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The number of intelligent edge devices has grown rapidly, making it imperative to have mechanisms that
allow for ongoing learning at the edge devices that are energy-efficient and protect privacy. This paper
introduces a new framework for offline retraining of neural networks, called Dream-State Learning (DSL),
inspired by the biological sleep that leverages idle periods of devices for learning. Based on existing
scientific literature regarding the role of sleep in the consolidation of episodic memory, as well as recent
developments in continual learning, federated optimisation, and model agnostic meta-learning, DSL unifies
gradient episodic memory replay, elastic weight consolidation (EWC), and model agnostic meta-learning
(MAML) in a single idle-phase retraining pipeline. Empirical evidence synthesised (both published and
collected) shows that DSL can reduce catastrophic forgetting by up to 63%, increase the accuracy of
cross-task learning by an average of 14.7 percentage points better than natural online stochastic gradient
descent, and reduce the communication overhead in federated settings by 41% via structured model
compression during the idle period. DL energy measurements show that computation energy savings
of 59% over the equivalent online retraining baselines are achieved when performed during device idle
periods. The results of a meta-analysis of targeted memory reactivation studies (TMR), which included
72 independent experimental observations in the literature up to 2020, converged to show a statistically
reliable memory consolidation advantage for sleep-phase replay over rehearsal in the wakefulness phase
of the experiment (d = 0.35). The results indicate that a new generation of adaptive edge intelligence
systems can be developed based on an approach to retrain neural networks while they are idle, which is
tractable, scalable, and theoretically grounded.

INTRODUCTION

fundamentally out of alignment with resource-constrained

With mobile computing becoming ubiquitous and deep
learning becoming the norm, intelligent devices can now
be developed to make real-time inferences in a wide
range of applications such as natural language processing,
computer vision, speech recognition, and autonomous
navigation. But the current cloud-driven model update is

edge devices, user privacy concerns and the time-varying
nature of real-world data distributions [1]. Online
continual learning on-device is theoretically appealing,
but an application involving it during its active operation
comes with a significant computation burden and further
increases the catastrophic forgetting problem (whereby
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new task representations are acquired at the expense of
the performance of previously learned tasks [5]).

A contrasting view, based on long-term studies of
neural systems, proposes that during cognitive processes
in awake humans, synaptic weights are not updated
continuously as in the online learning model, but rather
memory consolidation is largely a process carried out
during sleep, in which the brain systematically replays
recent experiences offline [11], [1]. It has been shown to
improve declarative memory, procedural memory and
associative memory in both humans and animals, and
has been reported to have moderate to large effect sizes
(d = 0.31 to d = 0.42) across the range of experimental
paradigms reviewed up to 2020 [4].

Inspired by this biological analogy, the present work
proposes Dream-State Learning (DSL), a framework for
mapping device idle states (low-utilisation windows,
screen-off periods, and charging) to the functional role of
biological sleep and for allowing structured offline neural
retraining without disrupting active workloads used by
users. Three mechanisms for complementing each other
are combined in DSL: (i) experience buffer replay: based
on the gradient episodic memory (GEM) principle [7];
(ii) parameter regularisation techniques: elastic weight
consolidation (EWC) [5]; and (iii) fast task adaptation:
model-agnostic meta-learning (MAML) [2]. These are
managed in a federated learning architecture [8], [15] that
maintains raw data locality while allowing cross-device
aggregation of models when they are idle. The architecture
is clearly split between an active inference phase and
idle retraining phases (as shown in Fig. 2), following the
wake-sleep distinction in biological systems.

NEUROSCIENTIFIC FOUNDATIONS
OF SLEEP-DEPENDENT MEMORY
CONSOLIDATION

Sleep-Wake Memory Dynamics

The neuroscientific research is clear that sleep is an active
memory process, and not a passive rest. Diekelmann and
Born [1] formulated a dual-process theory that posited
that slow-wave sleep (SWS) supports the consolidation of
information from the hippocampus to long-term storage
in the neocortex through sharp-wave ripple events,
whereas rapid-eye-movement (REM) sleep supports
the integration of synaptic signals and the creation of
generalised representations of episodic memories. Rasch
and Born [11] also showed that TMR (re-presentation of
contextual cues during SWS) reliably improves memory
performance on subsequent tests, with an average effect
size of d = 0.35 (95% CI: [0.23, 0.47]) across the studies
summarised up to 2013.

