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CHAPTER 1: Introduction

As Machine Learning (ML) models scale to unprecedented sizes, distributing these

systems effectively is paramount. However, the paradigm of scaling has fundamentally

changed; it is no longer sufficient to simply increase GPU compute. Instead, system

bottlenecks have shifted away from processing power and into the broader operating

ecosystem, exposing severe limitations in memory capacity and network I/O. This re-

ality complicates the dual challenge of modern ML architectures: managing massive

centralization of computation [1] alongside the increasing decentralization of data gen-

eration [2]. Whether training in a highly controlled datacenter or in a federated edge en-

vironment, communication overhead and hardware constraints severely compromise ef-

ficiency [3,4]. To address this, we propose unified optimization techniques for distributed

system orchestration, ensuring performance stability across both centralized training in

Data Centers and Distributed Edge Federated Learning workloads.

1. Data Center and Edge Training

Federated Learning (FL) [2] and Datacenter (DC) [5] training represent fundamen-

tally opposing paradigms in machine learning orchestration [6], primarily distinguished

by their approach to data [2] and resource coupling [1]. In traditional DC training, the

system is designed around the “move-data-to-compute” principle: datasets are aggre-

gated into a Cloud GPU Cluster, where high-bandwidth interconnects (e.g., Ethernet,

NVLink, InfiniBand) guarantee synchronous, large-batch optimization on typically i.i.d.

(Independent and Identically Distributed) data [7, 8]. Optimization techniques introduce

varying layers of complexity; several orchestration architectures have been proposed

that focus solely on controlling hardware resources, without requiring a deep under-

standing of underlying communication patterns [5, 9–14]. Other approaches focus on
1



optimizing network utilization at scale. These include restricting synchronization to spe-

cific networking patterns [15, 16], leveraging programmable network resources at the

cost of expensive switches and complex in-network computation logic [17], or prioritiz-

ing physically proximate resources to minimize network load spreading [5, 18]. Conse-

quently, there is a clear need for an orchestration architecture that improves allocation

performance while actively mitigating networking bottlenecks. In contrast, FL operates

on a “move-compute-to-data” basis, necessitated by privacy constraints and the imprac-

ticality of transmitting raw edge data [2]. Here, the training process is decoupled across

thousands to millions of heterogeneous, unreliable edge devices (clients) that perform

local SGD on non-I.I.D. data [19]. This paradigm shift moves the primary system bottle-

neck from compute throughput (in DC) to communication latency and bandwidth (in FL).

The system must orchestrate global convergence across unstable Wide Area Networks

(WANs) while managing extreme heterogeneity in computation, networking, and data

distribution (e.g., stragglers) that cannot be tightly controlled as in a datacenter. There-

fore, optimizing these systems requires addressing resource bottlenecks on both the

constrained edge devices handling the data [20–23] and the frequently congested net-

work paths that inflate training times. To this end, recent approaches aim to select opti-

mal clients based on computing capacity, network conditions, and data quality to accel-

erate convergence in accuracy over time [24–26]. In the next section, we show how we

close these gaps and give an overview of the main contributions of this thesis.

2. Challenges of Existing Distributed Training Systems

The rapid evolution of Machine Learning (ML) models, particularly Large Language

Models (LLMs), has driven an unprecedented demand for computational resources. Tra-

ditionally, training these models relies on centralized Cloud Data Centers and distributed

Edge environments. However, these paradigms face several critical challenges across

different layers.

In Cloud environments, efficient orchestration is critical, yet standard operating sys-

tems and orchestrators, such as Linux and Kubernetes, lack intrinsic, holistic visibility
2



into cluster-wide resource utilization without relying on continuous monitoring. Further-

more, the exponential growth of ML model sizes necessitates massive parallel training,

introducing significant network contention. While specialized interconnects like NVLink

offer high-bandwidth GPU-to-GPU communication, most data centers remain constrained

by standard Ethernet infrastructure, typically limited to 20–100 Gbps. In these environ-

ments, the backbone often risks saturation during synchronization steps, creating a scal-

ability ceiling where adding compute resources yields diminishing returns.

At the Near Edge layer, there is a critical bottleneck regarding network load during

Federated Learning (FL) sessions, exacerbated by the surge in device connections via

5G. The necessity for selected clients to communicate with a Cloud-based Parame-

ter Server (PS) at every training round creates significant uplink overhead, delaying

progress.

At the Far Edge layer, participating clients are often resource-constrained. Such lim-

itations preclude the use of valuable local data, as these devices lack the computational

capacity to execute the full model locally without exposing raw data.

Finally, a persistent challenge in FL is predicting which clients are most valuable to

include in a training session. This requires complex algorithms that must balance com-

putational speed and data quality to minimize time-to-accuracy under fluctuating network

conditions.

3. Mechanisms in Distributed Training

To address these challenges, this dissertation proposes a multi-tier architecture that

decouples computational and networking requirements across three distinct layers: the

Cloud Data Center, the Near Edge, and the Far Edge. As illustrated in Figure 1, the pro-

posed training mechanisms are distributed across this hierarchy.

We present this architecture using a top-down approach, transitioning from central-

ized, high-performance Data Centers down to distributed Edge computing environments,

and ultimately to resource-constrained end devices. The remainder of this work follows

this structural flow. Furthermore, please note that throughout this dissertation, terms
3



such as “Edge Training,” “Distributed Training,” and “Cloud Training” may be used adap-

tively, reflecting the specific environment and the hierarchical layer in which the opera-

tions take place.
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FIGURE 1. We propose a multi-layer architecture spanning data center
resource orchestration, edge computing, and device management. At the
Data Center layer, we introduce technologies designed to mitigate net-
working bottlenecks within data centers (Chap. 3). At the Far Edge, we
leverage localized computation to offload tasks from resource-constrained
devices (Chap. 4). Furthermore, we utilize the Near Edge, specifically
5G base stations, to manage client traffic and reduce network congestion
(Chap. 5). Finally, we present an advanced client selection algorithm in-
corporating model pruning and epoch adaptation, which reduces federated
learning costs by optimizing the process via LLMs. (Chap. 6)

Within Data Centers, we deploy a Distributed Asynchronous Orchestration mecha-

nism. By having each node track the global system load and exchange utility values, this

architecture assigns ML job requests to available resources. This mechanism maximizes

computational utilization and effectively masks network overhead, reducing synchroniza-

tion delays.

At the Near Edge Layer, we exploit the programmability of the 5G infrastructure. We

introduce a mechanism for in-network aggregation directly within the 5G stack. This ac-

commodates a larger number of concurrent users and drastically reduces uplink traffic to

the Parameter Server, shortening communication times.
4



At the Far Edge Layer, we employ the Federated Split Learning (FSL) paradigm. This

mechanism leverages client data by executing only a fraction of the neural network lo-

cally while offloading the remaining computation to the network edge. It incorporates

privacy-preserving mechanisms for parameter exchange and relies on a neural network

optimization problem to determine the ideal partitioning ratio.

Finally, we introduce an overarching intelligent mechanism utilizing Large Language

Models (LLMs) to optimize client selection. By feeding the system state space into a

modified LLM data processing flow, combined with Model Pruning and Epoch Adapta-

tion mechanisms, we dynamically reduce the amount of data sent and the number of

local epochs each client runs.

4. Thesis Contributions

This dissertation systematically addresses the aforementioned challenges by con-

necting specific architectural mechanisms to the proposed layers. The core contributions

are structured as follows.

Chapter 2: Background and Related Work provides the foundational context on dis-

tributed learning paradigms, Cloud orchestration limitations, and Edge computing con-

straints. Chapter 3: Improving Cloud Orchestration Training Efficiency contributes to

the Cloud Data Center layer. It details Plebiscito, the distributed asynchronous orches-

tration architecture that tracks system load via utility values to mask Ethernet network

bottlenecks and improve overall cluster throughput. Chapter 5: Federated Learning with

In-Network Aggregation addresses the Near Edge mechanisms. It introduces FLAG,

which implements in-network aggregation within the programmable 5G stack to reduce

uplink traffic to the Parameter Server and mitigate the straggler problem. Chapter 4: Dis-

tributed Edge Federated Resources focuses on Far Edge mechanisms. It formulates

the Federated Split Learning (FSL) optimization problem to balance privacy and training

performance, offloading computation so severely resource-constrained devices can par-

ticipate safely. Chapter 6: Intelligent Client Selection via LLMs introduces the advanced

client selection mechanism. It demonstrates how LLMs, combined with model pruning
5



and epoch adaptation, can dynamically manage federated sessions based on real-time

state spaces to achieve faster time-to-accuracy. Chapter 7: Conclusion and Future Work

summarizes the core contributions of this multi-layer architecture and discusses future

research directions.

Next, we present a literature review to identify the problems relative to the state of

the art and to provide a deeper understanding of the main trade-offs.
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CHAPTER 2: Background and Related Work

In this chapter, we analyze related work to highlight the current state of the art in

both data center and edge environments. Specifically, we explore the challenges as-

sociated with Cloud computing resources and demonstrate how data center networks

can become a bottleneck for distributed machine learning (ML) jobs, especially when

the number of required resources increases and network traffic slows down the train-

ing process. Next, we introduce the challenges of machine learning architectures at the

edge, highlighting how resource and network constraints can limit training performance.

Finally, we discuss the performance of the clients participating in the training sessions,

exploring how to optimize client selection and improve overall training efficiency in terms

of time-to-accuracy.

1. Data Center Machine Learning Networking Bottlenecks

Efficient orchestration of both compute and network resources is essential for mod-

ern distributed ML, yet most prior systems lack bandwidth awareness.

Production systems. Deep Learning training jobs in multitenant production clusters are

orchestrated by infrastructures such as Kubernetes [9] or YARN [10], where jobs are al-

located on dedicated GPUs, leading to low performance and utilization [27]. In addition

to these systems, various optimizers, such as Ray [28] and Clipper [12], offer flexible

task management and model serving, which speeds up training while deferring place-

ment to underlying schedulers without built-in bandwidth-aware logic. Plebiscito can be

used to augment the placement directly on such architectures to augment their place-

ment capabilities. The term Machine Learning as a Service (MLaaS) has been coined

as users tend to train ML/DL models on Cloud resources. MLaaS clusters share re-

sources orchestrated by a centralized scheduler that aims to reduce the JCT and job
7



makespan [5, 18, 29]. For example, PAI [5] allocations worsen JCT because their solutils

are not flexible and are oriented towards distributed training jobs.

Fairness-Driven Allocation. Here is a polished version of your text.

The primary issues in the original draft were the grammatical structure of the Tiresias

sentence and a repetitive conclusion. You had two consecutive sentences starting with

”However” that basically made the same point about network resources and contention.

I have smoothed out the transitions and combined the critique of the existing systems

to lead naturally into the introduction of Plebiscito.

DRF [14] provides fair resource allocation in systems with multiple resource types by

generalizing max-min fairness and seeking to maximize the minimum dominant share

across all users. THEMIS [13] addresses the unfairness of placement-sensitive charac-

teristics in DL jobs by proposing a long-term fairness objective. Meanwhile, the Least

Attained Service algorithm in Tiresias [18] attempts to balance resource allocation, but it

does so without considering actual resource contention or optimizing bandwidth. While

these technologies successfully enhance the fairness of computational resources, they

typically overlook the network. Specifically, they ignore the temporal contention on net-

work links that frequently causes training stalls. As our results demonstrate, Plebisc-

ito addresses this gap by enhancing its placement strategies with network awareness.

