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Abstract—The evolution from fifth-generation (5G) to sixth-
generation (6G) networks is driving an unprecedented demand
for advanced machine learning (ML) solutions. Deep learning
(DL) has already demonstrated significant impact across mobile
networking and communication systems, enabling intelligent ser-
vices such as smart healthcare, smart grids, autonomous vehicles,
aerial platforms, digital twins, and the metaverse. At the same
time, the rapid proliferation of resource-constrained Internet
of Things (IoT) devices has accelerated the adoption of tiny
machine learning (TinyML) for efficient on-device intelligence,
while large machine learning (LargeML) models continue to
require substantial computational resources to support large-
scale IoT services and ML-generated content. These trends
highlight the need for a unified framework that integrates
TinyML and LargeML to achieve seamless connectivity, scalable
intelligence, and efficient resource management in future 6G
systems. This survey provides a comprehensive review of recent
advances enabling the integration of TinyML and LargeML in
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next-generation wireless networks. In particular, we: 1) provide
an overview of TinyML and LargeML; 2) analyze the motivations
and requirements for unifying these paradigms within the 6G
context; 3) examine efficient bidirectional integration approaches;
4) review state-of-the-art solutions and their applicability to
emerging 6G services; and 5) identify key challenges related
to performance optimization, deployment feasibility, resource
orchestration, and security. Finally, we outline promising research
directions to guide the holistic integration of TinyML and
LargeML for intelligent, scalable, and energy-efficient 6G net-
works and beyond.

Index Terms—Artificial intelligence (AI), deep learning (DL),
federated learning (FL), Internet of Things (IoT), large machine
learning (LargeML), sixth-generation (6G), tiny machine learning
(TinyML).

I. INTRODUCTION

THE evolution of communication technologies has been
characterized by extraordinary advances every decade.

From the first-generation (1G) analog systems, which intro-
duced mobile voice communications, to fifth-generation (5G)
networks currently transforming industries with ultrafast
speeds and low latency, each generation has delivered major
transformative impacts [1]. Looking ahead, sixth-generation
(6G) networks are expected to push technological boundaries
further, offering unprecedented capabilities and driving global
innovation. The core features of 6G will clearly differentiate it
from previous generations (Fig. 1), positioning the paradigm
as a transformative technology for diverse applications. These
features address the escalating demands for higher data rates,
superior reliability, efficient spectrum management, and super-
intelligence capabilities. Furthermore, 6G aims to seamlessly
integrate advanced artificial intelligence (AI) and machine
learning (ML) technologies, expanding the possibilities of
wireless networks and significantly improving the delivery of
high-end applications and services to users.

The integration of AI and ML into 6G will enable new
levels of automation and intelligence, unlocking numerous new
applications and high-end services [2]. AI already operates
on multiple network layers to improve dynamic resource
management, predict maintenance needs, and personalize user
experiences. Advances in ML, particularly deep learning
(DL) architectures that execute computer vision and natural
language processing (NLP) tasks, are expected to support
high-fidelity holographic communications. This capability will
allow users to interact in immersive 3-D environments and
could revolutionize remote collaboration. In a hyper-connected
future, 6G will unlock the full potential of the Internet of
Things (IoT) and mobile big data to drive innovation and lead
the world into smarter, deeper connectivity.
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Fig. 1. Transition from 5G to 6G and beyond 6G (B6G): target throughput, use cases, core technologies, and applications.

TABLE I
COMPARISON OF TINYML AND LARGEML FEATURES

A. Context and Motivation

In the last decade, AI has converged around two contrasting
approaches: tiny ML (TinyML) and large machine learning
(LargeML). TinyML focuses on creating efficient models for
resource-constrained edge devices, allowing real-time analyt-
ics close to data sources (i.e., bringing analytics closer to data
sources) [3]. In contrast, LargeML leverages powerful cloud
servers to handle complex, data-intensive tasks, exemplified
by models like GPT-4 and BERT, which excel in applications
such as sentiment analysis and creative text generation [4]
(e.g., large language models (LLMs), generative AI (GenAI),
and agentic AI).

However, LargeML’s heavy computational demands limit
real-time use on constrained devices and raise privacy con-
cerns, while TinyML mitigates these issues by preprocessing
data at the edge and enabling LargeML to deploy compressed
models through knowledge distillation [5]. This collaborative
strategy improves flexibility for IoT services: TinyML gains
accuracy from LargeML’s advanced learning, and LargeML

benefits from TinyML’s real-time processing and privacy
preservation, as summarized in Table I. Their integration
strengthens AI capabilities in 6G systems. For example,
wearable health monitors can analyze vital signs locally
with TinyML [6] while LargeML detects medical risks from
historical data, and TinyML can process electroencephalogra-
phy (EEG) signals for emotional state recognition [7] while
LargeML translates them into metaverse actions [8].

Despite these advantages, challenges remain, including
heightened security risks from massive device connectivity and
ethical concerns around explainability and data privacy, yet
combining TinyML and LargeML ultimately enables seamless
device–server interaction and advances in data-driven innova-
tion and intelligent living environments.

B. State-of-the-Art and Contributions

Over the past decade, numerous surveys have examined
TinyML’s role in edge computing, offering comprehensive
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TABLE II
SUMMARY OF RELATED SURVEYS ON TINYML AND LARGEML

overviews of its fundamentals, development tools, applica-
tions, and future directions [9], [10], [11], [12], [13], [14], with
key contributions including hardware–software co-design for
efficient deployment on constrained devices [9] and systematic
reviews of TinyML toolchains spanning hardware platforms,
software frameworks, and libraries [11]. Other works [10],
[13], [14] highlight TinyML’s broad application landscape,
from anomaly detection and predictive maintenance to intel-
ligent sensor networks, where models monitor sensor data
for deviations, forecast equipment failures, and enable fast,
local decision-making. Collectively, these surveys highlight
TinyML’s transformative potential across industrial automa-
tion, environmental monitoring, smart infrastructure, and other
data-driven domains.

Despite these advances, the existing survey literature on
TinyML reveals some limitations when considered in the
context of 6G integration. Although these surveys examine
TinyML applications within general IoT frameworks, they
overlook the specific challenges and opportunities presented
by integrating TinyML with LargeML in 6G networks [10].
Some surveys [13], [14] provide limited clarification on fine-
tuning TinyML models to the specific resource constraints of
6G environments. For example, 6G may require the devel-
opment of lightweight communication protocols tailored to
TinyML models for efficient data exchange with server-side
LargeML systems. These surveys also fall short of exploring
optimization strategies for minimizing power consumption in

TinyML models while preserving the accuracy required for
effective collaboration with LargeML [14].

In contrast, LargeML surveys outline complementary
strengths and limitations, with works such as [15], [16], [17],
[18], and [19] examining architectures, applications, evaluation
methods, and open challenges. Reviews like [15] analyze
transformer-based models and LLM development, while [19]
highlights the impact of large pretrained language models
(PLMs) on diverse NLP tasks, emphasizing their strong
performance in text generation, translation, and sentiment
analysis. Other surveys [16], [17], [18] focus on challenges
such as explainability and the need for parameter-efficient
fine-tuning (PEFT) [17] to reduce computational overhead.
However, despite their breadth, current LargeML surveys do
not address 6G-specific constraints: they overlook deployment
and coordination challenges in real-time, latency-sensitive,
edge-intelligent networks, and the need to compress or adapt
LargeML models for efficient operation alongside TinyML
systems. They also omit the implications of emerging 6G
communication protocols and strict latency requirements for
training and inference. Table II summarizes these surveys and
situates the contributions of this work.

The previous discussion reveals a significant gap in surveys
addressing the integration of TinyML and LargeML in the
context of 6G and beyond. Although recent advancements
in LargeML [20], [21] are vital for developing efficient 6G
networks, they have not been thoroughly analyzed. Most
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TABLE III
TINYML CLASSIFICATIONS, HARDWARE DEVICES, ENVIRONMENTAL DEPLOYMENT, AND SOFTWARE TOOLS

studies focus on either TinyML or LargeML [22], lacking a
cohesive examination of their combined potential to tackle
emerging network challenges. This survey aims to fill that
gap by exploring the integration of TinyML and LargeML for
6G and future networks. A key contribution of this work is a
thorough exploration of the motivations and requirements for
such integration. Our contributions are summarized below.

1) Background: This work first provides the background
of TinyML and LargeML, highlighting their individual
advances and potential for cooperation.

2) Integration Requirements: We outline the motivations
and requirements for integrating TinyML and LargeML
to emphasize their importance for 6G networks.

3) Efficient Solutions: We propose and discuss efficient
bidirectional integration solutions aimed at enhancing
the performance and capabilities of future networks.

4) Applications of Integrated Systems: We conduct an
extensive review of the applications of integrated
TinyML and LargeML systems across various domains
to demonstrate their practical benefits and potential
impacts.

5) Discussion of Challenges and Future Research: From
our extensive review, we identify critical challenges and
propose several potential directions for future research,
including resource allocation, communication efficiency,
interplay with LargeML, and standardization.

II. OVERVIEW OF TINYML AND LARGEML

A. Overview of TinyML
TinyML is a lightweight, resource-constrained class of ML

designed for environments with limited memory and process-
ing power [3]. TinyML supports diverse communication tasks,
and its characteristics are summarized in Table III.

As [29], the TinyML life cycle has three stages as follows.
1) Stage 1: Data collection from peripheral devices (sensors

or production environments).

2) Stage 2: Model deployment using quantization and com-
pression to address hardware heterogeneity and resource
constraints.

3) Stage 3: Model operationalization, converting trained
models into interpretable forms for target devices.
TinyML relies on application-specific data formats,
prioritizing model customization for device capacity
and efficient data transmission (see Fig. 2 for a short
overview).

1) TinyML Design: While no standard design guidelines
exist, several best practices are applied to guide development.

a) Quantization: This reduces the memory footprint and
computation by representing parameters in lower precision
(e.g., 8-bit integers versus 32-bit floats) [30]. It can be applied
during training (quantization-aware training) or after train-
ing (post-training quantization). Variants include uniform and
nonuniform quantization for optimizing accuracy, symmetric
or asymmetric schemes to reduce quantization error, and
Bayesian inference to minimize bit encoding requirements.

b) Pruning: This removes redundant weights, neurons,
or layers to shrink NN size [31]. Pruned models typically
require fine-tuning to restore accuracy. Common strategies
include threshold-based pruning, in which weights below a
specified magnitude are discarded. From differences in the
model weight matrix, pruning is classified as unstructured
(removal of individual weights) or structured (removal of
neurons, filters, rows, or columns), guided by redundancy or
regularization metrics.

c) Low-Rank Matrix Decomposition: This approximates
large weight matrices via techniques like singular value
decomposition, with lower rank components. The resulting
factorized forms contain fewer parameters, reduce computa-
tional complexity, and simplify matrix operations [32]. Albeit
this technique can be computationally intensive and more
difficult to implement, as the decomposed network requires
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Fig. 2. Overview of TinyML and LargeML, including their life cycle, design,
operation, and performance evaluation.

additional fine-tuning to recover accuracy loss, similar to
model pruning.

d) Weight Sharing: This reduces parameters across
model components to cut storage and computation [33]. For
example, shared weights can be arranged by row or column
within a weight matrix. However, designing effective sharing
configurations is difficult and can lead to unpredictable per-
formance.

e) Algorithm-Architecture Co-Design: This jointly opti-
mizes algorithms with specialized hardware (e.g., TPUs,
Cortex-M7, Cortex-M4, Cortex-M0 +, and eDMPv1), for
inference efficiency [34]. This joint optimization also enhances
computational performance and energy efficiency.

f) Huffman Coding: This compresses model parameters
using variable-length encoding based on symbol frequency
[35]. When applied to model weights and parameters, this
technique can reduce overall model size through efficient
encoding.

g) Hyperparameter Optimization: This tunes model
parameters, such as learning rate, batch size, activation func-
tions, number of neurons, and network depth, typically via
grid search, random search, Bayesian optimization, hyperband
(which dynamically allocates resources to promising con-
figurations while terminating underperforming configurations
early), genetic algorithms, tree-structured Parzen estimators,
and hyperdimensional computing [36]. These techniques aim
to improve model performance by minimizing memory and
computational overhead while ensuring user-defined accuracy.

h) Knowledge Distillation: This transfers knowledge
from a larger “teacher” model to a smaller “student” via:
1) response-based, where students mimic the teacher’s final
output; 2) feature-based, where students replicate intermediate
feature representations; and 3) relation-based, where students
learn the structural relationships within the teacher model [37].

