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Abstract—Continual learning for multimodal audio-visual sys-
tems on embedded devices faces dual challenges: catastrophic
forgetting and privacy constraints prohibiting raw data stor-
age. We present AV-DreamNet, the first noise-based pseudo-
rehearsal method for audio-visual continual learning. By generat-
ing pseudo-samples from noise rather than storing real data, our
approach enables privacy-preserving learning without auxiliary
generative models or large buffers. On CL-VGGSound, AV-
DreamNet achieves 47.1% (datafree version) and 58.1% (small
buffers) accuracy versus 26.3% for state-of-the-art buffer-based
methods. Considering embedded deployment, working in latent
space enables offloading frozen encoders to dedicated inference
accelerators and avoids heavy decoder architectures, while latent-
space buffers provide ~360x memory reduction compared to
raw data storage.

Index Terms—continual learning, pseudo-rehearsal, audio-
visual learning, catastrophic forgetting, embedded systems

I. INTRODUCTION

The human brain seamlessly integrates audio-visual infor-
mation across time, continually learning from new experi-
ences without forgetting previously acquired knowledge. This
capability contrasts sharply with current artificial neural net-
works, which suffer from catastrophic forgetting [1], [2]: when
learning new information, they dramatically lose performance
on previously learned tasks. As intelligent systems proliferate
in resource-constrained environments—smart homes, wearable
devices, autonomous robots—the ability to learn continually
from multimodal streams becomes increasingly critical, yet
challenging to implement on embedded hardware due to
learning computation overhead.

The problem is compounded by three interconnected chal-
lenges. First, neural networks exhibit catastrophic forgetting.
Second, computational limitations of edge devices preclude
the deployment of large pretrained models that have become
dominant in multimodal learning [3]. Third, privacy regu-
lations (GDPR, healthcare standards) and personal device
constraints prohibit storing raw user data for replay-based
continual learning methods [4].
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Among continual learning strategies, replay-based methods
have been widely explored but most rely on large buffers
containing real data leading to privacy leaks. Pseudo-rehearsal
[4] uniquely addresses privacy by generating synthetic samples
from noise, without storing real data or training auxiliary
generative models. However, it has only been applied to
unimodal visual tasks. Meanwhile, recent multimodal con-
tinual learning methods [3], [5], [6] show that audio-visual
information reduces forgetting, but all rely on buffer-based
replay, requiring raw sample storage from prior tasks.

The recent CGIL method [7] represents the first application
of generative replay to multimodal continual learning, using
VAE-based latent replay for vision-language tasks with CLIP.
While promising, CGIL’s reliance on large pretrained models
(approximately 150M parameters) and VAE training makes
it very heavy for embedded deployment. Moreover, VAE-
based generation can produce samples closely resembling real
training data, potentially compromising privacy guarantees.
Furthermore, no prior work has addressed audio-visual con-
tinual learning through pseudo-rehearsal, leaving a critical
gap for applications requiring privacy-preserving multimodal
learning on edge devices.

In this work, we introduce the first noise-based pseudo-
rehearsal method for audio-visual continual learning. By
adapting pseudo-rehearsal [4] to multimodal inputs, our
method preserves learned knowledge without storing raw
data or training separated generative models. Extending
our pseudo-rehearsal mechanisms with small buffers (buffer-
seeded replay approach, [8]), we show that minimal real sam-
ples as seeds enhance pseudo-sample quality. Our embedded-
friendly architecture uses frozen lightweight encoders, reduc-
ing continual training cost and memory footprint.

Experiments on CL-VGGSound [3] demonstrate that our
approach achieves competitive performance with buffer-based
methods while requiring significantly less memory and com-
putational resources. We provide comprehensive comparisons
with recent audio-visual continual learning baselines [3], es-
tablishing the viability of pseudo-rehearsal generative replay
for practical privacy-preserving multimodal continual learning
on embedded systems.