Communication Scheduling vs. Placement. While Plebiscito addresses the spatial al-

location of jobs, a complementary class of schedulers optimizes the temporal usage of

resources. Systems like Muri [16] and Cassini [15] exploit the iterative nature of DL train-

ing to interleave computation and communication, thereby smoothing traffic bursts on

established links. Although recent work such as Crux [30] notes that precise interleav-

ing is difficult to scale, these approaches operate at a different layer of the stack than

Plebiscito. Flow schedulers manage congestion on fixed paths, whereas Plebiscito opti-

mizes the topology itself before execution begins. Consequently, Plebiscito is orthogonal

to these solutions; it provides a superior initial placement with high residual bandwidth,

upon which fine-grained schedulers like Crux can be layered to further optimize tail la-

tencies.

8



Parameter Server Oriented. The PS architecture [31] has been shown to be competi-

tive with ring all-reduce, managing to reduce bandwidth overhead while delivering com-

parable, if not improved, performance, as demonstrated by BytePS [32]. Dynamic or-

chestrators, such as Optimus [33], address this challenge by predicting the optimal de-

sign and placement of the PS architecture, dynamically adjusting the number and loca-

tion of PS instances based on workload conditions. Such strategies can complement

Plebiscito, which provides a bandwidth-aware allocation mechanism that can operate

underneath these dynamic policies. In our current implementation, we focus on the al-

location of both PS-based and ring all-reduce jobs, demonstrating that Plebiscito can

serve as a foundational mechanism for bandwidth-efficient scheduling across architec-

tures. By embedding up-to-date link utilization into a decentralized, asynchronous max-

consensus auction, Plebiscito distinguishes itself from these prior works by maintaining

a global resource view without centralized bottlenecks. This allows it to avoid network

hotspots before they form, delivering provable (1 − 1
e
) approximation and convergence

guarantees.

2. Edge Distributed Learning Paradigms

The main difference between data centers and edge training is in the data manage-

ment process. In data centers, we have full control over the data and how to share it

across different machines, whereas in FL settings, data is kept private. We introduce FL

distributed learning paradigms and highlight the specific limitations our proposed Feder-

ated Split Learning (FSL) architecture aims to address.

Federated Learning (FL) [34–38] is a decentralized deep learning technique where

data sources “owned” by multiple clients are used to train a local model (Figure 1a). A

logically centralized parameter server orchestrates weight sharing. Initially, the server

sends randomly initialized weights to each client. Clients train these local models until a

specific accuracy threshold is reached, at which point the parameter server retrieves,

averages, and overwrites the client weights (Figure 1a – steps 1 to 3). While FL pre-

serves privacy by keeping data local, it suffers from a significant drawback: it requires
9
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FIGURE 1. Distributed NN Training Architectures: (a) Federated Learn-
ing. The NN is in the client. The parameter server calculates the average
weights among clients and overrides the local weights. (b) Split Learn-
ing. The server partition sequentially trains with each of the clients. Client
weights are shared with the next training client. (c) Parallel Split Learn-
ing. The server trains clients’ outputs in batches in parallel, but the clients’
weights are kept private. (d) Federated Reconstruction. Multiple clients
train local and global shards of weights alternately in parallel, and only the
global shards are preserved and averaged in between epochs. (e) Feder-
ated Split Learning. Multiple Edge Server and Client pairs train simulta-
neously. The Edge Servers’ weights are averaged by a Parameter Server.
The clients’ weights are kept private.

each client to have sufficient resources to train the full neural network. In contrast, our

FSL architecture addresses this limitation by partitioning the model, allowing resource-

constrained devices to offload the majority of the training workload to an edge server

while maintaining data privacy.

Split Learning (SL) [20] addresses the resource constraints of FL by computationally

splitting the neural network into two partitions. The client trains only a small fraction

of the model (e.g., the first few layers), while the server trains the rest. During forward

propagation, the client sends the output of its last layer (hidden variables) to the server

(Figure 1b – step 1). The server completes the forward propagation, calculates the loss,

and initiates backward propagation. Gradients are sent back to the client to update the

local partition (step 2). However, standard SL is inherently sequential; the server parti-

tion pairs with one client at a time (steps 3–5), leading to long convergence times and
10



poor scalability. Our contribution differs fundamentally here: unlike standard SL, FSL en-

ables multiple client-server pairs to train in parallel, effectively solving the high latency

and scalability issues inherent to sequential Split Learning.

Hybrid and Parallel Approaches. Recent works such as Parallel Split Learning (PSL) [23]

and SplitFed [39] (Figure 1c) have attempted to parallelize SL. In these systems, multi-

ple clients compute forward propagation in parallel, and their outputs are sent to a sin-

gle server. The server aggregates these outputs (often as a large batch) and computes

gradients. However, PSL creates a synchronization bottleneck: the central server acts

as a barrier, often waiting for all clients to report before performing a global gradient up-

date. Furthermore, sending all intermediate data to a single node can overwhelm the

bandwidth. Our FSL architecture improves upon this by decoupling the training pro-

cess. Instead of a single server aggregating gradients at every step, FSL utilizes inde-

pendent Edge Servers that train alongside clients. A Parameter Server then averages

the weights of these Edge Servers periodically (similar to FedAvg), rather than synchro-

nizing gradients at every iteration. This design provides superior robustness, reduces

bottlenecks, and enables asynchronous scalability that PSL cannot achieve.

Optimization Techniques. We note that several remedies exist to mitigate transmis-

sion delays in split architectures, such as Knowledge Distillation [40], BottleNeck lay-

ers [41, 42], or Early Exits [43]. While these methods optimize transmission, they do not

address the architectural bottlenecks of sequential processing (in SL) or synchronized

central aggregation (in PSL). FSL integrates the benefits of FL’s parallel aggregation with

SL’s resource efficiency, offering a generalized architecture in which these optimization

techniques can be applied as complementary enhancements (Chapter 4).

We next analyze networking bottlenecks and how the FL edge training architecture

strains the underlying network.

3. Networking Overhead in Edge Learning

Our work builds upon previous efforts to scale Federated Learning (FL), which can

be broadly categorized into architectural modifications and client-centric optimizations.
11



Architectural Approaches to Scaling Federated Learning. Our design is inspired by

the concept of in-network aggregation introduced in SwitchML [44], which demonstrated

that programmable network hardware can significantly accelerate gradient aggregation

in data center training. Unlike SwitchML, however, FLAG operates in wireless and fed-

erated settings, embedding aggregation within the 5G user-plane (SDAP) to cope with

heterogeneous, asynchronous, and lossy client updates. Rather than achieving exact

packet-level reduction in a lossless fabric, FLAG performs deadline-driven partial ag-

gregation and bias correction at the gNB, co-optimizing communication efficiency and

convergence under realistic network dynamics.

In addition to in-network aggregation solutions, other approaches to reduce commu-

nication load have been proposed. For example, Hierarchical FL (HFL), introduced inter-

mediate aggregators between the clients and the central PS [45]. While HFL effectively

lowers the number of direct transmissions to the PS, it typically relies on application-

layer edge servers, which can increase end-to-end latency and require careful tuning

without leveraging the line-rate processing capabilities of the underlying network fab-

ric [46]. Recent wireless FL studies have also explored tighter integration between learn-

ing and radio processing. For example, FL-aided dual-side channel estimation has been

proposed to reduce pilot overhead and enable collaborative model training at the base

station [47]. While effective for PHY-layer learning tasks, these approaches focus on

model sharing and estimation accuracy, and do not address the systemic communi-

cation bottlenecks arising from repeated model exchanges across the user plane and

backhaul, which are the primary target of FLAG.

Other works have explored fully decentralized, Peer-to-Peer (P2P) architectures,

such as Totoro [26], to eliminate the central Parameter Server entirely. However, P2P

communication can be highly inefficient in volatile mobile environments, often aggravat-

ing communication overheads and leading to slower convergence.

Client-Centric and Algorithmic Optimizations. Another category of related solutions

places the optimization burden on the clients and the learning algorithm. Advanced client

selection is a key technique in this area, with systems like Oort [25], and PyramidFL [24]
12



which intelligently choose clients based on data quality and resource availability. While

this mitigates the impact of stragglers, it fundamentally assumes the network is a pas-

sive bottleneck and does not address the backhaul congestion for the selected clients.

These algorithmic approaches are complementary to our work and could be combined

with our system.

Asynchronous FL mechanisms have also been proposed to mitigate stragglers and

improve training robustness, such as AiFed [48], which dynamically adapts aggregation

to heterogeneous client availability. These solutions operate at the algorithmic level and

assume a conventional communication pipeline, whereas FLAG complements them by

restructuring how model updates are transported and aggregated within the network

itself.

In contrast to these approaches, we propose Federated Learning in-network AGgre-

gation (FLAG), a systems-level, network-centric solution (Chapter 5). By embedding ag-

gregation directly into the 5G gNB’s data plane, FLAG addresses the systemic conges-

tion that architectural solutions like HFL only partially mitigate and that client-centric ap-

proaches like PyramidFL ignore. This makes FLAG a fundamentally different approach

for scaling FL in real-world mobile networks.

3.1. Edge Distributed Training Optimization Challenges. Improving the efficiency

of FL through intelligent client selection has received significant attention. Early FL sys-

tems relied on random participant sampling, which often leads to suboptimal conver-

gence due to heterogeneity in both data and system capabilities [49,50].

To address this, recent studies have proposed utility-aware selection mechanisms

that jointly consider statistical contribution and system efficiency. Oort [51] introduces

guided participant selection by explicitly modeling a utility function that combines (i) sta-

tistical utility, derived from the magnitude of recent training loss and gradient contribu-

tions, and (ii) system utility, based on computation speed and communication latency.

Oort formulates client selection as an exploration–exploitation problem and demon-

strates significant improvements over random selection. In large-scale experiments across
13



real-world datasets (e.g., OpenImage [52], Reddit [53], StackOverflow [54]), Oort im-

proves time-to-accuracy by 1.2×–14.1× and final model accuracy by 1.3%–9.8% com-

pared to existing selection strategies. PyramidFL [24] further refines this direction by

proposing a fine-grained client selection architecture that exploits heterogeneity not

only across selected and non-selected clients, but also within the selected set. Pyra-

midFL adapts local training iterations and parameter update sparsification based on

ranking-based utility profiling. On the FedScale benchmark with OpenImage and Mo-

bileNet/ShuffleNet models, PyramidFL reports 2.71×–13.66× speedup in time-to-accuracy

and 3.68%–7.33% improvements in final model accuracy compared to Oort. AUCTION [55]

formulates client selection as a RL problem under budget constraints. It encodes client

attributes—including data size, data quality (e.g., mislabel rate, non-IID skew), and claimed

cost—into an encoder–decoder policy network trained via policy gradient methods. AUC-

TION demonstrates significant robustness in scenarios with low-quality or mislabeled

data.

More broadly, recent work has investigated the use of Large Language Models (LLMs)

as general-purpose decision engines for networking systems. NetLLM [56] demonstrates

that pre-trained LLMs can be adapted to networking tasks such as viewport prediction,

adaptive bitrate streaming, and cluster job scheduling through multimodal encoders and

low-rank adaptation, achieving 10–36% performance gains over task-specific neural

models. These results highlight the potential of foundation models as reusable back-

bones for networking control problems.