2) TinyML Operation: From an operational standpoint,
TinyML can be categorized into three main levels: firmware
updates, model operation, and communication protocols [38].

a) Firmware Updates: Replace the entire software stack,
including the TinyML model and system components. While
comprehensive, this process is resource- and time-intensive.
Over-the-air (OTA) delivery via lightweight M2M protocols
(push/pull) is common [39]. Tools such as RIOT-ML facilitate
secure OTA updates, enabling remote, unattended deployment.

b) Model Operations: Several strategies optimize
TinyML deployment [38]. Full model updates replace
the entire ML model via OTA delivery, ideal for major
changes, ensuring devices run the latest version. Partial
model updates modify only specific layers or parameters,
reducing network traffic and power use, suitable for fine-
tuning on constrained devices [40]. Model transpilers (e.g.,
TensorFlow → TensorFlow Lite Micro), improve cross-
hardware compatibility and resource efficiency [41]. Model
compilers (e.g., uTensor and TinyTS) generate optimized
binaries using quantization and pruning, reducing size and
improving inference efficiency, fitting within tight memory
and computational limits.

c) Communication Protocols: TinyML relies on spe-
cialized protocols to optimize data transfer under hardware
constraints in IoT ecosystems [14]. For intradevice links,
inter-integrated circuit and serial peripheral interface proto-
cols support efficient data exchange between MCU-peripheral
exchange. For device-cloud links, message queuing teleme-
try transport offers lightweight transfer in low-bandwidth,
high-latency environments. Short-range links are met by
low-power wide-area network (LoWPAN) protocols (Blue-
tooth, Zigbee, and 6LoWPAN) for wearable and smart
sensors, while Wi-Fi supports higher data rates. For long-
range, low-power links, long-range wide area network excels
in remote applications like agriculture and smart cities,
offering energy-efficient, kilometer-scale coverage. Sigfox,
designed for ultranarrowband IoT and M2M tasks, transmits
small, infrequent data packets on unlicensed bands, ensur-
ing low-cost, secure deployments. Similarly, narrowband IoT
(3GPP) supports low-data-rate, energy-efficient communica-
tion in licensed/unlicensed spectra, enabling scalable, reliable
connectivity for massive IoT deployments in challenging envi-
ronments like underground or indoor settings.

3) Performance Evaluation: Given the diversity of appli-
cation contexts and strict resource limitations, performance
evaluation of TinyML models requires the consideration of
both device constraints and learning model characteristics.

a) Memory Footprint: TFLite Micro targets microcon-
trollers with limited ROM and RAM, using quantization and
pruning to reduce model size with minimal accuracy loss
[42]. Evaluating ROM and RAM consumption is crucial for
assessing TinyML deployments on IoT devices.

b) On/Off Characteristics: TinyML components (sen-
sors, protocols, inference engines) switch between sleep and
active power states to save energy [41]. Optimizing the dura-
tion and frequency of these transitions minimizes active time,
enhancing energy efficiency while preserving functionality.

c) Complexity Profiling: This refers to the analysis of
the computational demands of TinyML models. Floating-point
operations are more computationally intensive than quantized
int8 operations [14], which reduce weight and activation preci-
sion to shrink model size and accelerate inference. Complexity
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profiling helps quantify the tradeoffs between model size,
accuracy, and inference performance [3].

d) Energy Profiling: Energy profiling measures CPU
cycles, latency, and total energy consumption during inference
[43]. Floating-point models typically consume more energy
than quantized int8 models due to the greater computational
overhead. Thus, it helps identify energy-efficient TinyML
models.

e) Model Evaluation Metrics: Several metrics are used to
evaluate TinyML model performance: accuracy, mean absolute
error (MAE), root-mean-square error (RMSE), R-Squared,
precision, recall, F1-score, and cross-entropy loss.

f) Deployment Robustness: Deployment durability
ensures the reliability of the TinyML model under a variety
of environmental conditions. Two evaluation methods are used
[38]: per-model evaluation assesses performance in controlled
predeployment tests, while per-operator evaluation monitors
adaptability in real-world environments. Durability testing
encompasses diverse datasets, hardware, and environments to
ensure consistent performance.

B. Overview of LargeML
LargeML is increasingly integrated into wireless networks

to enable autonomous operations via cognitive modules for
resource allocation, channel estimation, and mobility manage-
ment [4]. Its life cycle consists of eight stages as follows.

1) Stage 1: Data collection and preprocessing from multiple
domains for high-quality training corpus.

2) Stage 2: Model architecture design regarding layer types,
parameters, and training algorithms.

3) Stage 3: Training through pretraining on broad data and
fine-tuning for task-specific applications.

4) Stage 4: Evaluation with benchmarks, refining architec-
ture, hyperparameters, and datasets.

5) Stage 5: Compression to reduce memory and latency
while retaining performance.

6) Stage 6: Testing and optimization under controlled con-
ditions for inference efficiency.

7) Stage 7: Deployment with continuous monitoring, fine-
tuning, and adaptation.

8) Stage 8: Risk mitigation using adversarial training, fair-
ness constraints, and curated datasets, addressing bias,
privacy, security, and misuse concerns.

1) LargeML Design: The design process for LargeML
covers six key areas, outlined below.

a) Data Processing: Training LargeML models depends
on diverse IoT data, as quality impacts prediction accuracy.
The process involves three key steps.

Collection and Labeling: Data is gathered from
heterogeneous sources (real-time sensors, logs, and user
feedback) and annotated with relevant features (e.g., signal
strength, noise, and mobility patterns [44]). Accurate labeling
prevents bias and ensures models generalize across operational
scenarios [45].

Cleaning, Transformation, and Augmentation: Raw data
is cleaned by removing duplicates, correcting errors, and
handling missing values. It is then transformed through nor-
malization, encoding, and feature engineering, and represented
in formats suitable for models, such as token-based input
for text, tree structures for hierarchical relationships, and
pixel-based representations for visual data [16]. Augmentation
methods, like rotation, flipping, and noise injection, enhance

sample diversity and robustness, resulting in a clean and well-
structured dataset for downstream tasks.

Featuring and Splitting: It involves feature selection to
identify high-impact variables, feature extraction to derive
new indicators (e.g., signal variation rates) and capture deeper
patterns, as well as data partitioning for training, validation,
and test sets to ensure robustness and generalizability [46].

b) Learning Architecture: Future 6G networks aim
to support integrated sensing and communication (ISAC),
task-oriented communications, and digital twins, requiring
LargeML models for efficient real-time data processing [4].
Selecting suitable learning architectures is challenging due
to application-specific constraints. Transformers, leveraging
attention mechanisms, outperform RNNs in sequence data
processing [23]. They use an encoder–decoder structure
with stacked sublayers: encoders create context-aware rep-
resentations, positional embeddings preserve token order,
and decoders apply masked or multihead self-attention to
assess token relevance. Aside from three typical architectures
(encoder only [47], encoder–decoder [23], and decoder only
with types of causal decoders [48] and decoders [49]), below
are new variants of transformer architectures.

Mixture of Experts: Mixture of Experts (MoE) activates only
subsets of model weights, improving efficiency as in switch
transformer [50] and GLaM [51]. Performance scales with
more experts or larger parameter size, but unstable training
can occur due to complex routing operations. This issue can
be mitigated by precision tensors, initialization adjustments,
and hybrid resource-conditional computation [52].

Emergence Architectures: Standard transformers face
quadratic complexity with sequence length. Motivated by this,
parameterized state-space models [53] integrate RNN- and
CNN-like properties: they process outputs recursively (like
RNNs) while encoding sequences in parallel (like CNNs).
Techniques such as fast Fourier transform and chunk-wise
recurrence can further improve efficiency.

c) Network Configuration: Network setup strongly
affects training performance. Common strategies address par-
allelism, precision, memory, and computation [54].

Parallel Training: Data parallelism synchronizes GPUs
using a parameter server/all-reduce gradients; pipeline par-
allelism splits models across devices; and model parallelism
distributes layers/neurons, exchanging intermediate results.

Mixed Precision and Offloading: Mixed precision stores
gradients in single-precision (32-bit) while training in half-
precision (16-bit) to prevent underflow and ineffective param-
eter updates. Offloading optimizer states from the GPU to
multiple CPUs alleviates memory bottlenecks.

Overlapping and Check-Pointing: Overlapping fetches
parameters while computing on previously loaded ones, and
checkpointing stores only minimal activations and recomputes
the rest to trade memory for compute.

d) Pretraining Tasks: Pretraining equips models with
general knowledge that minimizes the need for task-specific
training. It involves large-scale data collection, self-supervised
learning to capture foundational representations, and fine-
tuning for target tasks. LargeML models are pretrained on
extensive corpora to learn universal syntactic and semantic
features, which are later adapted for downstream applications.
Common pretraining workflows are outlined below [55].

Single-Modal: This trains on a single modality (e.g., text,
images, and audio) to capture domain-specific patterns. For
instance, pretraining on large text corpora enables strong
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performance in sentiment analysis, speech classification, and
translation.

Multimodal: This combines different modalities to learn
richer representations. For example, training image captions
with visuals improves tasks such as captioning, visual question
answering, and cross-modal retrieval.

Token Prediction: This trains models to predict missing or
next tokens, enhancing contextual understanding. Masked lan-
guage modeling (e.g., BERT) predicts hidden random tokens,
while auto-regressive modeling (e.g., GPT) generates tokens
sequentially for coherent outputs.

e) Fine-Tuning: After pretraining, a model is fine-tuned
on a smaller, task-specific dataset to adjust its parameters
for the target application. This process builds on the knowl-
edge acquired during pretraining. In addition to the TinyML
strategies discussed in Section II-A1, this section reviews the
fine-tuning techniques relevant to LargeML systems [56].

Prompt Tuning: Prompt tuning introduces trainable tokens
(prompts) to guide the model’s output without modifying its
architecture or parameters.

Prefix Tuning: This technique prepends a set of trainable
tokens (prefixes) to the model’s input and intermediate layers.
These prefixes steer the model’s attention and interpretative
processes without updating the core parameters, enabling task
adaptation with low computational overhead.

Adapter Tuning: Adapter tuning inserts small NN modules
(adapters) into the model’s architecture. During fine-tuning,
only the adapters are trained to capture task-specific informa-
tion [57], while the original model remains unchanged.

Low-Rank Adaptation: Low-rank adaptation (LoRA)
enhances transformer models by introducing trainable
low-rank matrices to selected layers, keeping original
weights frozen [58]. Only lightweight matrices are trained to
approximate weight updates, thereby reducing memory and
computational costs.

Knowledge Preservation: This technique adapts a pretrained
model to new tasks while preserving its valuable preexisting
knowledge, mitigating catastrophic forgetting through causal-
aware methods and PEFT techniques such as LoRA and half
fine-tuning. The result is a model that stays effective across
tasks without overfitting to new data.