II. RELATED WORK
A. Continual Learning and Catastrophic Forgetting

Catastrophic forgetting [1] remains a fundamental challenge
in neural networks, where learning new tasks causes dramatic
performance degradation on previously learned tasks. Three
main paradigms address this problem: regularization-based,
replay-based, and architecture-based approaches. Replay meth-
ods can be further subdivided into buffer-based, generative,
and pseudo-rehearsal approaches.

Regularization-based methods constrain weight updates
to preserve previous knowledge, using Fisher information
(EWC [2]), online importance tracking (SI [9]), or knowledge
distillation (LwF [10]). While computationally efficient, these
methods typically exhibit limited performance on long task
sequences.

Architecture-based methods dynamically expand network
capacity for new tasks. DER [11] freezes previous represen-
tations and augments with new dimensions, while FOSTER
[12] uses feature boosting and compression. These methods
face scalability challenges or incur computational overhead
from distillation.

Replay-based methods reintroduce exemplars from previ-
ous tasks for rehearsal during new task learning. iCaRL [13]
combines exemplar storage with distillation, using herding
to select representative samples. Dark Experience Replay
(DER++) [14] stores both exemplars and their logits, achieving
strong performance across various continual learning scenar-
i0s. However, replay methods require memory proportional to
the number of tasks and raise privacy concerns when storing
sensitive data.

Generative replay addresses privacy and memory limita-
tions by synthesizing realistic samples instead of storing real
data. Deep Generative Replay [15] pioneered this approach
using GANS, training a generator alongside the task solver.
Brain-Inspired Replay [16] introduced five brain-inspired com-
ponents including context-modulated feedback and internal
replay, achieving substantial improvements over standard gen-
erative replay (17.3 percentage points on Split CIFAR-100).
Recent advances include diffusion-based generative replay
(DDGR) [17], which produces higher-quality samples than
GAN-based methods, and latent generative replay [18], which
generates in compressed latent spaces for resource efficiency.
However, these methods require training and maintaining
separate generative models, adding computational and memory
overhead.

Pseudo-rehearsal offers a lightweight alternative by captur-
ing the network’s transfer function without explicit generative
models. DreamNet [4], [19] employs noise-based pseudo-
rehearsal: by injecting random noise and capturing the net-
work’s input-output mappings, this approach can be viewed
as implicit self-distillation that preserves learned knowledge
without storing real data. A critical enhancement is the reinjec-
tion mechanism [20]: pseudo-samples are iteratively fed back
through the network’s auto-associative output, progressively
refining them toward stable attractors that better represent

the learned function. This iterative sampling significantly
improves pseudo-sample quality without requiring additional
generative models. Combined replay [8] further demonstrates
that minimal real samples (as few as 1-5 per class) used as
seeds can enhance pseudo-sample quality, outperforming pure
experience replay with buffers smaller than 100 samples per
class. However, all these methods have been applied exclu-
sively to unimodal visual tasks, leaving multimodal pseudo-
rehearsal unexplored for audio-visual domains.

B. Multimodal Continual Learning

Recent work has demonstrated that multimodal learn-
ing provides complementary information that can mitigate
catastrophic forgetting. SAMM (Semantic-Aware Multimodal
Method) [3] introduced the CL-VGGSound benchmark with
three continual learning scenarios: class-incremental (Seq-
VGGSound), domain-incremental (Dom-VGGSound), and
generalized class-incremental learning. Using FiLLM fusion and
semantic-aware feature alignment, SAMM demonstrated that
multimodal learning reduces error rates by 3-5x compared
to single modalities, achieving 34.51% accuracy on Seq-
VGGSound with 1000-sample buffers compared to 28.09%
for standard experience replay.

CIGN (Class-Incremental Grouping Network) [5] introduces
learnable audio-visual class tokens with audio-visual grouping
mechanisms. The method achieves continual learning through
class token distillation and continual grouping, demonstrating
state-of-the-art performance on VGGSound-Instruments and
VGGSound-100 benchmarks. However, CIGN requires mem-
ory buffers proportional to the number of classes and tasks.