In parallel, recent advances in preference-based optimization have proposed alter-

natives to RL for aligning LLM with desired behaviors. DPO [57] reformulates the Re-

inforcement Learning from Human Feedback (RLHF) objective by leveraging a closed-

form mapping between reward functions and optimal policies under a KL-constrained

formulation, enabling preference alignment through a simple classification loss with-

out explicit reward modeling or policy rollouts. FLLLM adopts this optimization princi-

ple in a networking context, using DPO to learn a client-selection policy from pairwise
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comparisons between candidate client subsets, thereby avoiding explicit reward mod-

eling and environment interaction during training. While existing FL approaches rely ei-

ther on carefully engineered utility formulations (e.g., Oort [25], PyramidFL [24]) or ex-

plicit RL pipelines (e.g., AUCTION [55]), our approach treats client subset selection as

a preference-driven policy learning problem. Utility-based methods require task-specific

balancing of statistical and system factors and may need re-tuning as deployment con-

ditions evolve, whereas RL-based approaches depend on policy-gradient optimization

and reward design, introducing additional training complexity. In contrast, by leveraging

a pre-trained LLM as a general-purpose policy backbone and optimizing it through pref-

erence comparisons between candidate subsets, FLLLM enables stable adaptation to

heterogeneous and non-stationary FL environments without task-specific reward engi-

neering. Next, we will detail how similar problems apply to Data Centers, specifically in

terms of resource orchestration and networking bottlenecks.

We present our findings through a top-down analytical framework. First, we examine

network optimization and resource orchestration within the centralized data center. We

then transition to Federated Learning optimization at the network edge, detailing exist-

ing distributed training capabilities and identifying how current networking architectures

introduce severe latency bottlenecks. Building upon this, we explore how harnessing far-

edge computing resources can accelerate training velocity, specifically demonstrating

the capacity of 5G-based networks to mitigate these communication delays. Finally, we

establish the need for dynamically adaptable orchestration in volatile environments. To

address this, we introduce the application of Large Language Models to autonomously

infer optimal client selection policies and dynamically adapt system hyperparameters,

entirely eliminating the need for manual human intervention.
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CHAPTER 3: Improving Cloud Orchestration Training Efficiency

ML-as-a-Service (MLaaS) [5] represents a paradigm shift that enables the use of

provider resources to train machine learning jobs. ML jobs require distinct levels of or-

chestration compared to traditional computing jobs for several reasons. First, these jobs

typically require GPU-based computation. Furthermore, due to high dataset dimension-

ality, resources must often be scaled out to minimize the Job Completion Time (JCT).

However, this necessitates managing network and resource orchestration patterns, which

are often prolonged and exhibit learnable compute and traffic characteristics.

The challenge highlighted here is that a provider’s infrastructure must host many

simultaneous jobs from different peers, all of which must be allocated to available re-

sources. Consequently, when resources are reserved, traditional allocators such as

Linux, Slurm, and Kubernetes merely check for availability, leading to suboptimal orches-

tration and poor performance management.

As highlighted in Chapter 1, there are efforts to align the resources orchestration

and to reduce the collisions by optimizing the JCT. We find that the proposed solutions

are either of a synchronization nature or do not fully account for the effects of incorrect

placement on both the network and resource availability. To solve this, we introduce

Plebiscito to remove the centralized controller bottleneck in Cloud orchestration envi-

ronments, while introducing a fully distributed asynchronous protocol to efficiently use

resources. Next, we introduce the background and the motivations behind this choice.

1. Distributed ML Orchestration: Background and Challenges

In a distributed environment, once the GPUs finish their calculations, the primary bot-

tleneck in machine learning training becomes the speed and efficiency of the network.

To motivate our work, we first review the communication patterns that create network
16



pressure. We then show why job placement is the critical factor in this communication-

bound regime and conclude by enumerating the core challenges any effective orchestra-

tion solution must address.

1.1. Communication Patterns in Data-Parallel Training. The predominant method

for scaling ML training is data-parallelism, where a model is replicated across multiple

worker nodes and the training dataset is partitioned among them. The process is it-

erative, typically using a variant of Stochastic Gradient Descent (SGD). In each itera-

tion t, every worker i locally computes a model update, ∆(xt, Dt
i), based on the current

model parameters xt and its local data minibatch Dt
i . These updates are then aggre-

gated across all n workers to produce the global model for the next iteration, xt+1:

xt+1 = xt +
n∑
i=1

∆(xt, Dt
i)

The aggregation step (
∑

) requires an intensive, synchronous communication phase that

stalls computation. Given its heavy size, this phase often dominates the iteration time.

This communication is handled by one of two topology architectures: the parameter

servers (PS) approach [31], where workers send updates to central servers, or the All-

Reduce [58] approach, where workers communicate in a peer-to-peer fashion. Although

all-reduce can deliver high efficiency and excellent bandwidth utilization, recent work

shows that PS architectures are often more flexible and adaptive in heterogeneous,

resource-shared data-center clusters [32,33].

Our assumption. In a data center constrained by compute and bandwidth, our goal is

to find a network-aware placement that maximizes training speed. Each job arrives with

a specified topology (PS or ring all-reduce). Jobs arrive over time, and we seek to free

resources as quickly as possible, alleviating the bandwidth contentions. We illustrate the

problem with the following example.
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1.2. The Placement-Sensitive Bottleneck. Because GPU performance has in-

creased far faster than data-center network bandwidth [17], and model sizes keep grow-

ing, the communication-to-computation ratio is rising. Consequently, the physical place-

ment of a job’s components becomes a first-order concern.

Let us consider a system under load where we need to allocate a job with one PS

and three workers for a traditional OpenImage [59] and MobileNet [60] training task.

The system is already running several jobs, which are saturating some network links.

As shown in Figure 1a, the red links are saturated, while the green links have sufficient

bandwidth for the new job. A network-agnostic scheduler might place a PS and its work-

ers on nodes that satisfy the computational requirements but route their traffic across

a congested network link (Figure 1a, right). This creates a severe bottleneck, leaving

expensive GPUs idle while waiting for data. In contrast, a bandwidth-aware placement

co-locates communicating components to leverage high-speed, local links, avoiding con-

gestion and improving throughput (Figure 1a, left).

Consequently, we measure the communication time at the PS for a single training

round in our prototype. As shown in Figure 1b and Figure 1c, the network-aware place-

ment is up to 3x faster than the bandwidth-unaware placement for jobs with 2 to 4 work-

ers. Assigning jobs to nodes based solely on computational resources is therefore inef-

fective. An effective placement must consider bandwidth availability, the job’s bandwidth

requirements, and the communication topology. This placement-sensitive challenge is

the central problem we aim to solve. We continue by describing the orchestration chal-

lenges for Data Centers.

1.3. Training Overhead: Model and Tradeoff Considerations. When we need to

place a PS architecture, each of the N workers computes a gradient on a local batch of

size m and sends it to one of the S parameter servers; these servers then aggregate all

N updates and broadcast the averaged parameters back to the workers. Instead, under

a ring all-reduce architecture, the same N workers are arranged in a logical cycle and

exchange partial gradients with their two neighbors, performing a fully decentralized re-

duction without any central coordinator.
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(A) Green links are non-bottleneck, red links are potential bottlenecks.
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FIGURE 1. Motivation: Bandwidth-aware allocation avoids the congested
red link (a-left), while an unaware one does not (a-right). The measured
bottleneck bandwidth at the PS (b-c), changing the number of workers
from 2 to 4, highlights that BW-aware placement (b) achieves higher
throughput and reduced transfer times, while the bw-unaware (c) has
higher contention on the network.

The first (computation) component, which we denote as Θtrain, captures the local

computation performed by each worker. Let us assume that each sample in the mini-

batch training phase requires τfw time for the forward propagation and τbw time for the

backward propagation. For a batch of size m, the total computation cost can be hence

denoted as mτfw + τbw.

The second (communication) component, Θcomm, models the communication over-

head that arises from gradient exchanges among distributed workers. Let E denote the

set of communication links, that is, server–worker links in the parameter-server architec-

ture and ring edges in the all-reduce setting. For each link e ∈ E , we define Be as the

total volume of data exchanged (two transfers per iteration, one send and one receive)

and Ce as the link capacity. The overall communication delay is governed by the slowest

link in the network and can thus be expressed as maxe∈E
2Be

Ce
. Finally, the update latency

Θupdate accounts for the time required to apply gradients after aggregation. Here, we de-

note with τup the time to process a single update, with n′
e the number of worker updates

traversing link e, and with qe the number of parameter servers sharing that link. Note that
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in a parameter-server architecture qe = S, while in a ring all-reduce qe = 1, since each

edge carries the entire update without further splitting. By combining these three contri-

butions, the total training time per iteration can be expressed as:

(1) Θ = mτfw + τbw︸ ︷︷ ︸
Θtrain

+ max
e∈E

2Be

Ce︸ ︷︷ ︸
Θcomm

+ max
e∈E

τup
n′
e

qe︸ ︷︷ ︸
Θupdate

.

Figure 1a shows a single training iteration from the perspective of a worker node

in PS topology settings, over different loads, breaking down the components of Equa-

tion (1). As bandwidth availability decreases, the overhead of transferring the entire

model becomes a significant bottleneck, increasing the total training time. Furthermore,

due to the distributed nature of the training, each model transfer competes for shared

network links with other concurrent flows, potentially resulting in substantial transfer de-

lays, especially as the communication paths become increasingly congested.

Parameter Servers vs. Ring All-Reduce Let M be the total gradient payload per it-

eration (bytes). In a ring all-reduce with N workers, the payload is split into N chunks

(≈ M/N ) and each worker exchanges 2(N−1)
N

M bytes per all-reduce, with performance

gated by the slowest link in the ring. In a PS setup with S model parameters, disjoint

subsets called shards, each worker exchanges 2M bytes per iteration, and each server

handles 2N
S
M , creating many-to-one hotspots near servers. This contrast of central ag-

gregation vs. pipelined peer exchange directly affects Θcomm and makes link-aware place-

ment essential. The choice between these architectures presents a fundamental trade-

off in network overhead. In the PS approach, each of the N workers sends and receives

the complete model update, resulting in a minimal communication cost per worker of

2|U |, where |U | is the size of the update. However, this creates a massive ingress-and-

egress bottleneck at the PSs themselves, which must handle traffic proportional to N ·

|U |. Conversely, a ring all-reduce total data moved per worker is higher, approaching

2|U |N−1
N

[17], and no single node or link becomes a central hotspot.

Next, we formalize our problem definition using optimization theory.
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1.4. A Network Utility Maximization Problem. We formulate our resource alloca-

tion problem as a network utility maximization task, modeled as a mixed-integer linear

program (MILP). Not all MILPs are NP-hard [61]. It is easy to see, however, that our spe-

cific formulation is NP-hard due to its combinatorial structure and the complexity of the

infrastructure constraints, which motivates the need for a (distributed) approximation

algorithm. A reduction can be built from the Generalized Assignment Problem (GAP),

which is known to be NP-hard [62].

Consider an overlay network of N nodes, indexed by n ∈ N , where N = {1, . . . , N}.

Each node offers computing resources such as CPUs, GPUs, and memory to run time-

consuming training jobs. The resources available at each node are represented by ρrn,

where r ∈ R indexes the required computing resources (i.e. GPU, CPU, memory), with

R = {1, . . . , R}. Each edge e = (i, j) can be connected by eninj
∈ E, where E is the

adjacency matrix 1 weighted by the physical link capacity. E = ei,j ∈ {0, bw}N×N . Each

element ei,j of E has a value of 0 if the two nodes are not adjacent (disconnected); oth-

erwise, it represents the available (or residual) bandwidth between the node pairs.

The primary design objective of Plebiscito is to orchestrate job allocations while dy-

namically managing network link capacities, thereby ensuring efficient distributed train-

ing and achieving near-optimal bandwidth utilization with respect to the adjacency ma-

trix E. A job j has a set of Λj ∈ {1, . . . ,Λj} components, PS and workers, with each λ ∈

Λj requiring specific computing resources ϱrjλ and a given network capacity Θcommjλ
.

Under these notations, our infrastructure needs to allocate training jobs by solving a net-

work utility maximization problem.