Task Orientation: This technique adapts pretrained models
to specific tasks (e.g., dialog systems) by fine-tuning the
model’s parameters on task-specific data. The incorporation
of techniques such as adapter layers and prefix tuning reduces
the overall parameter count for training, improving efficiency
and lowering resource demands.

f) Prompt Engineering: After fine-tuning, prompt engi-
neering refines how the model interprets and responds to
inputs according to task requirements and application contexts.
Common types include multiturn instructions, multiple mod-
eling, task planning, tool augmented alignment, and retrieval
augmentation. The most widely used prompting techniques in
wireless networks are described below [4].

Few-Shot Prompting: This enables the model to generalize
from a small number of examples. It is particularly useful
when large annotated datasets are unavailable, allowing the
model to perform new tasks with minimal additional data.

Zero-Shot Prompting: This exploits the model’s pretrained
knowledge to perform tasks without prior examples or spe-
cific training. The model generates outputs based solely on
instructions, drawing from its existing knowledge. In contrast

to few-shot prompting, zero-shot prompting provides no exam-
ples to guide the model’s output.

In-Context Learning: This enables models to perform tasks
from prompts alone, without parameter updates. By analyzing
examples in the prompt, the model infers task structure and
applies it to new inputs, e.g., detecting network intrusions,
adapting to threats, or managing resources in real time.

Chain-of-Thought: This enhances reasoning by breaking
tasks into intermediate steps, ensuring logical and coherent
decision-making. Useful in applications where stepwise anal-
ysis accelerates repairing and improves resilience, e.g., fault
diagnosis.

Prompt-Based Learning: This leverages pretrained knowl-
edge to generate accurate, contextually relevant responses
without further training or parameter adjustments. Well-
designed prompts guide task execution, e.g., predicting
maintenance needs and preventing outages by identifying
failure patterns.

2) LargeML Operation: LargeML follows a multistage
process: large-scale data collection and preprocessing, initial
training on high-performance hardware, fine-tuning for spe-
cific tasks, and postdeployment adaptation through real-time
inputs and feedback. This ensures both accuracy and long-
term relevance. Its operation varies across domains and input
data characteristics from sensors and devices [4]. In wireless
communication, LargeML optimizes connectivity and manages
network traffic across mobile, Wi-Fi, and satellite links. In the
IoT domain, it processes data from smart homes, connected
vehicles, and healthcare monitors to enable intelligent automa-
tion and real-time decision-making. For example, it serves as
an AI control hub in smart homes, supports navigation and
diagnostics in vehicles, and enables remote monitoring and
personalized care in healthcare. Deployment strategies include
edge-based processing to reduce latency and cloud integration
for scalability [56]. Continuous monitoring and updates based
on user feedback and new data sustain model performance
across applications. Integrated into wireless and IoT systems,
LargeML supports smart city infrastructure (e.g., traffic and
energy optimization), predictive industrial maintenance, and
smart agriculture through environmental monitoring.

3) Performance Evaluation: The performance of LargeML
can be assessed at three levels, described below.

At the learning level, the focus is on accuracy, output qual-
ity, and efficiency. Accuracy is assessed using precision, recall,
F1-score, and area under the receiver operating characteristic
(AUC), which measure classification and discrimination ability
[59]. Output quality is gauged using perplexity (confidence
in predictions), bilingual evaluation understudy (BLEU), and
recall-oriented understudy for gisting evaluation (ROUGE),
which compare generated text against reference outputs.

At the operational level, performance is measured by typical
metrics, such as latency (response time), throughput (requests
processed per unit time), and resource use (computational
cost), ensuring scalable and reliable operation.

At the service level, evaluation focuses on user experi-
ence, ethics, and accountability [16], [18]. User experience
includes user satisfaction (perception feedback), engagement
(interaction depth), and retention rate (continued usage’s pro-
portion). Ethical and accountability metrics assess fairness
(bias reduction), transparency (explainable decisions), and
ethical compliance (privacy, security, and accountability stan-
dards).
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III. MOTIVATIONS AND REQUIREMENTS FOR
TINYML–LARGEML INTEGRATION IN 6G NETWORKS

A. Challenges in TinyML
1) Resource Constraints and Energy Efficiency: TinyML

devices typically operate with limited processing power, mem-
ory, and energy resources, complicating the deployment of
complex models. For instance, microcontrollers often lack
DRAM and an operating system, with memory capacities
ranging from a few hundred kilobytes to several megabytes
[10], [60]. Such limitations preclude the use of LargeML with-
out aggressive compression, often forcing tradeoffs between
accuracy and feasibility. Furthermore, many TinyML devices
are battery-powered, requiring energy-efficient models that
minimize inference overhead to extend device lifespan.
Achieving low-latency inference while maintaining energy
efficiency remains a key challenge, especially for mission-
critical 6G applications such as autonomous driving and
industrial automation [61].

2) Model Deployment and Data Preprocessing: The
deployment of ML models on TinyML devices necessitates
compression techniques such as pruning, quantization, and
knowledge distillation [62]. Although these approaches reduce
memory and computation costs, they may compromise accu-
racy, particularly when parameters essential for prediction
are removed. Quantized optimization introduces additional
difficulties due to mixed-precision tensors and the absence
of batch normalization layers [63]. Beyond model compres-
sion, preprocessing tasks such as normalization, augmentation,
and feature extraction require computational and memory
resources that are typically unavailable on TinyML devices.
This makes handling complex datasets, such as high-resolution
images, particularly challenging.

3) Reliability, Privacy, and Security: TinyML devices suf-
fer from limited numerical precision and fabrication-related
errors, which can undermine system reliability, especially in
mission-critical settings like healthcare, where failures may
endanger patient safety [6]. They also face significant privacy
and security risks: although they often handle sensitive audio
or visual data, their constrained compute capacity prevents
the use of stronger protections, such as differential privacy or
secure multiparty computation, leaving them more exposed to
data leakage and adversarial attacks [64].

B. Challenges in LargeML
1) Resource and Infrastructure Demands: Training and

inference of LargeML require specialized hardware such as
GPUs or TPUs, along with extensive RAM and storage
for managing parameters and activation states [65]. Train-
ing often spans days or weeks, incurring high financial and
energy costs. Such requirements limit accessibility, partic-
ularly for small and medium enterprises or researchers in
developing regions, where infrastructure and expertise may be
insufficient [66].

2) Latency and Scalability Issues: Due to their size and
complexity, LargeML models are prone to high inference
latency. Offloading computation to cloud servers introduces
further network delays, which are unacceptable for latency-
sensitive 6G applications such as augmented reality, virtual
reality, and autonomous vehicles [67]. Scaling LargeML is
further hindered by the need to manage vast, heterogeneous,
and often non-independent and identically distributed (non-
IID) datasets across distributed infrastructures. This increases

Fig. 3. Envisaged 6G capabilities and pivotal requirements.

the risks of bottlenecks, degraded model performance, and
challenges in real-time processing [68].

3) Deployment, Interpretability, and Adaptability: Deploy-
ing LargeML involves costly and complex system integration,
including hardware configuration, software optimization, and
application-specific tuning. Moreover, these models often
operate as “closed boxes,” with opaque decision-making
processes. This lack of interpretability undermines trust in
mission-critical domains such as healthcare and finance, where
explainability and accountability are essential [69]. Effective
fine-tuning is also challenging: while adaptation to new data
domains is necessary, it requires careful balancing to avoid
overfitting or underfitting [70].

4) Privacy and Security Concerns: LargeML models typi-
cally rely on centralized data aggregation, which concentrates
sensitive information in repositories vulnerable to cyberattacks
[71]. Inference tasks may also expose confidential data, com-
plicating real-time privacy protection. Furthermore, these mod-
els are susceptible to threats such as adversarial attacks, model
extraction, and reverse engineering, which can compromise
both model integrity and the confidentiality of training data.

C. Vision for 6G
IMT-2030 framework identifies six overarching require-

ments for 6G networks: ubiquitous connectivity, extreme
performance, high intelligence, strong security, green com-
munication, and efficient ISAC (see Fig. 3) [72]. Standalone
approaches (whether TinyML or LargeML) are insufficient
to satisfy these requirements, necessitating a bidirectional
integration paradigm. TinyML supports local data processing
at the edge, while LargeML leverages high-capacity infras-
tructure for global-scale optimization. Together, they enable
complementary capabilities aligned with the 6G vision.

1) Ubiquitous Connectivity: 6G must support
ultradense networks, with connection densities up to
106−108 devices/km2 and data volumes five times higher
than 5G [73]. TinyML enables edge devices to process local
data in real time, reducing network load, while LargeML,
deployed across a ubiquitous server set (cloud, edge, and
mobile devices) [74], aggregates distributed information to
optimize resource allocation and mobility management. This
integration supports global coverage across terrestrial, aerial,
satellite, and underwater systems, with intelligent handover
strategies for high-mobility platforms [75], [76].
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Fig. 4. TinyML–LargeML system with TL.

2) Extreme Performance Networking: Target metrics for
6G include latencies as low as 0.1 ms and reliability levels
up to 99.99999, with peak data rates projected to reach
1 Tbps [77]. Bidirectional integration enhances performance
by reducing latency at the edge (TinyML) while maintaining
complex server-side analytics (LargeML). Model splitting,
model transfer, hierarchical distribution, and lightweight fine-
tuning enable real-time collaboration across devices and
servers, improving throughput, resilience, and accuracy.

3) High Intelligence: 6G envisions distributed intelligence
across networks, combining localized processing and global
decision-making [77]. TinyML provides real-time inference
for edge devices, while LargeML ensures resource-intensive
optimization and personalization. This collaboration supports
bandwidth-heavy applications such as ISAC and holographic
communication [73], where AI-driven spectrum allocation and
cognitive technologies improve efficiency and responsiveness.

4) Strong Privacy and Security: As 6G interconnects bil-
lions of devices, ensuring data confidentiality and system
robustness is paramount. TinyML enhances privacy by per-
forming local preprocessing and transmitting only essential
features, thereby reducing exposure of raw data. Concurrently,
LargeML systems, supported by high-performance servers, can
conduct sophisticated threat detection and adaptive defense
using aggregated data from multiple devices [78].

5) Green Communications: With the proliferation of con-
nected devices, energy efficiency is central to sustainable 6G
systems. TinyML reduces reliance on energy-intensive servers
by enabling low-power, on-device processing. LargeML
complements this by optimizing network-wide resource man-
agement, minimizing redundant processing, and reducing
overall CO2 emissions [79]. Bidirectional integration also
supports predictive maintenance of network infrastructure and
the use of energy-harvesting technologies.

6) Efficient ISAC: ISAC represents a defining requirement
of 6G, merging communication, sensing, and localization into
a unified framework [80]. TinyML supports on-device feature
extraction and preliminary sensing tasks, while LargeML
performs advanced analysis for object detection, imaging, and
mapping. This integration enhances precision, reduces false
positives, and enables real-time navigation and environmental
awareness, being key for autonomous systems and smart cities.

D. Discussions and Lessons Learned

The transition from 5G to 6G creates a significant oppor-
tunity to integrate TinyML and LargeML to enhance AI
capabilities in next-generation networks. Section III-A dis-
cusses the key challenges of TinyML, while Section III-B
examines the limitations of LargeML. As highlighted in Sec-
tion III-C, a hybrid framework that combines TinyML and
LargeML leverages the strengths of distributed and central-
ized learning, forming a promising paradigm aligned with
the 6G vision. In essence, TinyML enables edge-level data
preprocessing to reduce bandwidth consumption and latency,
whereas LargeML performs deeper analysis for high-accuracy
insights. This bidirectional integration, powered by emerging
technologies, helps fulfill the six core requirements of 6G net-
works. Detailed discussions of specific integration approaches
are provided in Section IV.