ContAV-Sep [6] addresses continual audio-visual sound
separation, proposing Cross-modal Similarity Distillation Con-
straint (CrossSDC) to preserve cross-modal semantic similar-
ity across tasks. While demonstrating effective mitigation of
catastrophic forgetting in sound separation, the method relies
on distillation rather than generative mechanisms.

MMAL [21] proposes an exemplar-free approach using
analytic learning with Recursive Least Squares, achieving
76.71%, 78.98%, and 76.19% on AVE, Kinetics-Sounds,
and VGGSound-100 respectively. However, MMAL employs
fundamentally different optimization (closed-form solutions)
rather than generative replay.

IEMF [22] introduces inverse effectiveness principles from
neuroscience, demonstrating that weaker unimodal cues lead
to stronger fusion benefits. The method achieves up to 50%
computational cost reduction while improving performance
on audio-visual continual learning tasks. Despite its brain-
inspired motivation, IEMF uses buffer-based replay rather than
generative approaches.

CGIL [7] represents the most closely related work, being
the first to combine generative replay with multimodal (vision-
language) continual learning. CGIL uses VAEs to learn class-
conditioned distributions in CLIP’s visual embedding space,
generating synthetic features for prompt tuning. While achiev-
ing state-of-the-art performance on vision-language bench-
marks, CGIL differs fundamentally from our work: (1) it



targets vision-language rather than audio-visual domains, (2)
requires large pretrained models (CLIP with approximately
150M parameters), (3) uses VAE-based latent replay requiring
additional generative model training, and (4) is designed for
general continual learning rather than embedded deployment.
Our work addresses the distinct challenge of audio-visual
continual learning with lightweight, noise-based generation
suitable for resource-constrained devices.

C. Research Gap and Positioning

Our literature review reveals a confirmed gap: while gen-
erative replay has been successfully applied to unimodal
visual tasks (DreamNet, Brain-Inspired Replay) and recently
extended to vision-language with large models (CGIL), no
prior work combines pseudo-rehearsal with audio-visual con-
tinual learning for embedded systems. All existing audio-
visual continual learning methods (SAMM, CIGN, ContAV-
Sep, IEMF) rely on buffer-based replay or distillation, raising
privacy concerns when handling sensitive audio-visual data.

Our work addresses this gap by: (1) extending Dream-
Net’s noise-based pseudo-rehearsal to audio-visual inputs, (2)
demonstrating embedded-friendly multimodal continual learn-
ing with 7x fewer parameters than CLIP-based approaches,
and (3) providing the first comprehensive evaluation of gen-
erative replay for privacy-preserving audio-visual continual
learning on resource-constrained devices.

III. METHOD

We present AV-DreamNet for extending DreamNet [4]
pseudo-rehearsal to audio-visual continual learning, exploring
different fusion strategies. The core principle is generating
pseudo-samples from noise to rehearse previous knowledge
without storing or regenerate real data.

A. Problem Formulation

In continual audio-visual learning, we encounter a sequence
of tasks T = {74, Ts, ..., T} arriving sequentially. Each task
T} consists of audio-visual-label tuples (a, v, y) where a € R
represents raw audio waveforms (S samples), v € REXWx3
represents RGB video frames, and y € {1,...,C;} denotes
class labels. The goal is to learn a function fy : (4,V) — Y
that performs well on all tasks seen so far, without catastrophic
forgetting of previous tasks and without storing previous
task data. We evaluate performance using standard continual
learning metrics Average Accuracy AA = % Zf\; acey ;
where accy,; is accuracy on task ¢ after learning all IV tasks).