We denote by U ∈ R|N |
+ the objective function to be maximized, where U quantifies

the utility that each hosting node n assigns to a component λ during the allocation pro-

cess. The allocation variable xj ∈ {0, 1}N×Λj indicates the assignment of each compo-

nent λ of job j to node n. Similarly, the allocation variable yj ∈ {0, 1}E×Λj indicates the

1We assume that node-to-node bandwidths are obtained by an underlying network telemetry or mon-
itoring system, or as we describe in Section 4. However, given the distributed nature of the Plebiscito
protocol, every node is aware of the job placements Section 2.2; thus, we can approximate the network
matrix.
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usage of link e by a demand λ of job j. (3) enforces that the total demand for resources

ϱrjλ assigned to each node n does not exceed its available capacity ρrn for each type of

resource r. Constraints (4) address the limits of network capacity, stipulating that the cu-

mulative data transmission requirements Θcommjλ
for all components λ of a job j across

a link e must not exceed the link capacity e ∈ E, so that there is a direct connection be-

tween the pair of nodes. This prevents network congestion and ensures that data flows

do not exceed the physical bandwidth of links, leading to long training times. Constraint

(5) enforces a conflict-free assignment where any λ of a job j has to be assigned, while

constraint (6) is an existential constraint.

(2) max
x,y

∑
n∈Nn

∑
j∈Jj

∑
λ∈Λj

Unjλ(xj,yj)

(3)
∑
j∈Jj

∑
λ∈Λj

ϱrjλxnjλ ≤ ρrn, ∀n ∈ N , ∀r ∈ R

(4)
∑
j∈Jj

∑
λ∈Λj

Θcommjλ
yejλ ≤ e, ∀e ̸= 0 ∈ E, yejλ ̸= 0

(5)
∑
n∈Nn

xnjλ = Λj, ∀j ∈ J ,∀λ ∈ Λj

(6)
xnjλ, yejλ ∈ {0, 1} ∀n ∈ N , ∀e ∈ E,

∀j ∈ J , ∀λ ∈ Λj.

1.5. Utility Function Library for Orchestration. The utility function U(·) is a pol-

icy that can be tailored to satisfy specific application-level or infrastructure-oriented ob-

jectives. Although U(·) defines a policy that may remain private, in Theorem 1 we show

that, under the assumptions of positivity, monotonicity, and submodularity, it is possible

to construct an approximation algorithm with a provable optimality bound. We formalize

this with the following definition.
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Definition 1 (Utility Function). Given a job j to be allocated over an overlay network

of N nodes using a max-consensus auction algorithm, we define the utility function of

each bidder (or voter) i as Ui ∈ R|N |
+ , where R|N |

+ denotes the vector space of positive

real numbers of dimension |N |.

This function quantifies the utility that hosting node i assigns to each job compo-

nent λ during the allocation phase. In Plebiscito, we decompose this utility into two prin-

cipal components to maximize: a compute-related term, called the resource-fraction,

which captures the availability of local computational resources, and a networking term,

called the network-fraction, which reflects the residual bandwidth along the communica-

tion paths.

Definition 2 (Residual Capacity Function). We define the residual capacity of resource r

at node n as:

(7) ∆rn = ρrn −
∑
j′∈J

∑
λ′∈Λj′

ϱrj′λ′ xnj′λ′ ,

where ρrn denotes the total capacity of resource r on node n, and the summation ac-

counts for all resource allocations currently assigned to that node. ∆rn therefore repre-

sents the residual (unallocated) capacity of resource r relative to its total available ca-

pacity.

We then define the resources-fraction as:

(8) f comp
i =

∑
r∈{C,G,M}

wr
∆rn

ϱrjλ
,

where each weight wr ≥ 0 reflects the relative importance of CPU (C), GPU (G), or

memory (M ) resources in the allocation policy.

Bandwidth-Aware Utility. In our MILP formulation, constraint (4) enforces that the ag-

gregate transfer demand on any link does not exceed its physical capacity. To satisfy

this condition in a fully decentralized setting, each Plebiscito agent maintains a local

view of the overlay graph G = (V,E), where each edge e ∈ E is characterized by its
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capacity Ce and the current set of active flows F . Every flow ϕ ∈ F consumes Bϕ band-

width units along its routing path; therefore, the residual bandwidth available on link e is

given by

(9) ∆e = Ce −
∑

ϕ∈F : e∈path(ϕ)

Bϕ,

which quantifies the remaining bandwidth on link e that can be allocated to new traffic.

When the consensus is reached, each node estimates the residual bandwidth, up-

dating the local graph view. When an agent considers placing the component λ of the

job j on the node i, it first identifies the unique sequence of links path(i, dj,λ) from i to

the destination of the component dj,λ.

Along this path, the bottleneck link is identified as the one with the smallest ratio ∆e/Bj,λ.

We capture such constraints through the network-fraction function, defined as

(10) fnet
i = min

e∈path(i,dj,λ)

∆e

Bj,λ

,

which takes values in the range [0, 1] and quantifies the fraction of the requested trans-

fer volume that the network can maintain end to end without violating the constraint (4).

This measure directly determines the achievable communication efficiency Θcomm for the

given allocation.

Plebiscito Utility. By combining fnet
i with the compute-fraction f comp

i in (11), Plebiscito’s

max-consensus auction naturally favors hosts that are sufficiently provisioned both in

terms of local resources and available network capacity, yielding allocations that respect

all resource constraints while balancing compute-network trade-offs.

(11) Ui,j,λ = α · f comp
i + (1− α) · fnet

i , 0 ≤ α ≤ 1

By adjusting α, one smoothly trades off emphasis between compute and network, re-

warding hosts that provide ample capacity on both dimensions. Plebiscito max-consensus

auction with this utility formulation ensures that winners not only avoid CPU/GPU/memory
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TABLE 1. The Utility function policy supported by Plebiscito subsume re-
lated solutions.

Utility Note
Smallest GPU First (SGF) [5] f comp,SGF

i = −(∆GPU,i−ϱGPU,j) packs jobs, with ∆GPU,i

the free GPU slots on node i and ϱGPU,j job j’s GPU
demand.

Largest GPU First (LGF) [5] f comp,LGF
i = ∆GPU,i−ϱGPU,j favors large GPU requests

on well-provisioned nodes.
Apache YARN [10] f comp,YARN

i = minr∈R
(
(∆r,i − ϱr,j)/ρr,i

)
maximizes

the minimum normalized resource headroom after
placement.

Tetris [63] f comp,Tetris
i =

∑
r∈R(∆r,i/ρr,i) ϱr,j, where ∆r,i is the

residual amount of resource r on node i (i.e. total
capacity ρr,i minus currently allocated), and ϱr,j the
peak demand of job j.

Tiresias [18] f comp,Tiresias
j = Wj tj, where Wj is a job-specific weight

(e.g. priority) and tj its expected runtime.
DRF [14] f comp,DRF

i = −maxr∈R
(
(ui,r + ϱr,j)/ρr,n

)
, with ui,r the

user’s current resource allocation. This minimizes the
user’s dominant share.

Themis [13] We capture co-location interference via
f comp,Themis
i (Gi) = T sh

i (Gi)/T
ind
i , where T sh

i is the
runtime when job i shares hosts under allocation Gi,
and T ind

i its isolated runtime.

exhaustion (when feasible) but also route their gradient and parameter traffic over links

that can sustain the required bandwidth.

Remark: Note that the function in Eq. 11 is monotone, and since each factor exhibits

diminishing returns, our submodularity assumptions still hold (Definition 2).

Utility Function Library. Plebiscito provides a configurable resources-fraction policy li-

brary that allows reproducing or subsuming various placement strategies by substituting

the previously defined f comp
i with one of the supported formulations (see Table 1). Each

policy captures a distinct allocation behavior, such as prioritizing packing efficiency, fair-

ness, or resource balance, and can be selected according to the desired orchestration

objective. The impact of these different policies is evaluated in Section 5.
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2. Plebiscito: System and Algorithmic Design

To solve the NP-hard problem defined in the previous section, we designed Plebisc-

ito, a fully decentralized architecture based on a distributed max-consensus auction.

At the core of Plebiscito lies an asynchronous distributed max-consensus mechanism

that enables nodes to reach agreement on job allocation without centralized coordina-

tion. Each node maintains local state variables: bids, assignments, and timestamps for

every job component. Through iterative message exchanges with its neighbors, nodes

propagate the most recent and highest-valued information, ensuring that all participants

converge toward a consistent global allocation. This mechanism guarantees that, after

a finite number of communication steps, all nodes agree on the winning bids and as-

signments, providing a scalable and fault-tolerant foundation for decentralized resource

orchestration.

This section details the core components of our solution: the utility function that drives

bidding and the protocol that facilitates agreement.

2.1. Policy-Based Architecture. The architecture shown in Figure 2a is divided into

two distinct, yet cooperative mechanisms that orchestrate the creation, management,

and execution of computing tasks across the nodes in the architecture. Each node exe-

cutes a Plebiscito agent, which can run all the mechanisms presented next.

Pre-allocation (Distributed Overlay Formation). Nodes enroll in the network over-

lay through the Topology Manager that keeps track of the available nodes serving the

job requests. A secure enrollment procedure provides each node with a unique identifier

(ID) for subsequent requests. Each Plebiscito node instance has a Serializer/Deserializer

API to exchange Plebiscito protocol messages.

Asynchronous Distributed Max-Consensus Protocol. Each Plebiscito agent assigns

jobs using a distributed max-consensus auction. Auction bids are generated through

the Utility Function Library (Section 1.5), a customizable and extensible set of allocation

functions. Different utility functions lead to different allocations and prioritize different ob-

jectives, as the bid value reflects the node’s ability to host a given job and accounts for
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FIGURE 2. (a) Plebiscito API and mechanisms to orchestrate distributed
training with guarantees. (b) Bundles carry the states needed for the dis-
tributed max-consensus auction.

residual resources such as GPU, CPU, and network bandwidth. After the bidding phase,

an asynchronous max-consensus protocol resolves conflicts to determine the NP-hard

job placement. Once the protocol converges, the distributed training job starts executing.

Protocol Design. We define the protocol format in Figure 2b that nodes must use to

allocate a job. The packet header contains UserID, JobID, and NodeID indicates the

forwarding node. The Topology Manager assigns IDs for NodeIDs and UserIDs as

nodes/users join/leave the overlay. Optionally, a job may specify GPU type and duration,

which have been shown to be beneficial for scheduling and billing [18]. Each job has a

defined number of ParameterServer (0 for ring-all-reduce) and Workers. The Extra

field is used for future extensions (e.g., handling job preemption and migration via rebid-

ding on already-allocated jobs). The bundle field records the auction winner ID, Bid,

Timestamp, and the required resources (GPU, CPU, memory, I/O Bandwidth, role (PS,

Worker, Rank), model size) to inform the nodes of the specific job requirements.

2.2. Plebiscito Distributed Consensus Auction Protocol. To solve the problem

described above, we designed within the Plebiscito architecture a distributed max-consensus

protocol. Before an action can start, an overlay is formed among the bidders. Communi-

cation is only among first-hop neighbors. Upon submitting a job j an allocation request

starts using the Plebiscito API. When a node receives the allocation request, it starts the
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distributed consensus Algorithm 1 by locally initializing (bundle(j, τ), where τ is the cur-

rent timestamp) for the allocation. Specifically: b(j, τ) ∈ Rλj
+ is the current node bid (each

node places a bid for each component λ using the system-wide Utility Function Table 1).