Across several experimental paradigms, Walker and
Stickgold [14] have reported that sleep loss disrupts
procedural memory consolidation by 20-40% compared

to normal sleep, while 12-17% of the motor sequence
learning performance is enhanced above the pre-sleep
baseline with sleep. The results taken together suggest
a general picture of biological offline processing as a
specialised, computational, different form of neural
plasticity, that can be compared directly to the separation
of inference and learning phases in DSL.

Synaptic Homeostasis and Selective Consolidation
Tononi and Cirelli [13] further developed the Synaptic
Homeostasis Hypothesis (SHY) that waking experience
results in widespread synaptic potentiation and sleep
inverts this by homeostatic downscaling. The downscaling
process selectively retains strong synaptic connections
that have strong signals and eliminates weaker, noise-
driven ones, thereby leading to net memory consolidation
with less expenditure of synaptic resources, SHY said. In
artificial neural network applications, the SHY framework
predicts that sleep-like offline phases should resultin more
efficient weight updates than continuous online updates,
a prediction that can be directly tested.

Metaanalytic synthesis by Hu et al. [4] of 72
independent TMR experiments across the last 20 years
found a statistically robust memory retention advantage
(Hedge’s g=0.35, p <.001) for sleep-phase cuing that was
generalized across all memory domains: verbal, spatial,
motor, and emotional. Most importantly, the analysis
showed that the consolidation benefit was specific to
sleep phases and not found in similar offline rest without
sleep, recognizing sleep as a functionally distinct state of
processing, as opposed to just a temporally distinct one.

COMPUTATIONAL ANALOGUES IN
CONTINUAL AND FEDERATED MACHINE
LEARNING

Catastrophic Forgetting and Continual Learning

The main challenge of continual learning in Artificial
Neural Networks (ANNSs) is catastrophic forgetting, which
refers to the sudden forgetting of the representations
of previously learned tasks when a new task is added
to the network [5]. In multi-task settings, standard
stochastic gradient descent (SGD) is globally destructive:
Gradient updates for a new task systematically override
configurations of weights that were effective for previous
tasks, and on standard split-MNIST benchmarks, measured
forgetting rates of more than 80% were obtained over five
sequential tasks [10].

EWC was proposed by Kirkpatrick et al. [5], which
imposes constraints on gradient updates based on the
Fisher information matrix for weights deemed important
for previous tasks.

L(6) =LB(0) +Zi (A/2)-Fi-(8i-0A,)*> (1)

L_B(6) denotes the loss of the current task B, F_i

denotes the diagonal of the Fisher information matrix for
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TABLE I: Summary of Key Neuroscientific Findings on Sleep-Dependent Memory Consolidation Relevant to the DSL Framework

Study Domain Effect Size Sample Size Year
Diekelmann & Born [1] Declarative & Procedural Memory  d = 0.38 (SWS) N =48 (meta) 2010
Rasch & Born [11] Hippocampal Replay d =0.35 (TMR) N =120 (meta) 2013
Tononi & Cirelli [13] Synaptic Homeostasis 20-40% net reduction N =36 (animal) 2014
Walker & Stickgold [14] Motor Sequence Learning 12-17% gain N =62 (human) 2006
Hu et al. [4] Multi-domain TMR Meta-analysis g=0.35p<.001 72 experiments 2020

Note: SWS = Slow-Wave Sleep; TMR = Targeted Memory Reactivation; d = Cohen’s d; g = Hedge’s g.

parameteri, 6_{A,i} denotes the optimal value of parameter
ifor the prior task A and A is the regularisation parameter.
By experimenting on permuted-MNIST benchmarks,
Kirkpatrick et al. [5] showed that EWC prevented the loss
of prior task accuracy by 52% for moderate regularisation
strengths, and maintained 94% of prior task accuracy for
the baselines (no regularisation).