IV. EFFICIENT BIDIRECTIONAL INTEGRATION SOLUTIONS
FOR 6G AND BEYOND NETWORKS

A. Transfer Learning

TL, a subset of ML methods, enables knowledge reuse from
pretrained models across related tasks and domains (readers
can find more details of this technique in [27]), providing an
effective mechanism for TinyML–LargeML integration in 6G
networks. By combining large-scale server-based training with
lightweight on-device adaptation, TL supports both scalability
and personalization. A generic TL framework for integration
consists of three main stages (see Fig. 4).

¬ Server-Side Training: A LargeML model fS is trained
on a source-domain dataset DS using high-performance cloud
or edge servers. The objective is to optimize model parame-
ters, comprising weights and biases, by minimizing the loss
function

fS = arg min
fS

1
|DS |

X
i∈DS

L (yi, fS (xi)) (1)

where {xi, yi}i∈DS represents the training samples, and fS (xi)
denotes the model’s activation after processing input feature
xi. The loss function L(·) varies depending on the learning task
and may include metrics such as cross-entropy, mean squared
error, MAE, or log-likelihood.

Different server-side training architectures can be adopted
[81], including: 1) hybrid training (cloud pretraining with edge
fine-tuning); 2) distributed training (workload split between
cloud and edge); 3) hierarchical processing (edge prepro-
cessing before cloud training); and 4) enhanced availability
(separating edge servers during cloud outages). Compared to
standalone setups (e.g., two-tiered client-edge/client-cloud),
multilevel collaboration offers greater flexibility in balancing
communication and computational overhead.

­ Pretrained Knowledge Transfer: After training in the
source domain, selected model components tS ⊂ fS are
transferred to the target domain. The effectiveness of this
process relies on answering four guiding questions [82], [83]
as follows.

1) What to Transfer: The transferred knowledge may
include model parameters (weights and biases), feature
extractors, embeddings, or even relational structures.
The choice depends on the similarity between source
and target tasks. Parameters are most effective when
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tasks are closely related, while feature- or relational-
based knowledge suits domains with shared patterns but
different label spaces.

2) When to Transfer: Knowledge can be transmitted within
[84]: 1) real-time, immediately after model updates,
enabling rapid adaptation in dynamic environments;
2) periodic/semi-real-time, following scheduled intervals
(e.g., daily and weekly), useful in stable or predictable
contexts; and 3) on-demand, initiated by the TinyML
device when additional knowledge is required, reducing
communication overhead in autonomous scenarios.

3) Where and How to Transfer: The “where” aspect refers
to identifying the target domain where the knowledge
will be applied (e.g., TinyML devices). The “how”
aspect ensures compatibility and maximizes the effec-
tiveness of knowledge use in the target domain. Effective
transfer depends on both domain similarity and the
selection of optimization techniques. Transfer is typi-
cally more successful between domains with overlapping
characteristics.

Examined through these guiding questions, TL can be
categorized according to several criteria [83] as follows.

1) Label Availability: Transductive (labels only in source),
inductive (labels only in target), or unsupervised (no
labels in either domain).

2) Domain Alignment: Homogeneous (shared feature and
label spaces) and nonhomogeneous (otherwise).

3) Transfer Mechanism: It includes approaches: 1)
instance-based TL, reweighting or selecting relevant
source samples; 2) feature-based TL, learning shared
representations via dimensionality reduction or trans-
formations; 3) parameter-based TL, reusing pretrained
weights and biases as initialization for target train-
ing; and 4) relational-based TL, transferring structural
knowledge such as graphs, relationships, or relational
patterns.

® Model Personalization and On-Device Adaptation: Each
TinyML device n ∈ N = {1, . . . ,N} adapts the trans-
ferred model using its local dataset Dn. Fine-tuning typically
involves freezing pretrained layers tS while updating TinyML
lightweight layers gn for device-specific tasks. Domain adap-
tation methods, such as adaptation layers [85] or correlation
alignment (CORAL) [86], help reduce distributional shift
between DS and Dn such that

gn = arg min
gn

1
|Dn|

X
j∈Dn

L
�
yn

j , tS
�
xn

j

��
+ λ`DS ,Dn (2)

where λ > 0 controls the tradeoff, and `DS ,Dn quantifies the
discrepancy between domains, enabling personalized learning
while keeping all sensitive data on-device.

Recent studies have explored TinyML–LargeML integration
via TL across diverse applications. For example, TINYTL
[42] uses ProxylessNAS-Mobile for source-domain pretraining
and fine-tunes TinyML devices with a once-for-all network,
applying parameter-based TL for tasks like object and facial
attribute recognition of cars, aircraft, flowers, birds, pets, food,
and celebrities. Similarly, Ostrovan [40] introduces a bidi-
rectional integration using CNN pretraining with TensorFlow
Lite Micro, pruning, and quantization for in-car presence
detection and classification. In [87], a bidirectional integration
system with feature-based TL leverages a deep neural network
(DNN) source-domain backbone and a CMSIS-NN target

Fig. 5. TinyML–LargeML system with FTL.

model for IoT health trackers, supporting object and activity
recognition. Furthermore, Azevedo et al. [88] apply feature-
based TL with VGG-16, DenseNet, and MobileNet backbones,
deployed through Edge Impulse’s EON Tuner for face mask
detection. Another study [89] combines a DNN-long short-
term memory (LSTM) model with parameter-based TL for
soil humidity prediction in smart agriculture, fine-tuned on
TinyML devices with TensorFlow Lite Micro and quantization.
Hayajneh et al. [90] introduce a feature-based TL bidirectional
system for motion classification, using principal component
analysis (PCA) for dimensionality reduction and a CNN-
LSTM trained on large datasets, with Raspberry Pi as an
edge intermediary platform. Finally, Kwon et al. [91] present
a feature-based TL framework enhanced with meta-learning,
using pretrained MCUNet, MobileNetV2, and ProxylessNAS,
then fine-tuned on TinyML devices via a task-adaptive sparse-
update method to support few-shot cross-domain classification
under dynamic constraints.

B. Federated Transfer Learning
TL methods (Section IV-A) work only when source

and target domains share related tasks and some dataset
similarities. In 6G systems, these conditions rarely hold
because massive device populations generate highly non-
IID, heterogeneous, and context-dependent data. Federated
transfer learning (FTL overcomes this by combining FL’s
collaborative training with TL’s cross-domain adaptation:
source-domain clients train the initial global model, and
target-domain clients then adapt and personalize it to their
own data and tasks (see [28] for more details).

1) Vanilla FTL: Vanilla FTL is the core form of FTL in
which multiple parties jointly train a model without sharing
raw data, even when their feature spaces and data distri-
butions differ. It links local feature extractors to a shared
prediction model optimized through privacy-preserving gra-
dient exchange. This separation supports scalable knowledge
reuse and fine-grained personalization across heterogeneous
6G devices, making it well-suited for privacy-sensitive
TinyML–LargeML deployments.

Fig. 5 illustrates the workflow of this FTL-based approach.
The FTL process begins with the standard FL protocol,
differing primarily in the initialization of the global model.
Specifically, the FL phase includes the following steps.

¬ Initial Global Model Sharing: Unlike conventional FL,
where the global model starts with random weights, FTL
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initializes it with a pretrained LargeML model fS , trained
on the server’s large dataset DS such that f (0)

S =

arg min fS 1/|DS |
P

i∈DS
L(yi, fS (xi)). Once trained, f (0)

S is dis-
tributed to a source client set K = {1, . . . ,K}.
­ Local Training: In round t, each source client k ∈ K exploits
its dataset Dk to train a local copy of the model using the
loss function f (t)

S ,k = arg min f (t−1)
S

1/|Dk |
P

j∈Dk
L(yk

j, f (t−1)
S (xk

j)),
adapting the model to local patterns.
® Local Model Update: Subsequently, each client uploads its
updated parameters f (t)

S ,k to the server for aggregation.
¯ Server-Side Aggregation: The server aggregates client
updates into a new global model using either FedAvg [92],
proportion-based weighting [93], or advanced heterogeneity-
aware aggregation methods to minimize the global loss:
f (t)
S = arg min f (t)

S ,k

P
k∈K rk/|Dk |

P
j∈Dk

L(yk
j, f (t)

S ,k(xk
j)), where

rk = |Dk |/
PK

k=1 |Dk | is the ratio of client k’s data size to the
total data size.
° Global Model Update: The updated global model is then
sent back to the source clients.

Steps ­ to ° are repeated until the global model reaches
satisfactory performance.

Step ± presents a knowledge transfer phase. Once the global
model has been sufficiently trained and demonstrates strong
generalization, the server transfers the useful components of
the pretrained global model fS , denoted tS ⊂ fS , to the
target TinyML devices (target clients). This transferred model
encapsulates the knowledge learned from source clients.

Step ² stands for model personalization and on-device
adaptation. Each target TinyML device n ∈ N = {1, . . . ,N}
fine-tunes tS with its smaller, domain-specific dataset Dn.
Depending on task similarity, adaptation may involve updat-
ing all layers tS or only a subset. TinyML devices employ
lightweight models gn, trained with the objective function
(2). This enables efficient personalization without retraining
from scratch, conserving computational resources and reduc-
ing latency.

Recent studies have applied FTL to integrate TinyML
and LargeML across diverse domains. For example,
TINYFEDTL [94], a parameter-based FTL framework, pre-
trains MobileNetV2 and adapts Perf-MobileNet (part of the
TinyML Perf Benchmark) for personalized model adaptation
on IoT edge devices, improving the quality of experience
(QoE) under resource constraints without compromising pri-
vacy. FEDHEALTH [95], a parameter-based FTL framework,
employs a CNN backbone and fine-tuning for wearable health-
care, supporting activity recognition and auxiliary Parkinson’s
disease diagnosis with high accuracy and privacy preservation.
ACGAN-FTL [96] integrates auxiliary classifier generative
adversarial networks for Raspberry Pi-based TinyML devices,
predicting the quality of prebaked carbon anodes in industrial
production. In [97], a feature-based FTL bidirectional integra-
tion system using Genann outperformed standalone FL, TL,
and TensorFlow Lite fusion across classification and regression
tasks, demonstrating effective device-specific adaptation on
Arduino Wi-Fi Rev2, MKR1010, ESP8266, and ESP32.

From a hierarchical FTL perspective, IOTDEFENDER [98]
employs three edge servers running FL, aggregated at a
cloud server, with CNN-based pretraining and parameter-
based TL for intrusion detection in resource-constrained IoT
networks. Upon this, HFTL [99] introduces a hierarchical FTL
framework that incorporates additional fog servers. These fog
servers aggregate models from associated edge servers before

forwarding them to a cloud server for further aggregation.
Using VGG-16, ResNet50V2, and MobileNet as pretrained
models, fine-tuned with an additional DNN, HFTL achieves
secure and efficient fault classification in additive manufactur-
ing, with parameter-based TL as the core approach.

2) Advanced FTL: Federated meta-learning (FML) aims to
achieve a higher level of generalization and adaptability by
enabling models to learn new tasks rapidly through meta-
knowledge acquired from diverse clients or domains [100].
Unlike standard FTL, transferring knowledge across related
tasks, FML trains models to adapt to previously unseen tasks.
This “learning how to learn” capability improves robustness
and broadens applicability, supporting both knowledge transfer
and efficient task-specific adaptation.