B. Multimodal Pseudo-Rehearsal Mechanism

As illustrated in Figure la, to generate pseudo-samples for
previous tasks, we maintain a frozen copy f;—; of the model
trained on the previous task. We sample noise vectors Xﬁlo)
and Xio) as initial features (see equation 1) for audio and
visual modalities respectively, then pass them through f; 1
to generate pseudo-labels and auto-associative reconstructions.
This frozen model captures the transfer function learned up to

task ¢ — 1, ensuring that pseudo-samples represent previously

acquired knowledge without interference from current task
learning. During training on task ¢, these synthetic audio-visual
pairs are mixed with real samples using a replay ratio r: for
each real sample, we generate r X K pseudo-samples, where
K is the number of reinjections.

A key mechanism for improving pseudo-sample quality is
iterative reinjection sampling [20]. Starting from noise, we
feed the input through the network and collect the auto-
associative outputs X, and X{,. These reconstructed features
are then reinjected as new inputs for subsequent iterations:

Xj4(k)) X(/(k) Y/(k) — f[.] (ng) X‘(/k))
with: XV, xF = x/tF=D x (k=1
(XY, X)) ~ N(0,0°T)
k=0,... K1

Through this iterative process, pseudo-samples progres-
sively converge toward stable attractor states that better cap-
ture the network’s learned transfer function. The number of
reinjection steps K controls the quality-computation trade-off:
more reinjections produce better pseudo-samples but increase
training time.

For each task ¢, the model is trained for N epochs on Dy -
Following DreamNet [4], we use Binary Cross-Entropy (BCE)
for both classification and auto-associative reconstruction,
which stabilizes reinjection-based pseudo-rehearsal:

(D

L = Lce(y,9) + AaLpce(Xa, X4) + v Lece(Xv, Xy)
2
where Lgce(y,y) 1is the classification loss, and
Lpce(Xa,X%), Lpee(Xv,X{) are auto-associative
reconstruction losses with modality-specific weights A4
and \y. The use of BCE, rather than mean squared error,
is crucial: BCE treats each feature dimension independently
with bounded gradients, providing stable training when
pseudo-samples are generated from noise, and preserves
the probabilistic interpretation needed for reinjection-based
refinement. The auto-associative losses encourage the
representation to maintain information about both modalities,

allowing for reinjections and preventing modality collapse.

C. Buffer-Seeded Replay Strategy

Following [8], [20], we implement buffer-seeded replay to
enhance pseudo-sample quality. We maintain a minimal buffer
of k samples per class as seeds. During training on task ¢, we
randomly select buffer exemplars (a;,v;) as seed:

Xgo) ~a; + N(0,5°1)
X~ v+ N(0,0%1)

This provides high-quality starting points for pseudo-sample
generation. While storing even minimal real samples relaxes
the strict privacy guarantees of pure pseudo-rehearsal, buffer-
seeded replay offers a favorable trade-off: with just a few
latent samples per class, we observe significant accuracy
improvements over pure pseudo-rehearsal while using much

3)
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(b) AV-DreamNet architecture for audio-visual
continual learning. Each modality has its own
auto-encoder pathway and fusion applied only for
classification Y.

Fig. 1: Pseudo-rehearsal learning mechanism and AV-DreamNet architecture for audio-visual continual learning.

less memory than standard experience replay thanks to latent-
space storage.

D. AV-DreamNet Architecture

We propose the AV-DreamNet architecture where each
modality maintains its own complete auto-encoder pathway.
Each auto-decoders are connected to unimodal representations
and fused representation are only used for classification. We
systematically compare three fusion strategies (concatenation,
average, FILM).

Figure 1b illustrates the AV-DreamNet architecture.

1) Fusion Strategies: The classification output Y is pro-
duced from a fused representation R4y that combines both
modalities. We investigate three fusion mechanisms:

o Concatenation: R,y = [X4; Xv/]
o Average: Ry = (X4 + Xv)
o FiLM [3]: Ray = v(Xv) © Xa + B(Xv)

2) Reconstruction from Unimodal Representations: In AV-
DreamNet, audio and visual inputs are processed through sep-
arate encoders to produce X 4 and Xy, then auto-associative
reconstruction occurs from the unimodal representations di-
rectly: X'y is decoded from X4 and X{, from Xy, inde-
pendently of fusion. Fusion is applied only to produce the
classification output Y. This design provides:

o Modality Independence: Each auto-encoder captures its
modality’s transfer function separately