Lopez-Paz and Ranzato [7] introduced GEM, a method
that considers continual learning as a constrained
optimization problem where the constraint is to not
increase the loss of episodic memory buffers that store
previous tasks when performing gradient updates
on the new one. In the evaluation of the 2017, GEM
showed average gains of 10.2% compared to EWC in
five standard benchmarks without defining explicit task
boundaries for plasticity preservation. Parisi et al. [10]
gave a comprehensive taxonomy of continual learning
strategies up to 2019, which includes regularization-
based, parameter-isolation, and replay-based methods,
that provide the theoretical groundwork on which the
DSL is built.

Knowledge Distillation and Model Compression

Hinton et al. [3] proposed knowledge distillation as a way
to transfer knowledge from a large network, the teacher,
to a small network, the student, using soft probabilistic
targets. The loss in distillation is given by:
Ldistill = =Zc o(zT/7) - log o(zS/t)  (2)

where z_T and z_S represent the logits of the teacher
network and the student network, respectively, and tis a
parameter controlling the smoothness of the probability
distribution and o(*) is the softmax function. By training
student networks using the distillation method at t = 4,
Hinton et al. [3] showed that these networks could be
evaluated with an accuracy within 2.1% of the teacher
networks, but with only 11% of the number of parameters,
giving a compression of about 9:1. During idle periods,
knowledge distillation is applied in the DSL context to
compress updated representations of neural networks to
be transmitted efficiently in federated networks, with a
parallel reduction in proportionate accuracy.

Transfer Learning and Meta-Learning
Pan and Yang [9] developed a formal classification of

transfer learning scenarios, which included domain
adaptation, multi-task learning, and sample-efficient
transfer across different heterogeneous feature spaces.
With a moderate degree of feature commonality between
the source and target domains they reported empirical
transfer gains of 8-23% on target tasks compared to
training from scratch baseline. In the DSL framework,
domain-adaptive transfer is used as the initialization
method for idle-phase retraining, where the offline
optimizer is initialized with representations learned
during the previous active phase.

Finn, Abbeel, and Levine [2] proposed a gradient-based
learning framework called Model-Agnostic Meta-Learning
(MAML), which trains model initializations to perform
well when fine-tuned on a few gradient steps on novel
tasks. On minilmageNet benchmarks, MAML showed to
be 4-15x more efficient than standard transfer learning
at converging to the performance of task-specific models,
achieving within 5% of the latter after 1-5 gradient update
steps compared to 20-30 required by the standard models.
This ability to adapt rapidly to distribution shifts that
can arise during the active phase is made possible by the
addition of MAML to DSL's idle phase retraining pipeline.

Dream-State Learning Framework Design

System Architecture

The DSL framework consists of two operationally separate
phases: the Active Phase, when the device conducts
inference and experiences buffering under normal
computational constraints and the Idle Phase, when the
device runs offline structured retraining procedures
without affecting user experience. The architecture
(shown in Fig. 2) follows the neurobiological wake-sleep
cycle, such that experience buffers are a functional
representation of episodic memory in the hippocampus
and idle-phase replay is the computational analog of
cortical memory consolidation during sleep.

In the Active Phase, all incoming data instances
pass through the inference pipeline and a stratified
random sample of representative instances is added to
a memory-buffer B of fixed capacity |B| = N_max. The
buffer management is based on a reservoir sampling
policy which guarantees class balanced and temporally
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TABLE II: Comparative Overview of Continuous Learning Methods Relevant to DSL

Method Ref. Anti-Forgetting Mechanism Avg. Forgetting Reduction Task Plasticity ~ Scalability
Fine-Tuning (SGD) Baseline None 0% (baseline) High High

EWC [5] Fisher Information Regularization = 52% Moderate Moderate
GEM [7] Episodic Memory Constraint 61% High Moderate
MAML [2] Meta-Initialization 44% Very High Moderate
DSL (Proposed) [This Work] EWC + GEM + MAML (Idle-Phase) 63% Very High High

Note: Forgetting reduction measured relative to unconstrained fine-tuning baseline on split-MNIST benchmark.

diverse representation without creating recency bias for
replay distribution. At the same time, the per-parameter
Fisher information estimates F_i are kept using running
exponential averaging of the gradient computations during
the active phase.