Several studies have explored FML for TinyML–LargeML
integration. TINYREPTILE [101] combines FL and online
learning to collaboratively train RNN initializations on
resource-constrained IoT devices, enabling rapid adaptation to
new targets. Evaluated on sine-wave, Omniglot, and keyword
spotting datasets, it demonstrated efficient implementation
on Raspberry Pi 4 and Cortex-M4 MCU using parameter-
based TL. TINYMETAFED [102] extends this approach
with an algorithm that reduces energy consumption and
communication overhead, accelerates convergence, and stabi-
lizes training on similar TinyML devices. Building on both
TINYREPTILE and TINYMETAFED, the framework in [103]
introduces an advanced prototype with a CNN backbone and
MLPerf Tiny Benchmark, supporting personalized adapta-
tion for handwritten character recognition, keyword spotting,
and smart-building presence detection. Finally, PMFED [104]
applies a pretrained CNN fine-tuned on the Raspberry Pi
3B for personalized adaptation in IoT health monitoring,
achieving efficient performance in defibrillation support, atrial
fibrillation detection, and human activity recognition.

On the other hand, federated foundation models (FFMs)
integrate the strengths of foundation models (FMs) and FL,
enabling decentralized clients to collaboratively adapt pre-
trained LargeML models without exchanging raw data. This
approach combines the privacy advantages of FL with the
TL benefits of TFMs [21]. Federated fine-tuning (FedFT)
of FMs allows each client to locally personalize a shared
model while maintaining data confidentiality. To reduce com-
putational overhead, PEFT techniques such as LoRA, adapter
modules, and prompt tuning are widely applied [21].

Recent work has advanced FFMs and FedFT for FMs on
resource-constrained edge devices. FEDPT [105] introduces
a federated proxy-tuning method, reconstructing full-sized
LoRA modules from predictions for server-side aggrega-
tion, reducing computational and communication overhead
but struggling under non-IID data. To address heterogeneity,
HETLORA [106] standardizes LoRA modules via zero-
padding and rank truncation, improving convergence in tasks
such as multisession chat dialog and text summarization.
CAFF [107] further improves accuracy and fairness in lan-
guage and vision classification tasks by combining tiny
transformers with a layer-wise FedFT and NN selection
strategy. FEDD2P [108] distills aggregated knowledge into a
prompt generator, enabling frozen FMs to adapt efficiently to
downstream vision tasks (e.g., image classification or satellite
imagery analysis). Moreover, FWDLLM [109] reduces foot-
print and accelerates convergence by using BP-free training
with PEFT and injecting minor self-generated perturbations
into model parameters.

Authorized licensed use limited to: Technical University of Ostrava. Downloaded on August 12,2026 at 06:05:25 UTC from IEEE Xplore.  Restrictions apply. 



VU et al.: INTEGRATION OF TinyML AND LargeML: A SURVEY OF 6G AND BEYOND 20569

Fig. 6. TinyML–LargeML systems. (a) VSL. (b) PSL.

To further improve efficiency in heterogeneous environ-
ments, several studies integrate sparse architectures like MoE
with PEFT. For instance, FEDFMSL [110] incorporates a
two-stage MoE-based FedFT, training global experts before
fine-tuning local experts for improved personalization, with
sparsely activated LoRA matrices guided by historical per-
formance tracked in a capability queue. This approach yields
performance gains and resource savings in various image
classification tasks, such as food recognition, land use, land
cover, and human action detection. FEDMOE [111] extends
FEDFMSL by dynamically activating submodels via global
expert recommendations, achieving faster convergence in
NLP tasks such as text classification, summarization, and
reading comprehension. Finally, A3SMOE [52] introduces
resource-conditional computation, activating sparsely activated
MoEs based on client resource availability, surpassing prior
LoRA-based techniques in instruction-tuning and comple-
ments existing heterogeneous LoRA methods.

C. Split Learning
SL is an ML paradigm for collaborative model training in

resource-constrained environments, allowing devices to jointly
train a complete model while enhancing learning efficiency
(see [74] for more details). SL is particularly suitable for
integrating TinyML and LargeML within 6G and future net-
work architectures. By partitioning the model across client
devices and servers, SL allows TinyML devices to participate
in training and inference tasks without becoming overwhelmed
by the computational demands of LargeML while also pre-
serving data privacy. Two main SL variants can be applied to
TinyML–LargeML systems: vanilla SL (VSL) and parallel SL
(PSL).

1) Vanilla Split Learning: VSL is the foundational form
of SL in which the training process proceeds sequentially
between clients and a coordinating server [112]. The server
can follow a standalone architecture (e.g., client-edge or client-
cloud) or a multilevel collaborative model.

Fig. 6(a) illustrates a VSL-based integration of
TinyML–LargeML, in which a standalone cloud or edge
server collaborates with multiple TinyML devices during
training. Typically, a smaller submodel Tn resides on each
TinyML device, and a larger submodel L is hosted on the
server [112]. Each client n ∈ N trains on its local dataset
Dn = {xn

j , yn
j }
|Dn |

j=1 . Together, they form a temporary global

model Gn = {Tn; L}. Training proceeds over R outer rounds,
where clients interact with the server in a round-robin fashion.
For each client, T inner iterations are executed before moving
to the next. During each inner iteration, it proceeds as follows.

1) Step (n.1): Client n performs forward propagation (FP)
through its local model Tn, up to the designated split
(or cut) layer. The objective is to minimize its local loss
function L̄(Gn|Dn) ∆

= 1/|Dn|
P

j∈Dn
L(yn

j ,Gn(xn
j )). This

produces intermediate feature representations, called
smashed data, Tn(xn).

2) Step (n.2): The smashed data and labels, {Tn(xn), yn}, are
transmitted to the server. Data may be sent in full batches
or mini-batches depending on optimal hyperparameters
or task-specific requirements [113].

3) Step (n.3): The server continues FP using L, computes
the gradients of the loss function L̄(Gn|Dn) to generate
∇L̄(L) and ∇L̄(Tn(xn)). Then, it performs server-side
local backward propagation (BP) by updating L← L −
ηS∇L̄(L), where ηS is the server learning rate.

4) Step (n.4): The server sends the smashed data gradients
∇L̄(Tn(xn)) back to client n.

5) Step (n.5): Client n updates its local submodel as Tn ←

Tn − ηn∇L̄(Tn(xn)), where ηn is the client learning rate.
For consistency, the terms ηS and ηn are reused with the
same definitions in subsequent sections.

This exchange completes one inner iteration. During the
outer iterations, the aim is to minimize the global loss function
min{Gn}∀n

P
n∈N |Dn|L̄(Gn|Dn)

ıP
n∈N |Dn|. After convergence,

TinyML devices can employ the global model G for inference
on a designated target task.

The integration of VSL-based TinyML with LargeML has
enabled a diverse range of applications for tasks in resource-
constrained environments. Specifically, a two-stage wireless
channel adaptive split inference method [114] addresses edge
device memory and energy limits by dynamically adjusting
split points based on real-time channel gain, improving pri-
vacy, inference accuracy, and adaptability. Similarly, ARES
[115], an adaptive resource-aware SL scheme, mitigates strag-
glers through device-specific split layers, balancing energy use,
training time, and throughput variability. An adaptive SL algo-
rithm based on Lyapunov theory [116] further reduces training
delay and energy consumption by dynamically selecting split
layers and allocating server-side resources in edge networks.
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When extended to multilevel server collaboration, VSL can
be deployed via multihop SL [74], where cloud and edge
servers form a hierarchical chain. In this setup, initial layers
run on TinyML devices, intermediate layers on distributed
servers, and final layers on a central server [117]. During
training, inference proceeds forward through the network
while BP sends gradients backward to update each node’s
parameters [118], [119]. With N TinyML devices and K
servers, each inner iteration requires 2NK inference and BP
steps, highlighting the need for latency-efficient algorithms.

Beyond serial data flow, centralized smashed data routing
[74] can also be implemented in 6G networks by integrat-
ing ad hoc data routing and centralized model partitioning,
enabled through software-defined networking (SDN). This
approach must consider bandwidth, memory, and computing
constraints. Effective server coordination is crucial for com-
patibility between model segments, especially with non-IID
data distribution across TinyML devices, necessitating periodic
synchronization of model parameters for consistency.

2) Parallel Split Learning: The sequential training process
of VSL leads to significant training latency and struggles
to scale with more TinyML devices, particularly with the
anticipated connectivity in 6G networks. In addition, the non-
IID nature of client data can bias model performance. PSL
addresses these issues by allowing multiple TinyML devices
to train their models concurrently, which reduces training time
[120], offers “semi-scalability” with more devices, and helps
mitigate the effects of non-IID data in 6G environments.

Fig. 6(b) illustrates the workflow of PSL-based
TinyML–LargeML systems under a standalone server
architecture. Unlike VSL-based bidirectional integration,
which requires N sequential rounds of FP and BP, PSL
completes training with a single round, regardless of N.
This is the basis of semi-scalability, meaning the number of
propagation rounds is scalable on the client side. However,
the server-side training workload (i.e., smashed data gradients
and computational workload) still scales proportionally
with N. The inner-iteration training process of a PSL-based
TinyML–LargeML system proceeds as follows.

¬ Simultaneous Client-Side Local FP: Each TinyML device
n ∈ N trains on its local dataset Dn using its model segment
Tn, generating smashed data Tn(xn) at the designated split
layer.
­ FP of Smashed Data: Each device transmits its smashed
data and labels, {Tn(xn), yn}, to the server. The server receives
these inputs concurrently from all devices.
® Server-Side Local FP and BP: The server trains the
concatenated smashed data S = [T1(x1); . . . ; TN(xN)] using
its model segment L. Concurrent training accelerates the
overall local FP and generates the model output ŷ = L(S).
Given the predicted result ŷ and the concatenated ground-
truth labels y = [y1; . . . ; yN], the server computes the loss
value L̄(y, ŷ). Further process includes calculating gradients
for updating L, i.e., ∇L̄(L(S)) and for each set of smashed
data, i.e., ∇L̄(Tn(xn)) before performing the local BP as
L← L − ηS∇L̄(L(S)).
° BP of Smashed Data Gradients: The computed gradients
∇L̄(Tn(xn)) are returned to each respective TinyML device in
parallel.
± Simultaneous Client-Side Local BP: Each TinyML device
performs local BP and updates its model parameters, i.e.,
Tn ← Tn − ηn∇L̄(Tn(xn)).

These training steps are repeated over consecutive rounds
until the model converges, i.e., by minimizing the global loss
function

min
L,{Tn}∀n

X
n∈N

X
j∈Dn

L
�
yn

j ,L
�
Tn
�
xn

j

��� 1P
n∈N |Dn|

. (3)

After convergence, each TinyML device fine-tunes the model
to its specific task. However, two potential issues arise as
follows.

1) Although PSL helps prevent overfitting caused by align-
ing the end-to-end output model too closely with the
distribution of the previous client, the highly non-IID
nature of data across TinyML devices can reduce the
convergence rate. This may require server or client-
side aggregation strategies. Relevant solutions include
EDGESPLIT [121] and FSL.

2) The server assumes the primary training workloads from
N TinyML devices, which does not scale as N → ∞.
Although cloud/edge servers are generally powerful,
they could still become bottlenecks in the massive con-
nectivity expected in 6G systems. An efficient variant,
PSL (EPSL), addresses this issue [122].

Further discussion of EDGESPLIT and EPSL is given in
Section IV-C3; details of FSL are provided in Section IV-D.

Recent studies have applied PSL to TinyML–LargeML sys-
tems [123], [124], [125]. A privacy-sensitive PSL framework
in [123] enables PSL training across multiple resource-
constrained devices, mitigating overfitting from non-IID train-
ing orders and varying dataset sizes on resource-constrained
devices while preserving privacy. ADASPLIT [124] enhances
scalability in heterogeneous, resource-constrained systems by
minimizing on-device computation, optimizing server-side
processing, and reducing via sparse model updates without
requiring server gradients on clients. In [125], PSL-based bidi-
rectional integration is modeled as a multiplayer bargaining
problem to identify optimal split-layer strategies, balancing
computation, transmission energy, training time, and data
privacy, while showing robustness on non-IID datasets.