The vector a(j, τ) ∈ Rλj
+ stores the identifiers of the nodes currently leading the auction

for each job component. The vector t(j, τ) ∈ Nλj
+ records the timestamps associated with

each bid, indicating when the corresponding offer was generated. These timestamps are

required to ensure correctness under asynchronous communication. Each entry in these

vectors corresponds to one job component λ (either a parameter server or a worker in-

stance), and includes a flag indicating the component’s role (PS or worker). For each job

to be allocated, nodes proceed asynchronously, alternating between bidding and agree-

ment phases. They exchange the most up-to-date information by forwarding a packet

compliant with Figure 2b. Each node updates the local bundles with the latest neighbor

information and, if the local information changes, forwards the local bundle to Nn. This

process continues until no more packets are exchanged, indicating that all nodes have

bid, with no need for rebroadcasting; however, a timeout mechanism is included in the

system implementation Section 4. When the protocol converges, this field will contain

the winning bid values of the hosting node n for job j.

Bidding Phase. (Algorithm 2) Upon receiving an allocation request, a node executes

Algorithm 2 to assess the job’s suitability against local policies. Each node evaluates its

current capabilities (GPU, CPU, memory, network) against the job requirements speci-

fied in the Plebiscito packet, placing a bid on that specific PS or worker λ if its require-

ments fit on that node. Bidding calculations use a Utility function U , representing node

local policy as described in Equation (11). In particular, the algorithm works as follows:

if a bid is placed, the local bundle vectors are updated with the utility values in b(λ), the

node ID in a(λ), and the timestamp in t(λ) to support the distributed asynchronous max-

consensus algorithm Definition 1. The timestamp helps the algorithm consider the most

up-to-date information, as the updated bundle is not broadcast but forwarded to neigh-

bors. As each node runs the max consensus algorithm, only the most up-to-date infor-

mation will propagate on the node overlay.
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Algorithm 1 Plebiscito Algorithm
1: Initialization:
2: Each node initializes bundle(j, τ(0))← (b(j), a(j), t(j))
3: repeat
4: for each node i do
5: for packet of job j in node queue do
6: Execute: See Algorithm 2 & Algorithm 3
7: end for
8: Execute: Bidding Algorithm (Algorithm 2) ▷ Final bid if possible
9: if bundle(j, τ − 1) ̸= bundle(j, τ) then

10: BROADCAST(Nn) ▷ Send to neighbors
11: end if
12: end for
13: until convergence criterion is met

Algorithm 2 Bidding Algorithm
1: Input: bundle∗(j, τ − 1) ▷ Local Bundle
2: Output: bundle∗(j, τ) ▷ Independent for each node
3: while bundle∗(j, τ − 1) has available λ do
4: if resources and bandwidth available for λ then
5: b∗j [λ]← U(λ) ▷ Custom Utility policy
6: a∗j [λ]← GETNODEID
7: t∗j [λ]← CURRENTTIME
8: end if
9: end while

Remark (Gang scheduling). The bidding mechanism in Plebiscito can implicitly enforce

gang scheduling not a specific scheduling algorithm, but the practice of ensuring that

all components of a job run concurrently and are placed as close as possible to one an-

other to support synchronized execution and stable bandwidth availability [5,33,64]. With

an appropriate utility function, this behavior emerges naturally: if a node bids on n com-

ponents and wins the first (i.e., offers the highest utility among all bidders), its bids tend

to remain dominant for the remaining n−1 components as well, leading to co-location,

reduced inter-job contention, and more efficient use of network resources.

Agreement Phase. (Algorithm 3) The agreement (or conflict resolution) phase com-

pares the local bundle, which contains all jobs temporarily self-assigned, with the re-

ceived bid messages. Each node updates the local bundle if at least one of the received
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Algorithm 3 Agreement Algorithm
1: Input: bundle(j, τ − 1) ▷ Received Bundle
2: for each node i do
3: for each λ in bj do
4: ▷ Local vs received bundle
5: if bj > b∗j or (ykj = yij and tkj > tij) then
6: Update local bundle if beaten
7: bundle∗(j, τ − 1)(λ)← (bj(λ), aj(λ), tj(λ))
8: end if
9: end for

10: end for

bids on one of the resources outbids the currently known highest bid. If a bif update oc-

curs, the local bundle is broadcast again to the node’s first-hop neighbors, as detailed in

Algorithm 1. To avoid suboptimal allocation, all jobs allocated after the outbid item are

released, as they were assigned with an out-of-date residual capacity. The protocol con-

tinues until the network becomes quiet, signifying that a consensus has been reached

on the final allocation.

DEFINITION 1 (Max-Consensus). Given a job j ∈ J to allocate on a set of nodes N ,

each node n ∈ N maintains, for each component λ ∈ Λj, a bid value bnλ(j, τ) ∈ R+, an

assignment indicator anλ(j, τ) ∈ {0, 1}, and a timestamp tnλ(j, τ) ∈ N+ at communication

instance τ . At each communication instance τ + 1, node n updates its local information

for each component λ based on the information from its neighbors Nn (including itself)

as follows: n′ = argmaxn′∈Nn{tn
′

λ (j, τ)}, anλ(j, τ + 1) = an
′

λ (j, τ), b
n
λ(j, τ + 1) = bn

′

λ (j, τ),

tnλ(j, τ + 1) = tn
′

λ (j, τ). If multiple nodes have the same maximum timestamp, ties are

broken using a predetermined rule (e.g., the node with the highest bid or lowest identi-

fier). Max-consensus among the nodes is said to be achieved with a convergence time τ

if, for all τ ≥ τ and for all n, n′ ∈ N , the following holds: anλ(j, τ) = an
′

λ (j, τ), bnλ(j, τ) =

bn
′

λ (j, τ), ∀λ ∈ Λj. This means that all nodes agree on the assignment and bid values

for each component λ ∈ Λj. The timestamps tnλ(j, τ) are assumed to be non-decreasing

with respect to τ to ensure convergence. □
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With the Max-Consensus mechanism, Plebiscito nodes maintain bid values, assign-

ment indicators, and timestamps for every job component. Winning bids are only con-

sidered when the bid generation time-stamp is up to date; otherwise, they are ignored.

Only the maximum bid propagates to seek “Max-Consensus”.

3. Approximation and Convergence Guarantees

In this section, we provide the theoretical foundation for Plebiscito performance guar-

antees. We first establish a formal approximation guarantee for the NP-hard placement

problem, and analyze the protocol convergence properties.

3.1. Plebiscito’s Approximation Bound. Our main theoretical result is that the

Plebiscito distributed consensus auction converges to a solution (a stable assignment)

with a quality that has a bounded worst-case. Our approximation bound is a corollary

of a known result on the maximization of a greedy algorithm using a submodular func-

tion [65].

The Role of Submodularity. The foundation of our guarantee is the mathematical prop-

erty of submodularity, which can be thought of as monotonicity on a set, or a diminishing

marginal gain property. In particular:

DEFINITION 2 (Submodular Function). Given a finite set Λj (e.g., the set of compo-

nents of job j ∈ J ), a set function U : 2Λj → R is called submodular if it satisfies the

following condition: for all subsets λ′ ⊆ λ ⊆ Λj and for every element λ′′ ∈ Λj \ λ:

U(λ ∪ {λ′′})− U(λ) ≤ U(λ′ ∪ {λ′′})− U(λ′).

This property is known as the diminishing returns property, meaning that the mar-

ginal gain from adding an element λ′′ to a set λ does not increase as the set λ becomes

larger.

This definition emphasizes that with submodular functions, the incremental gain from

adding an element to a set decreases as the set becomes larger.

Remark. Note that the residual capacity in our resource allocation use case, defined

in Equation (7) is a positive, monotone, and submodular function.
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Approximation Bound. A greedy algorithm (one that iteratively picks the item with the

highest marginal gain) achieves a constant-factor approximation for maximizing a mono-

tone submodular function [65]. The Plebiscito auction is a distributed implementation

of this greedy algorithm; the max-consensus protocol ensures that the component is

assigned to the node offering the highest utility gain. Because our utility functions are

either submodular or are made so by the warping function, we can state the following

guarantee:

THEOREM 1. The Plebiscito consensus algorithm achieves a (1 − 1
e
)-approximation

to the optimal job assignment when the utility functions are positive, monotone, and sub-

modular. □

PROOF. Let Λj be the set of components (PS / workers) of the job j, and let S ⊆ N ×

Λj denote a partial assignment of components to the nodes. We define the set function

F (S) as the total utility accrued by all nodes for the assignments in S; by assumption, F

is positive, monotone, and submodular. For any feasible pair (n, λ), let the marginal gain

be

∆((n, λ) | S) = F (S ∪ {(n, λ)})− F (S).

Each node n bids on component λ only if the local utility Un(λ) ≥ 0, hence all adver-

tised marginal gains are non-negative. Monotonicity of F implies ∆((n, λ) | S ∪ T ) ≤

∆((n, λ) | S) for any T ⊇ ∅, i.e., marginal gains do not increase as S grows.

At every iteration, nodes compute local bids equal to their current marginal gains

and exchange (value, timestamp) tuples with their neighbors. The asynchronous max-

consensus rule ensures that the globally maximal (most recent) bid propagates and is

selected cluster-wide. Thus, the chosen assignment at each step is exactly

(n⋆, λ⋆) ∈ arg max
(n,λ) feasible

∆((n, λ) | S),

i.e., the same choice a centralized greedy algorithm would make. Since F is positive,

monotone, and submodular, and Plebiscito selects at each step the feasible pair with
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maximum marginal gain, the sequence of assignments produced coincides with clas-

sical greedy. By the Nemhauser–Wolsey–Fisher theorem for maximizing a monotone

submodular function under a cardinality/partition assignment constraint [65], greedy

achieves a (1 − 1
e
)-approximation with respect to the optimal solution. Therefore, the

Plebiscito max-consensus algorithm inherits the same (1− 1
e
) guarantee. □

Furthermore, the following result holds:

THEOREM 2. The Plebiscito resource allocation problem cannot be approximated

within a ratio better than (1− 1
e
) in polynomial time, unless P = NP . □

Proof. We establish this result by reducing the Budgeted Maximum Coverage Prob-

lem (BMCP) to our resource allocation problem. The BMCP is known to be NP-hard and

hard to approximate within a factor better than (1− 1
e
) [66]. In BMCP, we have a universe

of elements U , a collection of subsets S = {S1, S2, . . . , Sm} with associated costs, and a

budget L. The goal is to select subsets whose total cost does not exceed L while maxi-

mizing the number of covered elements. To perform the reduction, we map our resource

allocation problem to BMCP. Each component λ ∈ Λ corresponds to an element u ∈ U in

the BMCP. Each node ni in our problem corresponds to a subset Si in BMCP, where Si

contains the elements corresponding to the components that node ni can host. The re-

source constraints of nodes correspond to the costs of subsets, and the overall resource

capacity corresponds to the budget L. The utility of assigning components to nodes cor-

responds to the number of elements covered by the selected subsets. An optimal solu-

tion to our resource allocation problem would yield an optimal solution to the BMCP. If

we could approximate our resource allocation problem within a ratio better than (1 − 1
e
),

we could achieve the same for BMCP, which contradicts known hardness results unless

P = NP . Therefore, the (1− 1
e
)-approximation achieved by the Plebiscito algorithm is the

best possible under these conditions unless P = NP . □

The (1 − 1
e
) is fundamental for Plebiscito because it sets a hard algorithmic ceiling:

unless P=NP , no polynomial-time method can guarantee a factor better than (1 − 1
e
)
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for our allocation problem. Practically, this (i) justifies pursuing approximation/greedy de-

signs instead of exact solvers at scale, (ii) validates the use of submodular-style algo-

rithms whose best-known guarantees match this barrier, and (iii) calibrates expectations

for evaluation if an algorithm consistently achieves near (1 − 1
e
) in experiments, it is es-

sentially optimal up to known complexity limits. In short, the theorem defines the best

attainable frontier for efficient network-aware allocation.