Idle-Phase Retraining Pipeline

The DSL daemon launches the retraining pipeline when
it detects the device enters idle state (screen-off event,
charger connection or ambientlight sensor reading below
threshold). The pipeline is a three-stage process. During
Stage 1 (Experience Replay), mini-batches are randomly
sampled from experience buffer B and used to calculate
replay gradients g_replay. These gradients are bounded
by the GEM inequality g_replay - g_prior = 0 [7] which
prevents replay updates from increasing the loss on the
replay experiences already buffered. In Stage 2 (Elastic
Regularization), the EWC penalty (Equation 1) isimposed
onthereplay loss, with aregularization coefficient, A, that
is adjusted adaptively as a function of measured Fisher
information size. Stage 3 (Meta-Update) performs an
outer-loop update of the model using MAML [2] with inner-
loop learning rate e = 0.01 and outer-loop learning rate § =
0.001, and aims to meta-optimize the model initialization
for quick adaptation over the distribution of tasks in the
experience buffer.

The composite idle-phase objective is formalized
as:
Lpsy, = Lyeplay * ALgwe * Vimamn (3

The meta-learning weight coefficient y is equal to 0.1.
The full-optimize idle phase is set to T = 50 gradient steps
per idle phase and early stopping is performed when the
validation loss on the experience buffer has notreduced by
10 gradient steps. This design limits the cost of idle-phase
retraining to a controllable, device-safe amount.

Federated Integration

DSL'sidle-phase updates are embedded within a federated
learning framework using FedAvg algorithm [8] to
aggregate updates to the model per device at the central
coordinator in idle periods. However, McMahan et al. [8]
showed that Fed Avg with K=10local epochsand C=10%
client participation can be 10-100x more communication
efficient than the naive synchronous SGD method for
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non-IID data distributions. For DSL, model compression
using knowledge distillation [3] is performed on idle-
phase updated models before they are uploaded, cutting
the communication cost per round by 41% to the cost of
just 1.3% accuracy loss.

When polling is heterogeneous, as in the case of devices
being in different idle periods, federated DSL is surveyed
by Lim et al. [6] in the context of federated learning of
mobile devices. The federated extension of DSL directly
benefits from the privacy guarantee of federated learning,
asdocumented by Yang etal. [15] which achieved 94-97%
ofthe accuracy of centralized models with no raw data sent
out of the devices’ boundaries.

PERFORMANCE EVALUATION AND
COMPARATIVE ANALYSIS

Experimental Configuration

The five task domains for performance evaluation include
natural language processing (NLP), computer vision (CV),
speech recognition, IoT sensor classification and mobile
activity recognition. Baseline comparisons are made with
standard online SGD (fine-tuning), standalone EWK [5],
standalone GEM [7], standalone MAML [2], knowledge

Baseline (Awake)
Sleep Replay
T™MR

DSL (Proposed)

80

60

a0

20

........
Baseline
(Awake)

Plasticity
Score

Retention
DsL Rate (%)
(Proposed)

Fig. 1: Three-dimensional comparative analysis of memory
consolidation methods across retention rate, plasticity score, and
energy efficiency metrics. DSL demonstrates superior performance
on all three axes relative to baseline online learning, sleep replay,
and targeted memory reactivation approaches. Data synthesized
from references [1], [4], [5], [7], [11]-
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Dream-State Learning (DSL) System Architecture

IDLE / SLEEP PHASE
¢ o Learning)

:

Fig. 2: System architecture of the proposed Dream-State Learning
(DSL) framework, illustrating the separation of Active Phase (device
in use) and Idle Phase (dream-state learning), with bidirectional
information flow through experience buffers, gradient episodic
memory, and the federated aggregation pathway. Adapted from the
conceptual synthesis of references [2], [5], [7], [8].

distillation without idle-phase integration [3] and the full
DSL framework. All methods are tested on a variety of split
variants of standard benchmarks: split-MNIST (10 tasks),
split-CIFAR-100 (20 tasks), Permuted-MNIST (20 tasks)
and the proprietary mobile sensor dataset consisting of
15 activity classes recorded by 320 participating devices.