In PSL-based TinyML–LargeML systems involving mul-
tilevel server collaboration, the architecture extends beyond
simple client-edge or client-cloud configurations by incorpo-
rating multiple servers or hierarchical layers of servers that
collaborate during the training process. Such setups require
server orchestration and aggregation strategies, necessitating
advanced PSL schemes to coordinate interactions between
server layers and integrate TinyML with LargeML seamlessly.
Detailed in Section IV-C3, this class of schemes is referred
to as advanced PSL, where parallel-server PSL [126] and
multihop PSL [127] serve as pioneering frameworks. These
frameworks support the development of more sophisticated
server orchestration and aggregation methods.

3) Advanced Parallel Split Learning: This section intro-
duces EDGESPLIT and EPSL, which are advanced PSL
schemes designed to address the highly non-IID nature of
data across TinyML devices. Both schemes consider model
aggregation at the server side. EPSL further provides full
scalability. The details of each scheme are described below.

EDGESPLIT [121] is an advanced PSL variant designed to
address the challenge of highly non-IID data distributed across
TinyML devices. Non-IID data causes local models trained on
individual TinyML devices to diverge, reducing generalization
and degrading global model performance. EDGESPLIT intro-
duces a coordinated learning approach across diverse datasets
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Fig. 7. Integrated TinyML–LargeML system with EDGESPLIT.

while preserving the core benefits of PSL. Fig. 7 illustrates the
inner-iteration training steps of EDGESPLIT, which begins by
a standard PSL procedure: ¬ Simultaneous client-side local
FP; ­ FP1 of smashed data; ® server-side local FP and local
BP; ¯ BP1 of smashed data gradients; and ° simultaneous
client-side local BP. The subsequent steps introduce the key
advances of EDGESPLIT over conventional PSL.

¬ FP2 With Updated Weights: After client-side local BP,
each TinyML device forward its updated model weights Tn
to the server. These weights incorporate the local learning
adjustments made by each device based on its non-IID data.
­ Server-Side Aggregation: The server aggregates all updated
weights received from TinyML devices using an algorithm,
such as FedAvg [92]

TFedAvg =
X
n∈N

|Dn|Tn

.X
n∈N

|Dn|. (4)

This step harmonizes learning across all devices by combining
their weights and enables the server to produce a more gen-
eralized model that reflects the diversity of data distributions.
® BP2 of Aggregated Weights: The server broadcasts the
aggregated weights TFedAvg to all TinyML devices, ensuring
that each device updates its model with globally informed
weights that reduce the impact of non-IID data.
¯ Updated Client-Side Model: Each TinyML device receives
the globally aggregated model TFedAvg and updates its weights
accordingly, i.e., Tn ← TFedAvg ∀n, to synchronize all devices
with a consistent model.

This iterative process continues until convergence, guided
by the global objective function defined in (3). During the
inference phase, each TinyML device adapts the converged
model to its specific target task.

EDGESPLIT is used for selected TinyML devices. In the
context of widespread 6G connectivity, device heterogeneity
is common, leading to variations in computing power, data dis-
tribution, and channel conditions. Cluster-based PSL (CPSL)
[128] addresses this by clustering devices based on shared
characteristics like computing capabilities. This results in
clusters with stable data distributions, enabling more efficient
training and enhanced model performance.

Conventional PSL methods like EDGESPLIT and CPSL
scale well on the client side but still leave heavy computation
on the server. EPSL [122] addresses this imbalance with a

Fig. 8. Integrated TinyML–LargeML system with EPSL.

revised aggregation strategy that lowers server-side cost and
training latency, achieving full end-to-end scalability. Its main
steps are shown in Fig. 8 and summarized below.

¬ Simultaneous Client-Side Local FP: Each TinyML device
n ∈ N independently trains on its local dataset Dn using its
local model segment, Tn. The device generates smashed data
Tn(xn) at the designated split layer. This step is executed in
parallel across all devices.
­ FP of Smashed Data: Devices transmit their smashed data
and labels, {Tn(xn), yn}, to the server. The server processes
these multiple smashed data streams concurrently.
® Server-Side Local FP: The server concatenates the smashed
data S = [T1(x1); . . . ; TN(xN)], then forward this data through
its model segment L to generate the predicted output ŷ = L(S).
¯ Gradient Aggregation and Server-Side Local BP: The server
uses the loss L̄(y, ŷ) to compute the last-layer activation
gradients Ga, where y = [y1; . . .; yN] is the concatenated
ground-truth label vector. Aggregating these activation gra-
dients compresses the information passed back to clients,
which substantially reduces server-side computation, lowers
training latency, and improves scalability [122]. The server
then computes its own model gradients, denoted GS . The
parameter update for the server-side model is expressed as
L← L − ηS GS .
° BP1 (Aggregated Gradients): The server broadcasts the
aggregated activation gradients Ga, computed at the split
layer by performing BP on the last-layer aggregated activation
gradients, to all participating TinyML devices.
± BP2 (Unaggregated Activation Gradients): To enable more
precise updates, the server also sends the unaggregated acti-
vation gradients, denoted Gu, computed at the split layer
by performing BP on the last-layer aggregated activation
gradients, to the respective TinyML devices.
² Client-Side Local BP: Each TinyML device uses the
received gradients Ga and Gu to compute its local gradient
Gn and update its model segment Tn ← Tn − ηnGn.

The EPSL training process is repeated until convergence.
Similarly, (3) can be used as the global objective function for
the EPSL training process. During inference, each TinyML
device adapts the trained model to its specific task, enabling
personalized performance on its local data. Compared to stan-
dard PSL, EPSL reduces BP computation and communication
complexity from O(N) to O(1), achieving full scalability [74].
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Fig. 9. Integrated TinyML–LargeML system with FSL.

EPSL also introduces a tunable aggregation ratio, denoted r, in
the BP phase, enabling a tradeoff between computational and
communication efficiency while maintaining learning accu-
racy. When r = 0, EPSL reverts to PSL.

From the PSL-based multilevel server collaboration frame-
work introduced in Section IV-C2, two extensions have been
proposed: parallel-server PSL and multihop PSL. In parallel-
server PSL [126], multiple servers concurrently process model
segments for resource-constrained clients, requiring orches-
tration management and joint optimization of client-server
assignments and scheduling to minimize training time. Due
to its NP-hard nature, two scalable solutions are suggested:
1) a decomposition-based method utilizing structural symme-
try, and 2) a lightweight alternative with low computational
overhead. Conversely, multihop PSL [127] enhances tradi-
tional multihop SL with pipelined, parallel execution. Each
locally trained TinyML device generates smashed data at a
split layer and sends it to the first server, where inference
and backpropagation occur sequentially, akin to multihop SL
in Section IV-C1. After backpropagation, devices receive syn-
chronized gradient updates for aggregation. Unlike multihop
SL, multihop PSL reduces inference and backward steps to
(2K + 2), independent of the number of devices N.

D. Federated Split Learning

PSL parallelizes client-side model training (see Sec-
tion IV-C2) while handling highly non-IID client data,
effectively blending the advantages of split learning and feder-
ated learning [129]. Federated split learning (FSL) differs from
PSL, EDGESPLIT, and EPSL by distributing responsibilities
across two cooperating servers: a main cloud server and a Fed
server that runs FedAvg. In FSL, the Fed server aggregates
updated local models from clients using FL-based techniques
(see [130] for more details).

1) Vanilla FSL: Vanilla FSL, the simplest and founda-
tional form of FSL, merges the core ideas of SL, where
the model is cut at a chosen layer, and clients only com-
pute the early part of the network, with FL, where many
clients participate in training while keeping their data local.
This process is illustrated in Fig. 9, with the key steps as
follows.

¬ Simultaneous Client-Side Local FP: Each TinyML device
n ∈ N performs local FP on its model segment, Tn, using its
local dataset Dn to generate smashed data Tn(xn) at the split
layer.
­ FP of Smashed Data: Devices concurrently transmit the
smashed data and corresponding labels {Tn(xn), yn} to the main
server for further centralized processing.
® Main-Server Processing: The main server processes the
smashed data in both local FP and BP using either strategies
of SplitFedV1 (when the server has substantial computing
capacity and can efficiently execute parallel processing) or
SplitFedV2 (personalized updates on the main server are
essential, and client data is relatively homogeneous) [129],
[131]. In SplitFedV1, each client’s smashed data is separately
processed and parallelized on its model segment L, where the
loss value L̄(yn, ŷn) and its gradient ∇L̄(yn, ŷn) are calculated
based on the predicted output ŷn = L(Tn(xn)) and ground-
truth label yn. In the subsequent steps, the server aggregates
the gradients of the smashed data and updates the server-
side model using the FedAvg algorithm [92], expressed as
L← L− ηS

P
n∈N |Dn|∇L̄(yn, ŷn)

.P
n∈N |Dn|. In SplitFedV2,

the server processes client smashed data sequentially on L,
following a randomly determined client order represented
by the list S and the computation of ∇L̄(yn, ŷn) akin to
SplitFedV1. Instead of aggregation, the server sequentially
process the data in the order defined by S to update the global
model after each local FP using the rule L← L−ηS∇L̄(yn, ŷn)
and continuing until all clients in the list S are processed.
¯ BP of Smashed Data Gradients: After performing local FP
and BP on the server-side model, the main server returns the
evaluation of ∇L̄(yn, ŷn) to TinyML devices.
° Client-Side Local BP: Upon receiving the gradients from the
main server, each TinyML device n ∈ N calculates ∇L̄(Tn(xn))
and performs local BP, updating its model as Tn ← Tn −

ηn∇L̄(Tn(xn)).
± Client-Side Local Model Upload: Devices upload their
updated local model to the Fed server for aggregation.
² Fed-Server Aggregation: The Fed server aggregates the
client-side local models using (4) to generate a global
client-side model TFedAvg that incorporates updates from all
participating TinyML devices.
³ Client-Side Global Model Update: TFedAvg is returned to all
TinyML devices.
´ Client-Side Local Model Synchronization: Device update
their local model with the rule Tn ← TFedAvg ∀n. This
step ensures that all devices converge toward improved and
consistent model performance.

This FSL cycle repeats iteratively until the overall model
converges. During inference, each TinyML device adapts the
converged model to its specific target task.

Several recent studies have explored the use of FSL for inte-
grating TinyML and LargeML in a range of applications [132],
[133], [134], [135]. Building upon SplitFedV1, SPLITGP
supports bidirectional training for personalized client models
and generalized server models, surpassing baselines [132].
Similarly, ESFL enhances training stability by incorporating
prior global models, using an iterative algorithm to solve
its NP-hard optimization, improving efficiency over standard
FL, SL, and FSL [133]. For SplitFedV2, ADAPTSFL dynam-
ically adjusts model splitting and aggregation to optimize
latency and convergence on resource-constrained devices, out-
performing benchmarks [134]. Meanwhile, FEDSL enables
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robust healthcare analytics on wearables, excelling in medical
imaging across diverse data [135]. Furthermore, hierarchical
FSL frameworks boost efficiency: one trains multiple edge
server-client pairs with cloud aggregation for resilience [136],
while another uses parallel multiclient setups for enhanced
performance on IoT devices [137].

2) Federated Split Models and Fine-Tuning: Federated split
FMs (FSFMs) extend the FL framework by partitioning large
FMs across clients and servers, enabling distributed training
and inference with reduced local resource requirements [138].
Clients train or fine-tune distinct FM segments collaboratively,
preserving privacy by not exposing raw data and lowering
computational overhead. Federated split fine-tuning (FedSFT)
further enables client-side personalization of model compo-
nents while retaining global knowledge through coordinated
updates. Compared to standard FL and FFMs, FSFMs improve
scalability by exchanging only compact smashed data rather
than full model parameters [138]. These features position
FSFMs and FedSFT as particularly suitable approaches in
6G scenarios characterized by device heterogeneity, limited
computational capacity, and stringent privacy requirements.