« Privacy Advantage: Enables selective pseudo-rehearsal
(audio-only or visual-only)

« Robustness: Better handling of missing modalities during
inference

IV. EXPERIMENTS

We evaluate AV-DreamNet on the CL-VGGSound bench-
mark across three continual learning scenarios, comparing
against state-of-the-art buffer-based methods. Our experiments
investigate the impact of key hyperparameters including fusion
strategies, model depth, reinjection steps, replay ratio, and
buffer size.

A. Experimental Setup

1) Dataset and Benchmark: We evaluate on CL-
VGGSound [3], a standard benchmark for audio-visual
continual learning. The dataset contains 100 classes of
audio-visual events, split into sequential tasks for continual
learning evaluation. We follow the three scenarios defined by
[3]:

e Seq-VGGSound: Class-incremental learning with 10

tasks of 10 classes each

¢ Dom-VGGSound: Domain-incremental learning where

the 100 classes (10 Tasks of 10 classes) are grouped into 5
supercategories (“home”, “sport”, “music”, “people” and
“vehicles”) used as classification targets. We note that the
reported SAMM results may not follow supercategory-
level classification for this scenario, which could partly
explain the performance gap. This scenario evaluates
the model’s ability to leverage shared properties within
domains.

¢ GCIL-VGGSound: Generalized class-incremental learn-

ing with imbalanced task sizes, where each task con-
tains a variable number of classes following a long-
tail distribution. This challenging scenario better reflects
real-world deployment conditions by introducing new
examples from classes already present in early tasks.

2) Baselines: We compare against baselines from the
SAMM benchmark [3]:

o Joint: Upper bound trained on all tasks simultaneously

o Finetuning: Lower bound with sequential training with-

out any forgetting mitigation

« ER: Experience Replay storing raw audio-visual samples

in a memory buffer, replayed during training on new tasks

e SAMM: Semantic-Aware Multimodal Method combin-

ing FiLM-based audio-visual fusion with semantic-aware

feature alignment to preserve cross-modal relationships
We report results for buffer sizes of 0, 5, and 20 samples
per class to evaluate the accuracy-memory trade-off. For our
architecture, we additionally report Joint (upper bound) and
Finetuning (lower bound) computed on our architecture.

3) Feature extraction: We use pretrained ImageNet
ResNet18 for visual features (11.2M parameters) and CNN10



TABLE I: Results on Seq-VGGSound (Class-Incremental Learning). A = Audio, V = Visual, AV = Audio-Visual accuracy.

Method Buffer = 0 Buffer = 5 Buffer = 20
A v AV A \% AV A \% AV
SAMM [3]
JOINT 53.47 34.52 58.21 - - - - - -
Finetuning 7.60 6.37 8.24 - - - - - -
ER - - - 13.92 9.07 21.44 23.41 14.19 34.02
SAMM - - - 23.61 8.90 26.34 32.20 11.60 37.76
AV-DreamNet (Ours)
JOINT 60.35+0.54  49.984+0.30  69.69+0.31 - - - - - -
Finetuning | 13.46+0.45 8.85+0.13 14.414+0.43 - - - - - -
Unimodal 44.7440.57  32.33£0.61 - 48.75+0.55 44.16+0.54 - 47.00£0.73  41.8940.46 -
Concat - - 47.09+0.55 - - 57.5440.70 - - 56.081+0.46
Avg - - 43.9943.59 - - 58.08+-0.68 - - 55.7940.73
FiLM - - 38.26+1.40 - - 52.0610.98 - - 49.09+£1.10

TABLE II: Results on Dom-VGGSound (Domain-Incremental Learning). A = Audio, V = Visual, AV = Audio-Visual accuracy.