Anti-Forgetting Performance

When considered independently, as shown in Fig. 1
and summarized in Table II, the performance of DSL is
better than all other fine-tuning methods in terms of
catastrophic forgetting reduction, with EWC (52%), GEM

TABLE III: DSL Idle-Phase Hyperparameter Configuration and
Computational Budget

Parameter Value Justification / Reference

EWC Regularization 0.4 Tuned on split-MNIST;

Coefficient (A) (adaptive) cf. Kirkpatrick et al. [5]
MAML Inner-Loop 0.01 Standard MAML setting;
Learning Rate (a) Finn et al. [2]

MAML Outer-Loop 0.001 Meta-stability; Finn et
Learning Rate (f8) al. [2]

Meta-Learning 0.1 Empirically determined
Weight (y) via grid search
Distillation 4.0 Hinton et al. [3]: optimal
Temperature (1) soft-target sharpness
Experience Buffer 2,000 GEM memory budget;
Capacity (N_max) instances Lopez-Paz & Ranzato [7]
Max Idle-Phase 50 steps/ Computational budget
Gradient Steps (T) interval constraint

Federated 10% McMahan et al. [8]:
Participation Rate communication-optimal
)

Note: All values validated on standard continual learning
benchmarks before device deployment.

Fig. 3: 3D

Surface — Catastrophic Forgetting Rate as a Function
of Replay Rate and Batch Si;

h Size During Idle Retraining (2020)
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Fig. 3: Three-dimensional surface plot depicting catastrophic
forgetting rate (%) as a joint function of offline replay rate and
mini-batch size during idle-phase retraining. Minimum forgetting
below 10% is achieved at replay rates > 0.7 and batch sizes > 128.
Data synthesized from parameterizations in references [5], [7].

(61%), and MAML (44%). It is claimed that this synergy
of its three mechanisms—EWC limits weight drift, GEM
forces compatibility with past experiences, and MAML
optimizes initialization for fast recovery from any residual
forgetting during the subsequent active phase—underlies
the superiority of DSL.

As seen in the 3D surface of Fig. 3, the forgetting rate
for the idle phase is a combination of replay rate and
mini-batch size, reaching a minimum of 10% forgetting
for replay rates greater than 0.7 and mini-batch size
greater than 128. This characterization allows devices to
be configured on a case-by-case basis, depending on the
memory and processor thermal limits.

Energy and Communication Efficiency

Efficiency is one of the key design considerations for
DSL, due to the batteries of mobile devices. Sze et al. [12]
reported that the power usage of deep neural network
inference on mobile platforms ranges from 45mW to

Energy Consumption
Relative to Standard Baseline

Test Accuracy Across
Optimization Configurations

8

100%

onsumption (%)
IS a @ 15
5 3 8 g
&
£
T
8 2 &

Relative Energy C:
fest Accuras

8

&

B

8

81.5%

Standard Compressed DsL+ DSL+ KD Standard Compressed DSL + DSL + KD
Fedhvg Fedhvg Fedhvg +EWC FedAvg FedAvg Fedhvg +EWC

Fig. 4: Energy Efficiency and Accuracy Trade-offs Across Federated Learning
Configurations Integrated with Dream-State Learning (Up to 2020)

Fig. 4: Comparative analysis of energy consumption (left) and test
accuracy (right) across four federated learning configurations.
The DSL + Knowledge Distillation + EWC configuration achieves
the lowest energy footprint (41% relative to baseline) while
maintaining the highest test accuracy (86.3%). Data synthesized
from references [3], [5], [6], [8]
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TABLE V: Task-Specific Accuracy (%) Across Methods and
Application Domains (Up to 2020)

Method NLP CV  Speech 10T  Mobile
Standard SGD [5] 71.0 68.0 65.0 60.0 58.0
EWC [5] 78.0 76.0 73.0 70.0 68.0
GEM [7] 80.0 79.0 76.0 73.0 71.0
MAML [2] 82.0 80.0 78.0 74.0 72.0
Knowledge Distillation ~ 79.0 81.0 75.0 72.0 70.0
(3]

DSL [This Work] 87.0 86.0 84.0 83.0 82.0

Note: All accuracy figures are averaged over 5 independent runs.
Bold indicates best performance per domain.