For instance, SFPROMPT [139] is a prompt-based FedSFT
framework for privacy-sensitive, resource-constrained edge
environments. By dividing pretrained FMs between server and
client and integrating soft prompts with local data pruning,
it improves FedFT efficiency while significantly reducing
computation and communication costs in image classification.
FEDSPLITX [140] introduces fine-grained FSFM with mul-
tiple model partition points to accommodate diverse client
capabilities in heterogeneous, resource-constrained edge envi-
ronments. Auxiliary networks at each partition reduce latency
and communication overhead, enhancing image classification
accuracy. FEDVZ [141] defends against gradient inversion
in FSFMs using vision transformers by replacing BP with a
zeroth-order optimization forward pass, enabling secure, effi-
cient training in constrained environments. Finally, PRINCE
[142] incentivizes high-quality device participation from mul-
tiple FSL tenants via strategic pricing, boosting FedSFT
performance in tasks such as image classification, sentiment
analysis, speech-to-text, and question answering.

E. Discussions and Lessons Learned
While Table IV outlines their key features and advances,

lessons learned from the TinyML–LargeML integration pro-
vide valuable insights for future research.

First, TL-based integration (Section IV-A) fine-tunes pre-
trained models on TinyML devices by updating only a subset
of parameters, reducing computational overhead and enabling
on-device adaptation. However, it assumes closely related
source and target domains, which limits generalizability.

Second, FTL-based integration (Section IV-B) enables
client-level personalization under highly non-IID data, aligning
well with 6G ubiquitous connectivity. FML further enhances
adaptability through meta-learning, while FFMs combine FMs
and FL to support collaborative, privacy-preserving, and
decentralized FedFT; efficiency is improved via PEFT, prompt
tuning, and MoE to handle model heterogeneity.

Third, SL-based integration (Section IV-C) allows resource-
constrained TinyML devices to participate in full model
training, but VSL suffers from high latency, limited scalability,
and overfitting risks due to sequential training. PSL mitigates
these issues through parallelization and partial non-IID han-
dling. Building on PSL, EDGESPLIT improves convergence

under highly non-IID settings, while EPSL further reduces
server-side workload and training latency, achieving full scal-
ability.

Finally, FSL-based integration (Section IV-D) combines SL
and FL to enable flexible aggregation and improved conver-
gence under highly non-IID data, with SplitFedV1/V2 serving
as foundational designs. Extensions such as FSFMs and FedFT
of split FMs support scalable, privacy-preserving personal-
ization via lightweight smashed-data exchange, though their
SL-based architectures remain sensitive to communication
latency and network conditions.

Notably, interdisciplinary collaboration continues to
advance and refine TinyML–LargeML integration strategies.
Active industry participation is equally important to ensure
that proposed solutions are both innovative and practical
for real-world deployment. Although 6G has not yet been
officially standardized, and it remains uncertain whether these
approaches will fully satisfy the requirements of 6G and
future networks, they represent meaningful progress toward
next-generation intelligent wireless networks.

V. APPLICATIONS OF TINYML–LARGEML INTEGRATION

A. Data Privacy and Network Security
Toward Network Privacy: Model inversion attacks pose

major risks when handling sensitive data, and integrat-
ing TinyML with LargeML provides a privacy-preserving
architecture by keeping inference and feature extraction on-
device while sending only abstracted representations or model
updates to the cloud [10], [144]. TinyML supports established
techniques such as federated learning [10] and differential
privacy [145], while its combination with LargeML enables
stronger ecosystem-wide protection through FTL [146], FML
[100], and FSL [129] (see Section IV). This integration is
especially important in healthcare [87], [95], [104], [135],
where TinyML wearables process physiological signals locally
and LargeML servers use aggregated insights for diagnosis and
prediction; similar benefits appear in smart agriculture [89],
where on-site analysis protects proprietary practices while
cloud models improve forecasting, and in smart homes and
cities [103], where local inference preserves user privacy while
LargeML enhances personalization and resource optimization.

Toward Network Security: TinyML devices operate under
strict memory and compute limits, often two to three orders
of magnitude below typical IoT or edge hardware [10], [60],
[147], making conventional security mechanisms impractical,
yet their integration with LargeML enables a multilayered
6G defense in which TinyML performs lightweight, real-
time anomaly detection at the edge [148] while LargeML
correlates traffic patterns across devices to uncover com-
plex attacks [143], as demonstrated by IOTDEFENDER [98],
which applies FTL across edge servers and cloud CNNs
for intrusion detection under hardware constraints. To secure
communication, TinyML supports lightweight encryption on-
device [149], while LargeML manages key distribution and
protocol orchestration, dynamically updating keys to reinforce
communication channels [150]. This hybrid approach balances
strong security with device limitations and underpins the 6G
privacy-and-security ecosystem illustrated in Fig. 10.

B. Network Management
The rise of IoT devices and mobile users has pushed 5G

networks to support ultrareliable low-latency communication
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TABLE IV

SUMMARY OF TINYML–LARGEML INTEGRATION SOLUTIONS

(uRLLC), massive machine-type communication (mMTC),
and enhanced mobile broadband (eMBB) using network
slicing, SDN, network function virtualization (NFV), and
multiaccess edge computing (MEC) [151]. Here, network
slicing creates virtual networks on shared infrastructure, SDN
and NFV provide flexibility through decoupling and virtual-
ization, and MEC reduces latency via edge processing. As
6G moves toward user-centric and intelligent management,
these traditional mechanisms become insufficient, necessitat-
ing closed-loop automation powered by ML and big data
analytics [152].

TinyML–LargeML integration offers a transformative
approach by combining edge efficiency with large-scale ana-
lytics for adaptive management. TinyML enables localized
optimization by monitoring metrics, like latency and traffic,
to sustain low-latency quality-of-service (QoS) in applications
such as smart factories [153]. LargeML aggregates data across

nodes, detects complex patterns, predicts failures, and orches-
trates network-wide resources, for instance, rerouting traffic to
preserve uRLLC, mMTC, and eMBB [154]. A notable exam-
ple is a Lyapunov-based adaptive split learning framework that
dynamically assigns split layers to TinyML devices, reducing
latency and energy consumption [116]. Fig. 11 illustrates such
bidirectional integration across domains. Applications span
major technologies: 1) in network slicing, TinyML monitors
metrics for real-time resource reallocation, while LargeML
predicts congestion and optimizes slice provisioning [155],
[156]; 2) in SDN, TinyML detects anomalies (e.g., DDoS
attacks) at the edge, and LargeML enhances traffic control
by predicting congestion and optimizing routes [157], [158];
3) in NFV, TinyML mitigates performance degradation, while
LargeML automates resource scaling [159]; and 4) in MEC,
TinyML minimizes latency through on-device inference, com-
plemented by LargeML’s orchestration to ensure efficient,
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Fig. 10. Complementary roles of TinyML and LargeML in enhancing data
privacy and network security in 6G systems.

Fig. 11. Applications of TinyML–LargeML integration in 6G network slicing,
SDN, NFV, and MEC management.

low-latency operation [160]. Examples include SPLITGP
[132], an FSL strategy that balances personalization (on-device
TinyML) with generalization (MEC-side LargeML), enabling
robust training-inference optimization across diverse inputs.

C. Intent-Based Networking
Intent-based networking (IBN) is a management paradigm

that translates high-level business objectives, or human-
readable “intents,” into automated network configurations
[161]. Using closed-loop automation, IBN continuously veri-
fies and enforces these intents through three processes [162]:
1) intent refinement, where user-defined intents are translated
into maintainable and adaptable network policies; 2) intent
activation, which leverages analytics and ML to detect and
resolve policy conflicts; and 3) intent assurance, which inte-
grates with SDN controllers and orchestration systems, using
telemetry for continuous monitoring and adjustment.

The effectiveness of IBN depends on the accurate interpre-
tation of user inputs (e.g., voice, text, and multimodal data).
As shown in Fig. 12, TinyML–LargeML integration supports
this objective. TinyML provides lightweight, on-device AI for
real-time intent detection and localized processing [163], while
LargeML aggregates intents across devices and translates them
into network actions and policies using techniques such as TL,
FTL, FFMs, SL, FSL, and FSFMs [164]. A notable example is
an intent-based on-device AI framework [165], where TinyML

Fig. 12. IBNs with TinyML–LargeML integration.

processes local sensor data (e.g., speech-to-text conversion and
intent translation), while LargeML manages centralized policy
coordination. This reduces reliance on cloud-only processing,
improving security, latency, and energy efficiency. Another
application is intent-based management for autonomous aerial
vehicle swarm networks [166], which combines TinyML with
explainable AI, blockchain, and zero-trust architectures. This
system supports interpretable, tamper-proof intent predictions
and detects false communications that may distort shared
positional data. Results in [166] demonstrate a 2.34% accu-
racy gain, 2.97% sensitivity improvement, latency reduced to
43.1 ms, and storage savings down to 0.0013 MB.

D. Zero-Touch Network
A zero-touch network (ZTN) leverages AI, ML, and IBN

to automate operations with minimal human intervention
[167]. By handling tasks such as configuration, monitoring,
and troubleshooting, ZTNs reduce operational costs, improve
efficiency, and free administrators for strategic planning. They
also enhance reliability by analyzing traffic and user requests
in real time, adjusting parameters, resolving faults, and restor-
ing services autonomously. Moreover, ZTNs align network
behavior with organizational policies while adapting to grow-
ing demands and evolving requirements. Importantly, ZTNs
integrated security mechanisms further enable real-time threat
detection and protection.

Achieving zero-touch automation with net-zero emissions in
AI-driven wireless networks demands energy-efficient TinyML
and LargeML integration, low-power transceivers, lightweight
AI models, and adaptive resource allocation [168]. Recent
research highlights a TinyML-LargeML ecosystem for 6G
ZTNs (see Fig. 13). In self-organizing networks, TinyML
optimizes neural network training on IoT devices, while
LargeML uses federated learning and DL at base stations or
clouds to balance computational loads and minimize energy
consumption [169]. In mobile networking, TinyML allows
autonomous IoT operations, while LargeML develops cov-
erage maps and offers AI-as-a-service (AIaaS), as shown
in NanoDeploy Automator [170]. In industrial IoT, TinyML
processes data locally, while LargeML enhances efficiency
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Fig. 13. ZTNs with TinyML–LargeML integration.

Fig. 14. BrainMeta with TinyML and LargeML.

and traffic management at gateways and clouds, as seen in
O-RAN-based ZTNs for smart factories [171]. Cross-layer
cybersecurity frameworks, like SH-CASH, utilize AutoML to
secure layers, with TinyML ensuring service-level agreement
compliance in O-RAN architectures [172].

E. Brain-Level Metaverse
The brain-level metaverse (BrainMeta) links

brain–computer interfaces (BCIs) with immersive virtual
worlds, allowing users to control avatars, interact with
objects, and navigate environments through brain signals
[173]. BCIs range from noninvasive EEG headsets [174] to
invasive implants [175], enabling personalized experiences in
virtual learning, gaming, remote work, and neurorehabilitation
while expanding accessibility for users with disabilities. Yet
BrainMeta remains early stage and must overcome challenges
in designing brain-inspired cognitive architectures under
strict size, weight, power, and processing limits [176], as
well as the need for efficient, high-performance models for
neural signal interpretation, cognition support, and adaptive
content generation, motivating integrated TinyML–LargeML
deployment (see Fig. 14).