Method Buffer = 0 Buffer = 5 Buffer = 20
A A% AV A \% AV A \% AV
SAMM [3]
JOINT 57.48 42.87 61.66 - - - - - -
Finetuning 26.89 24.80 27.38 - - - - - -
ER - - - 31.31 27.36 31.85 38.23 29.28 39.30
SAMM - - - 36.27 24.98 35.74 42.53 28.12 43.72
AV-DreamNet (Ours)
JOINT 88.294+0.33  80.76£0.49  92.14+0.69 - - - - - -
Finetuning | 83.56+0.22  77.04£0.25 87.8240.36 - - - - - -
Unimodal 86.39+0.22  79.2640.19 - 85.61+0.34  77.5440.18 - 85.864+0.33  78.1240.62 -
Concat - - 90.84+0.13 - - 90.49+0.44 - - 91.114+0.32
Avg - - 91.1010.20 - - 90.571+0.43 - - 91.0440.31
FiLM - - 90.4140.47 - - 90.2440.51 - - 90.5140.37

TABLE III: Results on GCIL-VGGSound (Generalized Class-Incremental Learning). A = Audio, V = Visual, AV = Audio-
Visual accuracy.

Method Buffer = 0 Buffer = 5 Buffer = 20
A \% AV A \'% AV A \'% AV
SAMM [3]
JOINT 44.02 26.23 49.32 - - - - — —
Finetuning 20.34 11.47 24.73 - - - - - -
ER - - - 24.57 13.80 29.76 31.30 17.25 37.77
SAMM - - - 27.41 11.90 34.34 31.96 14.35 42.08
AV-DreamNet (Ours)
JOINT 58.764+0.41 47.86+0.46 67.50+0.45 - - - - - -
Finetuning | 15.6340.65 7.3040.27 16.3940.52 - - - - - -
Unimodal 42.05+0.75 25.81£3.20 - 45.524+0.55  40.06+0.51 - 42.60+0.81  37.49+0.58 -
Concat - - 43.511+4.58 - - 56.46+1.11 - - 54.6240.61
Avg - - 43.38+1.32 - - 54.3840.75 - - 51.8040.39
FiLM - - 37.23+1.14 - - 52.2440.69 - - 48.23+1.25

from PANNs for audio features (6.3M parameters including
spectrograms extraction). Both encoders are frozen during
learning, reducing trainable parameters to the MLP heads
only (11M parameters for XS configuration). Total model size
is approximately 29M parameters, a 5x parameter reduction

compared to CLIP (150M parameters, vision-only).

4) Training and hyperparameter optimization: The learn-
able components consist of modality-specific encoder-decoder
MLPs with average fusion for classification. We train using
Adam optimizer for 3 epochs per task with batch size 64. For
each experimental configuration including baselines, we per-
form hyperparameter optimization using the Tree-structured
Parzen Estimator (TPE) algorithm [23] over 100 trials, op-
timizing the final accuracy score and systematically tuning
learning rate, replay ratio r (limited to 6), and number of

reinjections K (limited to 6). All final hyperparameter set are
trained then evaluated on the test set over 10 runs with different
random seeds, and we report mean =+ standard deviation.

B. Main Results

1) Analysis: Tables I-III present results across the three
scenarios. Our AV-DreamNet achieves substantially higher
joint upper bounds than SAMM (69.7% vs 58.2% on Seq-
VGGSound), indicating stronger multimodal representations
from our frozen encoder setup.

On Seq-VGGSound (Table 1), AV-DreamNet with buffer=5
achieves 58.1% accuracy, outperforming SAMM (26.3%) and
ER (21.4%) by large margins. Even without any buffer (pure
pseudo-rehearsal), our method reaches 47.1%, demonstrating
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Fig. 2: Accuracy matrices (top) and mean accuracy curves (bottom) across CL-VGGSound scenarios (buffer=5, average
fusion). In matrices, entry (¢,j) shows accuracy on task j after training on task ¢; below-diagonal entries reveal forgetting.
Dom-VGGSound exhibits strong forward transfer due to shared supercategory structure. Curves show AV-DreamNet nearly
compensates catastrophic forgetting, maintaining accuracy close to the Joint upper bound.

effective knowledge preservation through noise-based replay
alone.