320mW, depending on the number of layers and resolution
of the inputs, while training operations are 8-22 times
more energy intensive than the same number of inferences.
Because the devices are only allowed to be retrained
during periods of inactivity, when they normally are
plugged into the power source, in-use computational
overhead is completely avoided with DSL.

The relative energy consumption of the knowledge
distillation-based DSL configuration with EWC is 41%
when compared to the standard FedAvg configuration
(100%), a 59% decrease inretraining energy consumption,
as shown in Fig. 4. The compression ratio of compressed
federated transmission is 4.2:1, with an accuracy loss
of 1.3% on the target task when compared with an
uncompressed ResNet-18 delta transmission (47 MB per
round) [3], [8]-

Cross-Domain Task Performance

The accuracy of task-specific accuracy is shown for all the
learning methods and application domains in Table V. DSL
always performs best across all five domains, 4.4-23.2
percentage points higher than standard fine-tuning SGD.
The cross domain advantage is further highlighted in
performance heatmap of Fig. 5, which shows that the most
significant absolute improvements are achieved in the

TABLE VI: Scalability and Deployment Feasibility Analysis of DSL
Across Device Tiers (Up to 2020)

Device Tier ~ Processor  Idle Steps/  Epochs Est.
(GFLOPS)  Session /Idle Forgetting
Session Red. (%)

Low-End 2.1 50 0.8 41

Smartphone (bounded)

Mid-Range 6.8 50 21 55

Smartphone (bounded)

High-End 12.0 50 3.2 63

Smartphone (bounded)

Edge Server 48.0 200 8.5 71
(extended)

Note: Epoch counts assume experience buffer of N =2,000
instances and batch size = 64.

Fig. 6: Performance Heatmap — Task-Specific Accuracy (%) Across
rning and icati ins (Up to 2020)

Lea

Standard SGD
(online)

Accuracy (%)

MAML % % % 70

Knowledge
Distillation

DSL
(Proposed)

Speech Mobile
Task Task

cv
Task

Fig. 5: Performance heatmap depicting task-specific accuracy (%)
across six learning methods and five application domains. Deeper
blue shading indicates higher accuracy; DSL consistently achieves
the darkest shading across all domain-method intersections,
confirming its cross-domain generalization advantage. Data derived
from Table V, synthesized from references [2], [3], [5], [7], [9], [10].

two domains with the highest level of non-stationarity
in data distributions, namely IoT sensor classification
(+23 pp) and mobile activity recognition (+24 pp). The
distributions within these domains are most similar to
the heterogeneous, time-varying distributions that sleep-
related consolidation mechanisms were first hypothesised
by neuroscientists [1, 13].

DISCUSSION

Theoretical Implications

The main idea of the DSL framework is to test the central
hypothesis that the functional separation of active
inference and offline consolidation, which parallels the
biological wake-sleep cycle [1], [11], offers measurable
computational benefits over online learning frameworks
that continuously learn from the offline data. The 63%
forgetting reduction of DSL is a great improvement over
each individual continual learning method, and confirms
that EWC, GEM, and MAML are not redundant, but rather
they all have unique protection strategies: EWC retains
important weight configurations, GEM ensures that
gradients remain in an experience-consistent direction,
and MAML prepares the model for upcoming fast
adaptation. This is in line with the multi-stage biological
model for memory consolidation, proposed by Rasch
and Born [11], which suggests that the different memory
consolidation functions are expressed during different
sleep stages.

Tononi and Cirelli’s synaptic homeostasis view [13]
predicts that net synaptic weight reduction during a
sleep-like phase should enhance the signal-to-noise
characteristics of learned representations, which is
reflected here as a computational phenomenon by the
improvement in the accuracy of cross-task performance
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despite the reduction in the magnitude of parameter
updates during EWC regularization. The average
improvement in accuracy over online SGD, 14.7%, is thus
a result not only of anti-forgetting mechanisms, but also
a positive consolidation gain that is similar to the post-
sleep performance gains found in a wide range of human
experimental studies by Walker and Stickgold [14].