Handling Practical Deviations from Submodularity. Although many resource-based

utility functions are naturally submodular, this assumption may be too restrictive in prac-

tice. For example, in certain allocation scenarios, the value of assigning an additional

component may increase when colocated with other components on the same node,

violating the diminishing-returns property required for submodularity. To guarantee con-

vergence even in these cases, Plebiscito extends its analysis to a broader class of pseudo-

submodular functions, which preserve a generally diminishing trend but are not strictly

submodular.

To enforce convergence under such conditions, we introduce a lightweight warping

function F that transforms each node’s bid into a monotonically non-increasing function

of its previous bids:

(12) Fnλj = Unλj − δ · |Λn,aj |,

where Unλj denotes the original utility of node n for component λ of job j, δ > 0 is a

small constant penalizing repeated allocations, and |Λn,aj | is the number of components

of job j already mapped to node n. This modification ensures that the marginal utility of

assigning new components decreases as more components are allocated to the same

node, restoring a diminishing-returns behavior.

Example. Consider two nodes bidding on two components, λ1 and λ2, whose utilities

would otherwise increase with colocation. Applying the warping function prevents bids

from growing as new components are added, avoiding oscillations in the distributed auc-

tion and guaranteeing that all bids appear as if they were generated by a submodular

utility function.
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By uniformly applying F across all nodes and components, Plebiscito maintains sta-

ble convergence while preserving the (1 − 1
e
) optimality bound. Even when utilities de-

viate from strict submodularity, the algorithm effectively behaves as though they were

submodular, achieving consistent and efficient decentralized resource allocation.

3.2. Convergence Guarantee. Beyond solution quality, we establish an upper bound

on the protocol’s convergence time. Considering a network of N nodes with diameter D,

the analysis assumes synchronous communication, reliable message delivery, and sub-

modular (or warped-to-submodular) utility functions, ensuring that the bidding process

terminates within a finite number of steps.

THEOREM 3. Given an network of N bidders with diameter D, for a job consisting of

Λ components, the Plebiscito algorithm achieves consensus on the final allocation within

an upper bound of O(Λ ·N ·D) message-passing iterations. □

PROOF. The proof proceeds by induction on the number of components, Λ. We first

establish the bound for a single component (λ = 1) and then extend it.

Base Case (Λ = 1): For a single component, each of the N nodes may place a bid. In

the worst-case scenario, the winning bid must be propagated across the entire network,

which takes a number of iterations proportional to the network diameter, D. An adver-

sarial situation could arise where each of the N − 1 other nodes sequentially submits a

slightly higher bid, each requiring a new propagation to ensure global awareness. Thus,

the total iterations for one component is bounded by (N − 1) ·D, which is O(N ·D).

Inductive Step: Assume that consensus for k components is reached within k · O(N ·D)

iterations. For the (k + 1)-th component, the bidding process is independent of the first

k and, following the base case logic, will also converge within O(N · D) iterations. By in-

duction, the total number of iterations required to reach consensus on all Λ components

is bounded by Λ ·O(N ·D), which simplifies to O(Λ ·N ·D). This bound holds even in the

worst case where every node is involved in the bidding for every component. □

While this theorem establishes a formal worst-case bound, it is essential to put it into

context. First, our empirical evaluation in Section 5 shows that, in practical scenarios,
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FIGURE 3. Workload characterization: (a) Bandwidth follows a Pareto dis-
tribution. (b) Workers range from 2 to 16, with varying numbers of GPUs
required per worker.

the system falls well short of this theoretical upper bound, converging significantly faster.

Second, this linear scalability with the number of nodes (N ) is a key advantage of our

decentralized design. A comparable centralized algorithm, which must collect bids from

all N nodes and process potential conflicts, would face a communication and compu-

tation overhead that grows quadratically (O(N2)) [67], making it less practical for large-

scale networks.

4. Plebiscito Implementation

We developed a prototype of the Plebiscito architecture as a pluggable agent module

designed to be deployed as a Kubernetes DaemonSet, ensuring that one agent runs on

each schedulable node in the cluster, forming a distributed orchestration layer.

Agent Architecture and State Management. Each Plebiscito agent is a standalone

process responsible for managing its local node’s state and participating in distributed

auctions. The agent maintains an in-memory database of its node’s total and available

resources (CPU, GPU, memory), as well as a view of the network topology and the state

of ongoing auctions. This state is managed using thread-safe data structures to handle

concurrent API requests and protocol messages. A dedicated API, implemented as a

lightweight HTTP server, exposes endpoints for submitting jobs (‘POST‘) and querying

system state (‘GET‘).

Communication Protocol and Overlay Management. The agents form a peer-to-peer

overlay network to exchange auction messages. Node discovery is handled dynamically

using the Kubernetes (K8s) API: upon startup, each agent queries the K8s API server to
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find the Pod IPs of all other agents in the DaemonSet, thus building its list of neighbors.

All inter-process communication for the max-consensus auction protocol is performed

over standard UDP sessions. The protocol messages themselves, which encapsulate

the bid bundles shown in Figure 2b, are serialized to JSON, as it is a well-known and

widely used serializer.

Practical Consensus and Convergence Detection. A major challenge in any real-

world asynchronous system is determining when consensus has been reached and han-

dling cases where it cannot be. Plebiscito employs a two-tier timeout mechanism to en-

sure both liveness and safety. First, under normal operation, our prototype uses a quies-

cence detection mechanism, which monitors message exchanges among nodes and de-

tects when no new updates or bids are being propagated in the network. This indicates

that the system has reached a stable state and no further state changes are expected,

so consensus can be safely declared without additional synchronization overhead. In

our case, an agent considers that consensus for a specific job has been reached when

it has not received any bids with a newer timestamp for that job for a configurable period

τquiet (e.g., 500ms). This allows the auction to converge quickly in most cases. Second,

to guard against network partitions, silent agent failures, or other conditions that could

prevent convergence, the quiescence detection is backed by a hard timeout, τtimeout

(e.g., 1 seconds), managed by the agent that initiated the auction. If consensus is not

reached within this period, the initiating agent takes the following explicit steps: (i) It uni-

laterally declares the auction for that job id as FAILED. (ii) It purges all local state asso-

ciated with the failed auction (e.g., current winning bids and timestamps) to prevent stale

information from affecting future requests. (iii) It returns an HTTP error code (e.g., ‘504

Timeout‘) to the submitting client, indicating that the placement attempt was unsuccess-

ful. This design places the responsibility for retries on the client, a standard pattern that

prevents uncontrolled retry message sequences within the orchestration system. The

client can then choose to resubmit the job immediately or after a back-off period.
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In the case of other failures, such as a transient agent crash, Plebiscito relies on the

resilience of Kubernetes and the gossip protocol itself. The Kubernetes DaemonSet con-

troller will automatically restart a failed agent. Upon restart, the agent rejoins the overlay

with a clean state and begins participating in ongoing auctions as soon as it receives

a protocol message. Although the temporary absence of an agent might delay conver-

gence, the timestamp-based logic of the protocol ensures correctness. The hard timeout

on the initiating node remains the ultimate backstop, guaranteeing that no auction can

run indefinitely, even in the face of repeated agent failures.

Integration with the Kubernetes Scheduler. A key design choice has been to use

Plebiscito for placement decisions while still leveraging Kubernetes for application life-

cycle management. Plebiscito acts as a custom, out-of-process scheduler. Once the

auction converges and a winning node is selected for each job component, the agent

that initiated the request generates the necessary Kubernetes manifests (e.g., ‘Deploy-

ments‘, ‘Services‘, ‘Pods‘). Crucially, to bypass the default Kubernetes scheduler and

enforce the placement decision, the agent populates the ‘nodeName‘ field in the Pod’s

specification (‘spec.nodeName‘). Upon receiving the manifest, Kubernetes honors the

nodeName field and schedules the Pod on the designated node, ensuring that the deploy-

ment matches the placement decided by the Plebiscito auction.

5. Evaluation Results

In this section, we present trace-driven results from both our discrete-event simulator

and our Kubernetes implementation, highlighting Plebiscito’s allocation trade-offs and

the importance of bandwidth-aware placements for job performance. We also compare

the utility functions in Table 1. Across large-scale data-center scenarios, bandwidth-

aware placement reduces total training time by up to 1.5×.

Evaluation Metrics. We evaluate Plebiscito along multiple dimensions that jointly cap-

ture system efficiency, stability, and fairness. Job Completion Time (JCT) quantifies

overall efficiency, measuring the elapsed time from job submission to completion and

normalizing it against an ideal, contention-free baseline. Allocation Failure Rate (AFR)
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and AFR Figure 4a and Figure 4b show improvements in Average Normal-
ized JCT and AFR under 100Gbps node bottleneck, while Figure 4c and
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Plebiscito Network-aware placements lead up to 1.5× JCT, WCT, and AFR
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reflects the system’s robustness under resource pressure by recording the fraction of

jobs that cannot be placed on their first attempt due to insufficient capacity. To assess

throughput and scalability, we measure the Wall Clock Time (WCT), representing the

total time required for the system to process a fixed batch of jobs. Fairness in resource

sharing is evaluated using Jain’s index, which captures how evenly compute and net-

work resources are distributed across nodes. Finally, we monitor bandwidth utilization

over time to evaluate how effectively the system leverages network capacity while avoid-

ing congestion. All experiments assume a heterogeneous cluster, where weaker nodes

are penalized through reduced utility values, ensuring that low-performance nodes are

selected only when necessary. This approach maintains fairness and efficiency in de-

centralized scheduling decisions.

Trace-driven Simulations. Similar to prior related work [5], our simulator models a data

center with 100 heterogeneous nodes, each with 8 GPUs and 96 CPU cores. We use

publicly available traces [68], and fix two bandwidth scenarios with a standard node to

switch 25Gbps and 100Gbps. For our hosting infrastructure, we use a leaf-spine topol-

ogy (5 leaf and 2 spine switches) with an oversubscription ratio of 3:1 between leaf and
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spine switches. The traces used in our simulation include details on physical node spec-

ifications, job CPU/GPU resources, network I/O, job duration, submission time, the num-

ber of PS Σ ∈ [0, 16], and the number of workers N ∈ [2, 16] [5]. Note that 0 PS means

ring-all-reduce architecture.

Dataset. Our trace-driven simulator models a datacenter with 100 heterogeneous nodes.

We use a workload derived from the public Alibaba cluster traces [68], which contain de-

tailed information on job resource requirements and duration. Figure 3 characterizes this

workload, showing a Pareto-like distribution for bandwidth demand where a few jobs are

responsible for the majority of network traffic.

For each experimental run, we create a representative workload by sampling 250

jobs from the trace. Each job is composed of a number of distributed components (Λ),

ranging from 2 (e.g., 1 PS and 1 worker, or just 2 workers for ring topologies) to as many

as 32 (e.g., 16 PSs and 16 workers). Diversity in job scale enables us to test the sched-

uler under various distribution scenarios. To simulate a moderately high-load environ-

ment, jobs are submitted following a Poisson process with a mean inter-arrival time of

15 seconds. This arrival rate is configured to cause peak resource saturation approxi-

mately two-thirds of the way through the simulation, allowing us to observe system be-

havior under both contention and recovery. We run 30 such sampled workloads for each

configuration to ensure statistical relevance. Since Plebiscito supports multiple alloca-

tion policies, we evaluate several of them by modifying the utility function as described in

Section 1.5. Unless otherwise specified, the results shown assume a value of α = 0.5

(Equation (11)) to equally balance the preference for compute and network resources.