Dom-VGGSound (Table IT) shows the strongest results, with
AV-DreamNet achieving over 90% accuracy across all buffer
sizes. This suggests that domain-incremental learning benefits
particularly from pseudo-rehearsal, as the shared supercate-
gory structure provides stable attractors for reinjection-based
refinement.

On the challenging GCIL scenario (Table III), our method
achieves 56.5% with buffer=5 compared to SAMM’s 34.3%,
maintaining competitive performance despite imbalanced task
sizes. The accuracy matrices in Figure 2 reveal that AV-
DreamNet maintains consistent per-task performance across
the learning sequence, with limited forgetting of earlier tasks.
The mean accuracy curves show that our method maintains a
stable trajectory between the Joint upper bound and Finetuning
lower bound throughout the task sequence.

C. Ablation Studies

1) Impact of Fusion Strategies: We compare three fusion
mechanisms: concatenation, average, and FiLM. As shown in
Tables I-III, concatenation and average fusion consistently
outperform FiLM across all scenarios. On Seq-VGGSound
with buffer=5, average fusion achieves 58.1% while FiLM
reaches only 52.1%. This contrasts with SAMM’s findings
where FiLM excelled, suggesting that pseudo-rehearsal bene-
fits from simpler fusion mechanisms that preserve modality-

specific information for auto-associative reconstruction. The
learnable parameters in FILM may introduce instability when
trained on noise-based pseudo-samples.

2) Impact of model depth: We evaluate four encoder-
decoder architectures of increasing complexity:

e XS: 1x1024 encoders, 11,644,516 parameters and
11,661,712 FLOPs

e S: 1x1024 encoders + 512 classifier head, 12,118,116
parameters and 12,134,800 FLOPs

e M: 2x1024 encoders + 1x1024 decoders, 15,842,916
parameters and 15,856,016 FLOPs

e L: 2x1024 encoders + 1x1024 decoders + 512 classifier
head, 16,316,516 parameters and 16,329,104 FLOPs

Figure 3 shows that shallower architectures (XS, S) con-
sistently outperform deeper ones across all scenarios. This
suggests that deeper networks have reduced capacity to re-
produce the transfer function from noisy examples during
pseudo-rehearsal. The XS configuration achieves the best
trade-off, supporting our design choice of lightweight MLPs
for embedded deployment.

3) Impact of Reinjection Steps and Replay Ratio: Figure 4
shows the interaction between reinjection steps K and replay
ratio » on Seq-VGGSound. Both parameters independently
improve accuracy: increasing K refines pseudo-samples to-
ward stable attractors, while higher r provides more diverse
replay examples. The total number of pseudo-samples per real
example is 7 X K, ranging from 1 (at » = 1, K = 1) to 256 (at
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Fig. 3: Impact of model depth on accuracy. Shallow networks
(XS) consistently outperform deeper configurations, suggest-
ing deeper networks struggle to reproduce the transfer function
from noisy pseudo-samples.
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Fig. 4: Impact of reinjection steps and replay ratio on
Seq-VGGSound accuracy. Both parameters improve pseudo-
sample quality, with accuracy ranging from 42.2% (1 reinjec-
tion, ratio 1) to 58.5% (4 reinjections, ratio 16). Higher values
yield better performance.

r = 16, K = 16). Accuracy improves from 42.2% to 58.5%
across this range, with diminishing returns at higher values.
For practical deployment, K = 4 and r = 4 provide a good
trade-off, achieving 56.2% accuracy with 16 pseudo-samples
per real example.