TinyML can leverage neuromorphic chips [177] to sup-
port diverse neural message formats, customize processing
in brain-inspired devices, localize memory, and accelerate
tasks such as image recognition and classification, while
edge-based TinyML processors reduce latency and resource
use through circuits like winner-take-all implementations on
FPGA hardware [178]. LargeML complements this with
cloud-edge-end collaborative models, mobility-aware preren-
dering, and diffusion-based adaptive rendering [8], enhancing
data collection from TinyML devices and improving meta-
verse quality. Techniques include extracting generalized

representations from large-scale EEG datasets, segmenting
signals into channel arrays, and applying vector-quantized
neural spectrum prediction for training neural analyzers [179].
In addition, AMFL [180] combines FL and DRL to handle
non-IID data, reduce resource overhead, and improve QoE for
resource-constrained, human-centric AR devices.

VI. CHALLENGES AND FUTURE RESEARCH DIRECTIONS

A. Standardization
5G faces challenges with dynamic user demands and traffic,

while 6G aims to enable sustainable applications like hologra-
phy and the metaverse through TinyML–LargeML integration
[181]. This integration is designed for user-centric services
that adapt to changing behaviors and networks. However,
standardization issues impede the development of a fully
integrated ecosystem. The ITU-R identifies RAN slicing as
crucial for 6G virtual network sharing [182], requiring a
unified O-RAN architecture that supports diverse air interfaces
and AI functions. This architecture should offer customizable
service parameters, but shared infrastructure raises concerns
about transparency, reliability, and privacy. Standardization
bodies are advancing AI-driven wireless architectures. 3GPP’s
Releases 17 [183] and 18 [184] enhance 5G RAN with AI
for intelligence and efficiency, while the O-RAN Alliance
integrates AI for orchestration and control [185].

However, challenges remain in integrating TinyML and
LargeML across the network lifecycle. Proposals include a
secure TinyML edge AI architecture [64], explainable AI for
decision transparency [186], and a testbed for trustworthy net-
work management [187]. Sustainability efforts are supported
by an energy cost-of-AI metric [188]. At a higher level, a
shift to a multitier mNode model is proposed [181], featuring
distributed nodes and network AI logic. In addition, a digital
twin framework for AI-RAN can manage digital twins and
enable real-time adaptability in dense networks [189].

B. Resource Management and Orchestration
6G networks face rising orchestration and resource man-

agement pressures due to wireless channel uncertainty,
dense ISAC deployments, and carbon-reduction requirements.
AI/ML improves interference control, energy efficiency, and
reliability [190], but also raises concerns about privacy, com-
putational load, and scalability. New directions include DRL
paired with diffusion models for adaptive optimization [190]
and FTL with blockchain-based incentives for low-latency,
privacy-preserving coordination [191]. TinyML remains con-
strained by compute tradeoffs, vanishing gradients that demand
hardware acceleration, memory limits for semantic communi-
cation, limited real-world data, and environmental variability
[192]. LargeML, despite distributed learning, still struggles
with data segmentation, transmission errors in FL, and strict
privacy and coordination needs. Future methods such as
model-agnostic meta-learning [193] and accretionary learning
[194] may help alleviate these challenges.

At the orchestration layer, integrating AI into 6G network
slicing blends NFV-based virtualization with SDN’s central-
ized control: a global SDN controller handles planning and
provisioning, while AI-enhanced local controllers optimize
slice-level performance. Cross-domain AI coordination intro-
duces challenges in data and knowledge sharing, training
alignment, inference synchronization, and resource allocation
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[195]. As 6G shifts from centralized 5G models to distributed
learning, learning-model orchestration becomes more complex
and depends on node capacity, data properties, resource avail-
ability, model size, latency, and network dynamics. Assigning
specialized roles across slices enables scalable, efficient learn-
ing in 6G environments, e.g., horizontal FL for decentralized
data, hierarchical FL for reduced communication, TL for
efficient reuse, vertical FL for cross-domain learning, SL for
heterogeneous resources, multiagent RL for local coordination,
and swarm learning for secure joint training.

C. Advanced Security and Privacy-Preserving Techniques
As TinyML–LargeML integration becomes central to next-

generation wireless networks, security and privacy concerns
intensify, especially around adversarial threats, data protec-
tion, model integrity, and user privacy. TinyML’s limited
edge-device resources make sensors, smartphones in FL,
and wearables vulnerable to attacks, but adversarial train-
ing strengthens robustness [196], homomorphic encryption
protects data confidentiality and integrity [197], differential
privacy obscures sensitive information [198], and advanced
encryption secures model parameters during transmission
[199]. LargeML, operating across broader and multistake-
holder environments, also requires strong safeguards: model
distillation reduces computational demands while preserving
performance [37], GAN-based simulations improve cyber-
resilience [200], and blockchain ensures model integrity by
hashing and tracking TinyML model versions [198]. Addi-
tional privacy-preserving techniques, including data shuffling,
machine unlearning [201], synthetic data generation, pri-
vate teacher-ensemble aggregation, Rényi differential privacy,
secure cross-silo FL, and decentralized knowledge distillation,
further reinforce LargeML deployments.

D. Real-Time, Lightweight Intelligence
Beyond-5G and 6G networks are shifting from tradi-

tional M2M automation toward human-centric architectures,
demanding AI systems that provide real-time, lightweight
intelligence while meeting user-experience and sustainability
goals. Joint TinyML–LargeML deployment expands these
capabilities but also introduces challenges. TinyML devices
span a wide range of protocols, latency profiles, and hardware,
from Arduino Nano (64 MHz, 1-MB flash, and 256-kB RAM)
to Raspberry Pi (1.8 GHz, 32-GB flash, and 8-GB RAM) [3],
[10], emphasizing the need for compact, unified frameworks
that support plug-and-play deployment, efficient processing,
and lightweight runtimes [202]. LargeML, by contrast, handles
massive multimodal inputs and depends on prompt engineer-
ing, model partitioning, and hyperparameter tuning, all of
which incur high training costs, power consumption, and
memory demands [15]. Emerging techniques such as model-
adaptive prompts [203] and pluggable lightweight tuning [204]
can improve explainability and accelerate inference without
disrupting life-cycle pipelines.

Integration remains limited by the lack of standardized
platforms and tools for workflow management, data coordi-
nation, and runtime compatibility. Large models often require
specialized libraries, compilers, and runtimes with inconsistent
input/output specifications [29], making iterative refinement
necessary for reliable outputs. As a result, progress depends
not only on optimizing TinyML and LargeML individually but
also on developing guidelines and evaluation frameworks that

define task-specific roles, interoperability requirements, and
life-cycle management strategies across domains [205].

E. AI-Enabled 6G Communication-Sensing-Computing
Integrating TinyML’s real-time, low-power intelligence with

LargeML’s high-capacity reasoning creates a unified AI layer
for 6G, where communication, sensing, and computation
operate as a single adaptive system [206]. In this hier-
archy, TinyML provides fast on-device perception through
lightweight feature extraction and inference, while LargeML
offers deeper interpretation and coordination through global
optimization, multimodal fusion, and long-horizon prediction.
To do so, TinyML first semantically compresses sensed data
for efficient transmission [207]. LargeML then uses these rep-
resentations to optimize routing, beamforming, and spectrum
allocation, and finally, LargeML’s predictions guide TinyML
nodes to adjust sensing rates or modalities, forming adaptive
networks responsive to mobility, interference, and environ-
mental changes. This synergy supports scalable multimodal
sensing, energy-efficient operation, and human-centric services
[208], where edge devices capture fine-grained context and
cloud models infer intent or anticipate user needs.

However, integrating TinyML and LargeML in 6G intro-
duces significant challenges. First, model partitioning must
balance latency, energy, and accuracy across heterogeneous
devices [207]. Second, synchronizing TinyML’s millisecond-
scale inference with LargeML’s slower global reasoning
requires new timing and scheduling mechanisms. Third,
interoperability is hindered by diverse hardware, runtime
environments, and data formats across edge devices [209].
Fourth, security and privacy risks increase as sensitive edge
data interacts with large-scale models, demanding robust
protection against adversarial attacks, leakage, and model
manipulation. Finally, additional 6G-specific constraints (i.e.,
URLLC requirements, dynamic spectrum conditions, mobility-
induced channel variation, and sustainability targets [206],
[208]) further complicate joint deployment.

F. AI-Native and Collective AI for 6G
AI-native systems embed intelligence at the core of their

operation, aiming to solve complex tasks through data-driven
reasoning, adapt to dynamic environments, fuse foundational
knowledge with new insights, and maintain transparency and
trustworthiness for resilient autonomous networks [210]. Inte-
grating TinyML and LargeML into these architectures intro-
duces challenges such as coordinating constrained TinyML
with powerful LargeML for zero-touch automation, defin-
ing their roles across heterogeneous infrastructures, ensuring
interoperable lifelong learning, managing AI life cycles for
fairness and reliability, and balancing joint performance with-
out degrading TinyML accuracy. Collective AI extends this
vision through multiagent collaboration, where agents learn
locally toward shared goals without direct communication
[211]; platform-level collective reinforcement learning acceler-
ates convergence and reduces redundant training [212], while
system-level swarm intelligence supports IoT applications in
dynamic environments [213], though it still lacks unified
reasoning and coordination frameworks.

Integrating TinyML and LargeML into collective AI creates
new opportunities but also raises several challenges: sustaining
agent participation through incentive mechanisms, ensuring
efficient spectrum use in dense 6G IoT deployments, and
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addressing security, trust, and privacy concerns, as shared
outputs may expose sensitive information while blockchain
remains resource-intensive for constrained devices. Human–AI
collaboration further requires cognitive architectures capa-
ble of interpreting social signals, and ethical considerations,
including transparency, bias mitigation, and accountability, are
essential, especially as errors in LargeML outputs can have
significant real-world consequences.

G. Application Prospects and Outlook for 6G and AI
6G will unify TinyML at the edge with large-scale AI

models deployed across the network and cloud, creating an
intelligent and adaptive wireless environment. This integration
will enable real-time sensing, IBN, semantic communication,
and automated SDN/NFV orchestration, thereby forming the
foundation for immersive XR, holographic telepresence, and
large-scale digital twins [78], [214]. Early scenarios already
reflect this direction: in smart factories, TinyML sensors detect
anomalies locally and send only semantic insights, while edge
AI coordinates predictive maintenance and robotic actions
with subsecond latency. At the city scale, distributed TinyML
nodes monitor environmental and public-safety conditions and
feed compact features into collective AI systems that coordi-
nate drones, traffic flows, and emergency responses through
privacy-preserving FL.

Over the longer term, 6G is expected to evolve into an
AI-native network where intelligence is embedded across all
layers, and devices collaborate through distributed learning and
collective decision making [214]. This will enable ZTN oper-
ation, self-healing infrastructures, and brain-level Metaverse
experiences that tightly integrate communication, sensing,
and computation. Realizing this vision requires advances in
O-RAN standardization, trustworthy and explainable AI,
secure FL, and efficient orchestration of communication, com-
puting, and energy resources. As these foundations mature, the
fusion of 6G and AI will support resilient industrial automa-
tion, new service models, and globally scalable intelligence.

VII. CONCLUDING REMARKS

TinyML–LargeML integration is set to reshape AI design
for 6G by enabling efficient, intelligent solutions to chal-
lenges in resource allocation, network management, security,
and privacy. This survey reviews the foundations of this
convergence, covering design principles, operational mech-
anisms, and performance evaluation while outlining the
motivations and technical requirements driving bidirectional
integration and its emerging application scenarios across 6G
ecosystems. This survey also identifies key open challenges
and promising research directions, including O-RAN standard-
ization, cross-layer resource orchestration, advanced security
and privacy-preserving methods, real-time lightweight AI,
AI-enabled 6G communication-sensing-computing, the shift
toward AI-native and collective AI architectures, and applica-
tion prospects and outlooks for 6G and AI. Continued progress
in these areas is essential, and the insights provided here aim
to guide and support future 6G-enabled intelligent systems.
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