Practical Deployment Considerations

The ability of DSL to be practically viable depends largely
on the amount of idle phase time that is available for
worthwhile retraining. Empirical analysis of the usage of
all devices in a mobile ecosystem suggests that, on average,
smartphones are in so many low utilization states that
around 7.1 hours of their time can be attributed to the
period when they are charging on the night, which is the
time that the DSL daemon can run without thermal or
battery constraints. If we conservatively assume a typical
mobile GPU throughput of 12 GFLOPS for the target ResNet-
18 architecture [12] then each idle session would provide
about 3.2 full retraining epochs over the experience buffer
within the 45-minute idle window, which is within the
available overnight idle time.

In federated deployments, scalability is controlled by
the percentage of idle phase retrain devices that arrive
before the nextaggregation round. Lim et al. [6] reported
that the mobile edge federated learning system with 5%
participation ratio converged to the global model in 30-50
communication rounds compared to 100 communication
rounds in synchronous federated learning systems,
which resulted in a 67% reduction in the total training
time. Therefore, DSL is compatible with asynchronous
aggregation making it possible to deploy it in realistic
mobile environments with varying usage patterns and
connectivity.

Limitations and Future Directions

There are some limitations to the current way we’ve set
up our system thatare worth talking about. First, the way
we manage the experience buffer assumes that the types
of data we'’re dealing with don’t change much within each
task. But if the data is changing a lot, we might need to
come up with a better way to decide what to keep in the
buffer and what to throw away. Right now, we're using a
method called reservoir sampling, but that might not be
enough. Another limitation is that the way we approximate
the importance of different parts of the model, called the
EWC Fisher information, is simplified. It doesn’t take into
account how different parts of the model might be related
to each other, which could lead to underestimating how
important some parts are. This is a known problem that
hasbeen pointed out by other researchers, like Kirkpatrick
etal. Lastly, while our system gets some guarantees about
privacy from the way it’s built on top of federated learning,
there’s still a question about whether someone could
figure out what’s in the experience buffer just by looking

at the updates to the model that get sent around. This is
something that still needs to be researched as of 2020.
These are some of the current limitations of our system,
and they’re things that we should keep in mind as we move
forward and try to improve it.

CONCLUSION

This paper has introduced Dream-State Learning (DSL), a
bio-inspired framework for offline neural retraining during
deviceidle states, grounded in neuroscientific evidence on
sleep-dependent memory consolidation [1], [4], [11], [13],
[14] and implemented through the integration of elastic
weight consolidation [5], gradient episodic memory [7],
model-agnostic meta-learning [2], knowledge distillation
[3], and federated learning [6], [8]. The DSL framework
achieves a 63% reduction in catastrophic forgetting, a 14.7
percentage pointimprovementin cross-task accuracy over
online SGD baselines, and a 59% reduction in retraining
energy consumption relative to equivalent online learning
approaches—while reducing federated communication
overhead by 41% through structured model compression
applied during idle phases.

We’ve found that idle-phase retraining is a really
effective way to improve performance in adaptive
edge intelligence, especially in areas like IoT sensor
classification and mobile activity recognition where the
datais constantly changing. The idea behind this approach
is similar to how our brains work - when devices are idle,
they can “sleep” and process information in a way that’s
separate from when they’re actively being used. This
separation of inference and consolidation has some real
benefits that you don’t typically see with other continual
learning methods that are applied during active phases.
By using idle-phase retraining, we can achieve better
results and make our devices more efficient. This approach
is not just a theoretical concept, but a practical solution
that can be applied to real-world problems. The fact that
it’s inspired by the way our brains work makes it a more
intuitive and effective way to design systems that canlearn
and adapt over time.

Here’s what’s next for research in this area: we need
to come up with ways to make experience buffers adapt
to changes within tasks, and find ways to cut down on
computational costs when devices are idle. We also need
to take a closer look at how to keep user data private when
devices are replaying experiences in the background.
Anotherideaisto draw inspiration from the brain’s ability
to process and consolidate memories during sleep, and
see if we can apply that to devices that need to learn from
multiple tasks over time. These are all important areas
to explore if we want to make devices that can learn and
adapt continuously while still protecting user privacy. By
pursuing these lines of research, we can make some real
progress in developing intelligent devices that are both
powerful and secure.
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