (8)
2.5. Management of Memory Set

Our proposed framework maintains a compact memory set
throughout incremental updates. We randomly select exem-
plars for each current class and combining these new exem-
plars with the existing memory set.

3. Experiments
3.1. Experimental Setup

Dataset. Follow common practice [2, 17], we conducted
experiments on MUSIC-21 [16], which contains solo videos
of 21 instruments categories.

Baselines. We compare our proposed approach with
vanilla Fine-tuning strategy, and continual learning meth-
ods EWC [5] and LwF [7]. We also select two state-of-the-
art continual semantic segmentation methods PLOP [3] and
EWEF [13] as our baselines.

Evaluation. We follow previous works [2, 12] in sound
separation, and evaluate the performance of all the methods
using: Signal to Distortion Ratio (SDR), Signal to Interfer-
ence Ratio (SIR), and Signal to Artifact Ratio (SAR). For
all these three metrics, higher values denote better results.

3.2. Experimental Comparison

The main experimental comparisons are shown in Tab. 1.
Our proposed method, ContAV-Sep, outperforms state-of-

Table 1. Main results of different methods on MUSIC-21 dataset

Method SDRt SIRT SARt
w/o memory

Fine-tuning 3.46 9.30 10.57
LwF [7] 3.45 8.78  10.66
EWC [6] 3.67 9.58 10.30
PLOP [3] 3.82  10.06 10.22
EWF [13] 3.98 9.68 11.52
w/ memory

LwF [7] 6.76  12.77 12.60
EWC [6] 6.65 13.01 11.73
PLOP [3] 7.03 1330 11.90
EWF [13] 535 1135 11.81

ContAV-Sep (Ours) 733 13,55 13.01
Upper Bound (Oracle) 10.36 16.64 14.68

the-art baselines by a substantial margin. Notably, ContAV-
Sep achieves a 0.3 improvement in SDR over the best com-
pared method. Additionally, our method surpasses the top
baseline by 0.25 in SIR and 0.41 in SAR.

Our observations further demonstrate that retaining a
small memory set significantly enhances the performance
of each baseline method. For instance, equipping LwF [7]
with a small memory set results in improvements of 3.31,
3.99, and 1.94 on SDR, SIR, and SAR, respectively. Our
method is consistently observed to outperform others in
terms of SDR at all incremental steps.

3.3. Ablation Study on CrossSDC

In this subsection, we conduct an ablation study to inves-
tigate the effectiveness of our proposed CrossSDC. By re-
moving single or multiple components of the CrossSDC,
we evaluate the impact of each on the final results. The re-
sults of the ablation study are presented in Tab. 2. From the



Table 2. Ablation study on our proposed ContAV-Sep. Our full
approach achieves best results compared to the variants.

Ldish ['inst. [:cls. SDRT SIRT SART

v X X 632 1299 1182
ContAV-Sep ¢/ v X 601 1192 1174
v X v 686 1312 1225
v v v 733 1355 13.01

Table 3. Results of ContAV-Sep with different memory size

# of sample per class SDRT SIRT SART

1 7.33  13.55 13.01
726 13.10 12.65
7.88 13.66 13.43
816 14.16 1321

ContAV-Sep

B W

table, we can see that our full model achieves the best per-
formance compared to the variants, which further demon-
strates the effectiveness of our proposed CrossSDC.

3.4. Effect on Memory Size

The default setting of the memory size is 1 sample per old
classes.We conduct experiments by increasing the memory
size from 1 sample per old classes to 4 samples per old
classes. The results are shown in Tab. 3.

3.5. Visualization of Separated Sounds

Figure 2 presents a visualization of the separated results
across successive incremental steps. We highlight the area
at the top right part of the spectrum.

4. Conclusion

In this paper, we explore training audio-visual sound sepa-
ration models under a more practical scenario of continual
learning, and propose the continual audio-visual sound sep-
aration task. To tackle our proposed new problem, we pro-
pose ContAV-Sep, which involves a Cross-modal Similarity
Distillation Constraint (CrossSDC) to maintain cross-modal
semantic similarity through incremental tasks, as well as
preserving previous learned semantic similarity knowledge
from old tasks. Experimental results on the MUSIC-21
dataset demonstrate the superiority of our method in our
proposed continual audio-visual sound separation task.
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