Evaluation Goals. We organize the study around four guiding questions. First, to what

extent does a bandwidth-aware placement strategy improve overall cluster efficiency?

We quantify effects on JCT, AFR, and WCT across network capacities (§5.1). Second,

what is the underlying mechanism for these improvements? We examine how Plebisc-

ito responds to different resource footprints and how it shapes fairness across compute

and network resources (§5.2, §5.3). Third, is the decentralized protocol practical for real-

world deployment? We validate effectiveness and overhead on a physical prototype and
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analyze decision latency and message complexity at scale (§5.5, §5.6). Finally, how

does Plebiscito perform under heavy load? We push the system toward saturation and

probe allocation race conditions to assess robustness in congested settings (§5.4).

5.1. Performance Gains from Bandwidth-Aware Orchestration. Here we test the

workload over the settings described earlier to compare the JCT obtained by changing

the different utility functions (Table 1), highlighting the importance of being bandwidth

aware. We found that, regardless of the allocation policy, Plebiscito achieves up to 1.5×

lower JCT compared to bandwidth-unaware allocators.

Comparing Figure 4a (100Gbps) and Figure 4c (25Gbps), which report the normal-

ized average JCT, it is evident that higher bandwidth leads to shorter JCT. Nevertheless,

Plebiscito consistently improves performance across all tested utility functions Equa-

tion (11). In both scenarios, as the allocation across data center nodes and the network
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becomes more congested, relying solely on local resource availability becomes insuf-

ficient. The worst bandwidth-unaware performances are achieved by YARN, DRF, and

Tetris. Instead, SGF employs a packing strategy that can increase local leaf switch con-

gestion, whereas LGF attempts to evenly distribute jobs across nodes, potentially lead-

ing to uniform bandwidth saturation and, consequently, higher congestion. In contrast,

Themis and Tiresias introduce more placement-aware strategies. Themis balances fair-

ness and performance using a finish-time fairness metric, while Tiresias relies on profile-

based consolidation. However, these methods trade off placement quality against long-

term performance and may be too slow to adapt to dynamic conditions, unlike Plebiscito,

which captures trade-offs more effectively in real time. The same pattern holds for the

AFR metric in Figure 4b, where Plebiscito is more successful in meeting bandwidth re-

quirements, resulting in fewer failed allocations. A job fails on the first attempt when its

resource requirements, especially bandwidth for distributed training jobs, cannot be met.

In this case, bandwidth-aware scheduling leads to better bandwidth utilization, reduced

AFR, higher resource usage, and minimized idle time. Finally, the WCT under 25Gbps

in Figure 4d highlights that bandwidth-unaware allocations result in heavier bandwidth

contention and poorer allocations, leading to higher WCT.

Plebiscito bandwidth awareness achieves up to 1.5× improvement, enabling jobs to

run on the cluster with reduced JCT, fewer bandwidth contentions, and optimal perfor-

mance.

5.2. JCT Sensitivity to Resource Footprint. To better understand how resource

demands and placement strategies impact the JCT, we highlight the behavior of jobs

whose tail latency exceeds their nominal execution time, which can be estimated for

each job based on its given duration. A higher duration is a direct consequence of band-

width contention, which typically occurs at the peak of system utilization. Specifically, we

analyze JCT as a function of two key dimensions: the number of GPUs per worker and

the total number of nodes provisioned. We compare Plebiscito’s JCT under the suite

of utility functions introduced in our earlier experiments. This breakdown reveals clear

patterns: jobs with high GPU requirements per worker suffer more when the allocation
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policy is not bandwidth-aware. Similarly, jobs distributed across many nodes experience

increased JCT, depending on how sensitive the utility function is to network versus com-

pute headroom. This analysis highlights how distinct resource profiles map to JCT im-

provements under each placement strategy.

GPU Sensitivity. Figure 5 shows job performance grouped by GPU requirements per

worker, focusing on jobs requesting 0.5, 1, or 8 GPUs. For each category, we include

only jobs whose JCT exceeds their expected duration due to bandwidth bottlenecks. A

general trend emerges: as GPU requirements per worker increase, baseline allocation

mechanisms show greater slowdowns, especially when compared to the bandwidth-

aware Plebiscito allocation. The long upper whiskers in Figure 5a, Figure 5b, and Fig-

ure 5c suggest that a small fraction of jobs endure severe contention; likely those whose

workers end up straddling the data center spine. Plebiscito’s bandwidth-aware bids re-

duce these extreme tails. The less severe JCT performance is observed in Figure 5c,

where the Themis policy results in slowdowns up to 5× the target JCT. In contrast, Plebisc-

ito mitigates these slowdowns through its bandwidth-aware allocation strategy and Gang

Scheduling policy, which places workers of the same job in close proximity within the

data center to reduce communication overhead, as described next.

In this experiment, we evaluate Plebiscito’s Gang Scheduling performance by enforc-

ing bandwidth-aware allocation and analyzing its impact under varying network capac-

ities. Specifically, Figure 6 shows the JCT as a function of the number of nodes used

per job (2, 4, and 8). We observe how different allocation strategies affect performance

under these conditions. We further examine the spatial distribution of job components

across nodes to assess whether Gang Scheduling is effectively enforced. This analy-

sis focuses exclusively on jobs requiring one GPU per worker. As shown, a consistent

trend emerges: the more nodes used per job, the higher the JCT. Notably, Themis ex-

hibits strong performance in these cases (Figure 6c). However, it may still benefit from

Plebiscito’s bandwidth-aware placement, which attempts to colocate workers to minimize

path length and avoid bottlenecks.
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FIGURE 7. Fairness evaluation. While the leaf switches remain heavily
utilized during training, representing a major bottleneck for allocations,
Plebiscito manages to achieve a fairer utilization across different place-
ment functions.

Conversely, when a job spans fewer nodes, bandwidth consumption is more local-

ized and results in lower JCT across all utility functions (Figures 6a, 6b and 6d). Again,

Plebiscito consistently prioritizes bandwidth feasibility, reinforcing Gang Scheduling by

keeping job components closer together on the node overlay.

5.3. Plebiscito Fairness. In a multi-tenant environment, unfair scheduling can al-

low small jobs to monopolize prime resources, starving larger jobs and increasing their

JCT. Fairness ensures all users receive a reasonable share of resources, leading to pre-

dictable performance and better Quality of Service. We evaluate fairness using Jain’s

index for both bandwidth and GPU load, as shown in Figure 7. In bandwidth-unaware

settings, policies like LGF and YARN exhibit poor fairness at the leaf-switch level, as

they often route large jobs over already saturated links. Plebiscito, by contrast, proac-

tively steers traffic to underutilized NICs, achieving a better allocation distribution that

reduces contention and slightly improves overall fairness. This network-aware approach

also fosters more balanced GPU allocations. When bandwidth is considered, all policies

improve, but Plebiscito’s utility function systematically prevents both network and com-

pute imbalances by avoiding congested links from the start.

5.4. Performance Under High Load. A critical test for any orchestration system

is its performance as the cluster approaches saturation. To evaluate Plebiscito under
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FIGURE 8. Allocation race condition. Comparison of average JCT as sys-
tem load increases. The performance gap between Plebiscito and the
baseline widens at higher loads, demonstrating Plebiscito’s effectiveness
in congested environments.

these conditions, we designed a stress-test scenario in our simulator, which we refer to

as an allocation race condition, where all jobs arrive simultaneously (at time 0) into an

unloaded system. We created three distinct workloads with aggregate GPU demands

corresponding to 50%, 70%, and 120% of the total cluster capacity. For this experiment,

we compared the average normalized JCT of Plebiscito against a bandwidth-unaware

baseline. Both schedulers use a basic LGF utility function (Table 1), but Plebiscito is

configured with α = 0.8 (Equation (11)) to heavily prioritize network awareness. The

results, shown in Figure 8, confirm that Plebiscito’s benefits are most pronounced when

resources are scarce. At 50% load, Plebiscito already provides a notable improvement.

As the load increases to 70%, the baseline scheduler’s performance degrades. Finally,

in the overloaded 120% scenario, the baseline scheduler’s JCT reaches 3.1x the ideal,

while Plebiscito’s JCT is only 1.9x the ideal. The performance gap widens as the load

increases because network-agnostic placements are no longer viable, and intelligent,

network-aware decisions become essential for avoiding bottlenecks. This demonstrates

that Plebiscito is most valuable in the congested environments for which it was designed.

5.5. Prototype Evaluation. We validated Plebiscito’s core functionalities on a small-

scale evaluation on the FABRIC testbed [69]. As part of this evaluation, we analyzed the

resource overhead of the Plebiscito agent to confirm its suitability for deployment on pro-

duction nodes alongside training workloads. Our measurements confirm that the agent
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FIGURE 9. System Prototype. Plebiscito strikes a better WCT compared
to allocation policies more favorable to bin packing (SGF) or fairness (LGF)
and the Kubernetes default allocator (Figure 9a). If possible, Plebiscito
reduces inter-node bandwidth contention, as shown in (Figure 9b), while
achieving higher local intra-node bandwidth utilization (Figure 9c). The
message overhead to reach consensus among Plebiscito agents grows
with the number of nodes and workers to place (Figure 9d).

is lightweight. The agent’s computational footprint is minimal, as we observed no signif-

icant increase in CPU utilization even during active auctions. Memory consumption is

also small; the agent’s memory footprint, primarily used for storing auction state and the

cluster topology view, increased by approximately 75 MB during our tests. Furthermore,

the communication overhead is low, as protocol messages are small, averaging between

500 and 600 bytes (per Figure 2b). Given this low and predictable resource overhead,

we conclude that the Plebiscito agent is a lightweight component. For the remainder of
46



our evaluation, we focus on the more critical performance metrics of JCT and allocation

efficiency.

Test Case 1. We deploy six nodes behind a single switch, throttling one node’s NIC to

5Gbps and leaving others at 10Gbps to demonstrate Plebiscito’s bandwidth-aware al-

location. Each node has an NVIDIA T4 GPU and 12 CPU cores. Following [18, 70],

we test a Deep Neural Network training use case. We used the PyTorch library [71] to

train a ResNet-110 [72] model on the CIFAR-100 [73] dataset, running workloads of

20 training tasks with different worker configurations and batch sizes (32, 64, 128) un-

der both PS and ring-all-reduce architectures. For each setup, nodes run the Plebisc-

ito agent, placing bids per Equation (11), with fres and fnet representing local resources

and bandwidth. In PS placements, Plebiscito consistently computes the bandwidth-

effective placement, improving throughput and reducing transfer time, as shown in Fig-

ure 1c compared to Figure 1b, with varying worker counts. Results for ring-all-reduce,

omitted due to space, show similar behavior: Plebiscito avoids congestion and selects

bandwidth-optimal placements.

Test Case 2. To scale our evaluation beyond limited physical GPUs, we design a trace-

driven emulator that replicates training durations and transfer sizes from earlier runs.