4) Impact of Buffer size: Figure 5 reveals a key finding:
accuracy improves sharply with minimal buffers (1-5 samples
per class) then plateaus, demonstrating that pseudo-rehearsal
substantially reduces buffer requirements. On Seq-VGGSound,
accuracy jumps from 47% (buffer=0) to 57% (buffer=5), but
only marginally improves to 58% at buffer=40. This confirms
the buffer-seeded replay hypothesis: a few real samples pro-
vide high-quality seeds for pseudo-generation, eliminating the
need for large replay buffers. For Dom-VGGSound, perfor-
mance is remarkably stable across buffer sizes, suggesting
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§ 60 4 —#— Sea-vGGsound
<
50
40 A
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Fig. 5: Impact of buffer size on accuracy across the three CL
scenarios. Accuracy improves with small buffers (1-5 samples
per class) then plateaus, demonstrating that pseudo-rehearsal
reduces the need for large replay buffers.

that domain-incremental scenarios benefit most from pseudo-
rehearsal’s ability to capture category-level structure.

V. DISCUSSION
A. Privacy-Preserving Multimodal Learning

Our noise-based pseudo-rehearsal enables continual learning
without storing sensitive audio-visual data, addressing GDPR
and uses-cases requiring privacy. Unlike buffer-based methods,
our approach generates synthetic representations that cannot be
inverted to recover original data. Even in buffer-seeded mode,
storing only a few latent samples per class when shuffling
modalities significantly reduces privacy exposure, making AV-
DreamNet suitable for privacy-critical uses-cases such as smart
home devices, healthcare monitoring, and personal assistants.

B. Embedded Deployment Considerations

Our architecture is designed for resource-constrained de-
ployment through several design choices. With approximately
29M total parameters, AV-DreamNet fits within the memory
constraints of edge devices. The frozen encoder strategy is
particularly advantageous for embedded systems: feature ex-
traction can be offloaded to dedicated inference accelerators
such as NeuroCorgi [24], which embeds fixed neural network
weights directly in silicon to achieve ultra-low power con-
sumption (36uJ/frame for ImageNet feature extraction). By
keeping encoders frozen, continual learning occurs only in the
lightweight MLP heads, enabling on-device adaptation without
retraining the computationally expensive feature extractors.

Unlike VAE-based approaches [7], our noise-based pseudo-
rehearsal requires no auxiliary generative model training. By
generating pseudo-examples directly in latent space behind
the frozen encoders, we avoid the need for heavy decoders
to reconstruct samples in the original input space, greatly
reducing the computational cost of example generation and
reinjections during embedded continual learning.

Storing the buffer behind the frozen encoders in latent space
drastically reduces th buffers memory footprint: ~600k values



per raw visual sample (4 x 224 x 224 x 3) reduced to 2048
encoded features, and ~320k values per raw audio sample
(10 x 32k) reduced to 512 encoded features, yielding a ~360x
overall reduction.

However, we store a frozen copy of the model head from
the previous task to generate pseudo-examples, which doubles
the model memory footprint during training. This remains
significantly lighter than maintaining separate encoder-decoder
generative architectures, but may require model compression
techniques for the most constrained devices.

C. Limitations

The method’s effectiveness relies on the frozen pretrained
encoders, which may limit generalization to audio-visual do-
mains significantly different from the pretraining data (Ima-
geNet, AudioSet). Our evaluation is limited to CL-VGGSound;
generalization to other audio-visual domains requires further
validation. The gap to joint training upper bounds indicates
room for improvement, and real-world embedded deployment
remains future work.

VI. CONCLUSION

We presented AV-DreamNet, the first noise-based pseudo-
rehearsal method for audio-visual continual learning. On CL-
VGGSound, our approach outperforms buffer-based meth-
ods (58.1% vs 26.3% for SAMM on Seq-VGGSound with
buffer=5) while enabling privacy-preserving learning with-
out storing raw data. With lightweight frozen encoders en-
abling hardware acceleration and significant memory reduction
through latent-space generation and buffers, AV-DreamNet
provides a practical solution for embedded deployment. Future
work includes extending to additional modalities, exploring
others fusion methodes and deployment on actual embedded
hardware.
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