While it abstracts GPU dynamics, it faithfully reproduces training round durations and

send rates, enabling large-scale experiments without losing generality. We deploy the

emulator on a Leaf–Spine topology with 4 Leaf and 2 Spine Fabric nodes, using FR-

Routing [74] for L4 routing. Each router interface has a 20Gbps NIC; each Leaf con-

nects to 4 nodes with 10Gbps NICs. End nodes simulate 8 GPUs and 48 CPUs to sup-

port denser job placement. We submit 50 jobs whose communication patterns may use

inter-node (NIC) or intra-node (localhost) paths depending on the allocation. Network

stats are collected from /proc per interface, with bandwidth samples averaged over 30s

to avoid measurement overhead spikes that may be hidden but are discussed later. Ap-

plications also report training times to evaluate allocation efficiency.
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Figure 9d presents the measured message overhead expressed as the number of

exchanged messages associated with the Plebiscito allocation protocol across vary-

ing infrastructure and application sizes (i.e., 2, 4, 8, and 16 components). The results

demonstrate that the overhead remains consistently low, with Plebiscito agents reach-

ing consensus within 300 messages even in relatively large system configurations. Fur-

thermore, the observed linear trend in message growth suggests that the proposed al-

location exhibits favorable scalability characteristics. We analyze the time convergence

complexity in the next Section 5.6

Focusing then on the testbed previously described, Figure 9b reflects usage on the

physical NIC of the servers, while Figure 9c shows usage on the localhost interface.

Kubernetes and LGF, being unaware of bandwidth constraints, result in higher physi-

cal interface utilization. In contrast, both Plebiscito and SGF reduce physical NIC usage:

Plebiscito achieves this via explicit bandwidth-aware placement, while SGF implicitly re-

duces inter-node traffic by aggressively consolidating workloads on fewer nodes. Specif-

ically, the Plebiscito allocation strategy takes into account the available bandwidth on

the localhost interface. As a result, it tends to distribute the workload more broadly than

SGF, which can lead to certain servers becoming overloaded while others remain under-

utilized (or idle).

Bandwidth-aware placement improves training performance, as illustrated in Fig-

ure 9a. Plebiscito performs the allocation resulting in the lowest training time; this can be

achieved by carefully balancing the intra- and inter-node communication. On the other

hand, SGF, while making even better use of the physical network, overloads the local-

host interface of the nodes, resulting in an average training time that is approximately

20% higher. Finally, being the physical network far more critical than the localhost one,

LGF and Kubernetes experience the highest training time because of the excessive use

of inter-node communication.

5.6. Protocol Performance and Scalability. While our theoretical analysis provides

worst-case bounds on performance, a critical question for any distributed system is its

practical, real-world viability. The core challenge in large-scale resource orchestration
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FIGURE 10. Empirical analysis of Plebiscito’s performance and scalability
for placing a 16-component job. The y-axes are on a logarithmic scale.

is balancing the trade-off between the quality of a placement decision and the latency

incurred in making it. An ideal scheduler must be fast enough for real-time operation,

yet sophisticated enough to handle the complexity of a large, dynamic cluster. This sec-

tion directly addresses these concerns by empirically evaluating the performance of the

Plebiscito protocol.

We measure the end-to-end wall-clock time from when a job is submitted until a place-

ment decision is reached in milliseconds. We analyze both the convergence time and

communication overhead as the number of nodes grows. We compare Plebiscito’s per-

formance against the modeled performance of a traditional centralized scheduler to

quantify the scalability advantage of our design. To this point, we conducted experi-

ments in our event-driven simulator, generalizing the results from the implementation

on the FABRIC datacenter, in order to scale our results up to 1024 datacenter nodes, for

a 16-component job.

The results presented in Figure 10 confirm the practical benefits of our decentral-

ized approach. As shown in Figure 10a, the decision latency for a centralized scheduler

scales quadratically, quickly becoming impractical for clusters larger than 64 nodes. In

contrast, Plebiscito’s convergence time scales in a near-linear fashion, remaining well

under a second, demonstrating its feasibility for real-time decision-making. Figure 10b

explains this performance difference. While the centralized approach has a minimal
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message count of O(2N), it creates a serial bottleneck at the scheduler. Plebiscito’s pro-

tocol generates more total messages, but because the communication and computation

are parallelized across all nodes, it achieves a much lower wall-clock time. Furthermore,

the empirical message count remains far below the theoretical worst-case bound. To-

gether, these results validate that Plebiscito provides a scalable and practical solution for

real-time, distributed resource orchestration.

After this discussion focusing on the data center, we will move on to describing the

details of the FL edge architectures and how these can be improved with our proposed

optimization. We start from the far edge of resource utilization and show how this can

impact the FL training and improve the total time to accuracy.
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CHAPTER 4: Distributed Edge Federated Resources

1. Privacy-Oblivious FSL

In this section, we detail our Federated Split Learning (FSL) architecture, which we

originally proposed in [75]. FSL is a hybrid approach that combines the advantages of

SL and FL. It avoids sending users’ source data or sharing the complete NN parameters

through the network while being scalable.

Our FSL architecture shown in Fig. 1e has three types of entities: (i) edge servers,

(ii) clients, and (iii) parameter servers. To train a NN with FSL, we first set up an au-

thentication protocol [76, 77] among the entities to pair each client with one edge server,

and edge servers with a parameter server. After pairs are found, the communications

are sent without encryption. Then, in each client and server pair, we partition the com-

plete NN into the client’s partition and (edge) server’s partition.

FSL has three training steps. In step 1, the client forward propagates with source

data and transmits the intermediate data to the edge server. The server then finishes

propagation and calculates loss. In step 2, the server backward propagates to the client

source data. In step 3, after a few epochs, the parameter server averages the weights in

the edge servers.

Comparison with other hybrid methods. Consequently, FSL will have multiple advan-

tages compared to the other approaches discussed. FSL is more practical at the edge

as its clients have lower computation and memory demand, i.e., fewer NN layers to train,

compared with FL. Also, FSL only averages the weights in the edge servers, instead of

the complete weights in FedAVG. Therefore, FSL reduces the risk of suffering model

inversion attacks [78, 79]. FSL also provides better scalability than SL since client and

server pairs can train independently. Compared with FRC [80], FSL is more efficient

in training time. FRC updates one weight shard per forward and backward propaga-

tion pipeline and runs multiple times to update the full model. Compared with PSL [23],
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FSL has four potential advantages. Scalability: FSL allows Client-Edge Server pairs to

train independently, which allows it to scale to more clients. On the other hand, the PSL

server can either work with each client sequentially or enlarge the batch size accom-

modating the number of clients and waiting for all intermediate data. In the worst case,

when n clients arrive at the same time, the lower bound on waiting time for each PSL

client to begin backward propagation is O(n). Robustness: We also observe that FSL

has to maintain fewer states in each independent pair. The PSL server would temporar-

ily store multiple batches of intermediate data simultaneously, so it needs a sophisti-

cated logging and compaction storage system to avoid or recover from failures. Con-

sequently, FSL is more robust than PSL. Resilience: In FSL, failure in one pair would

not prevent other pairs from training or inference. However, the PSL design may suffer

from resiliency problems when the single server failed. Bandwidth Congestion: For FSL,

each edge server only processes intermediate data from its client, which leads to lower

communication overhead. Meanwhile in PSL, since all intermediate data will be sent to

and processed by the single server, bandwidth and computation resources at the server

node may get overwhelmed. Our findings are presented in Section 3.

2. Privacy-Aware FSL

We have discussed the efficiency and resilience of FSL. In this section, we consider

instead the privacy-preserving properties of different architectures and propose our

privacy-aware FSL. In particular, we discuss how to complement general split learning-

based architectures to mitigate the privacy concerns of sharing hidden variables or weights

over an honest but curious network. We first give a formal definition of our privacy at-

tacker model, and then we discuss how a Client-based Privacy Approach and certain

ways of partitioning Neural Networks help to avoid such attacks.

2.1. Privacy Attacker Model and Assumptions. We assume that the attacker

knows the structure of the client NN (Client), the Intermediate Data (Client(xSou)) trans-

mitted from the client to the edge server in plaintext and an auxiliary dataset (xAux) with

features similar to the client source data (xSou). Then, following Eq. 13, the adversary

can train an AutoEncoder NN with an Encoder part (Enc) and a Decoder part (Dec) [81]
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to reconstruct xAux by minimizing a Mean Squared Error (MSE) loss comparing xAux

and the AutoEncoder output Dec ◦ Enc(xAux) where Enc has the same NN structure of

Client.

argmin
Dec,Enc

(MSE(xAux, Dec ◦ Enc(xAux)))(13)

And then the trained Decoder (Dec) can reconstruct the client source data (xSou) based

on the intermediate data generated by client model (Client(xSou)), as shown in Eq. 14.

xRec = Dec ◦ Client(xSou)(14)

Details of using this attack are discussed in Section 3.3.2.

2.2. Attack Resilience. Given the attacker model, in order to compare the level of

privacy guarantee among different privacy approaches, we define an Attack Resilience

metric (τ ) as:

(15) τ = 1− ∥correct∥
∥reconstructed∥

It measures the misclassification rate. ∥correct∥ counts the number of reconstructed

images, which can be correctly classified by a trained classifier (Section 3.3.3). And

∥reconstructed∥ is the total number of reconstructed images. Then we can compare the

misclassification rate of the trained classifier based on the reconstructed datasets. The

higher value means the reconstructed images have fewer features to be correctly recog-

nized by the attacker’s classifier, which is an indicator for higher attack resilience.

2.3. Client-Based Privacy Approach in Distributed Setting via Distance Corre-

lation (CPA-DC). Motivated by the NoPeek approach [82], where they minimize Cross-

Entropy while maximizing Distance Correlation (DC) in one loss function, we optimize

the two loss functions in an alternately scheduling mechanism with two rounds (Equa-

tion 16): At epoch e, if e mod F == 0, given Frequency F , the regular round minimizes

the cross-entropy loss function Loss(·) with results of the inference model (server NN

g(·) takes outputs of client NN f(·) based on input x) and ground truth labels in the (edge)

server. Otherwise, the DC round maximizes the DC loss function comparing client source
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data x and output f(x) in the client node. Then by balancing the two rounds with loss

multiplier m and Frequency F , we achieve high accuracy and privacy guarantee as only

important features are preserved for training.

(16) L =


Loss(g ◦ f(x), label) if e mod F == 0

m ·DC(x, f(x)) otherwise,

Our Client-Based Privacy Approach (CPA) can also work with other loss functions or

methods teaching NNs to focus on important features. In section 3.3, we evaluated the

trade-off among training time, accuracy, and attack resilience, comparing DC loss and

Differential Privacy (DP-SGD).

2.4. How to partition a neural network? In this section, we discuss the problem

of selecting how many layers need to be assigned for each NN partition, i.e., client NN

depth. This tradeoff will tune training time (processing and transmission delay), privacy,

and accuracy. Capturing the tradeoff between all these metrics is challenging. To illus-

trate, consider the tradeoff between processing and transmission delays. The output

size of different layers can be quite different, so a few partitioning policies may lead to

significant transmission overhead, increasing training time and hence diminishing the

gain of the hybrid FSL compared to the original Federated Learning architecture. For

example, in VGG-16 [83], the output size of the first convolutional layer is two times the

size of the second convolutional layer. Thus, a system with a model cut after the second

convolutional layer can trade off the extra processing delay at low-capacity clients while

yielding a lower transmission delay. We evaluate this effect in Section 3.2.2.

Analytically, this effect is captured by solving Problem 17, where α and β are developer-

specified parameters that represent positive weights for the transmission delay of inter-

mediate data (I) and computation delay (C), the parameter d represents the depth of the

client neural network, and finally, b represents the bandwidth, which is measured peri-

odically. To efficiently solve this problem, similar to Neurosurgeon [84], we consider us-

ing two regression models to predict the delays I and C given the available bandwidth,
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by profiling the model layers for output sizes and processing times offline using the re-

sources for training.

min
d
(αI(d | b) + βC(d))(17)

The solution of Problem 17 is optimal with respect to delays, however, it can be sub-

optimal with respect to privacy and accuracy. As Section 3.2.2 shows, the client pro-

cessing and transmission delay of FSL reaches the minimum when the client NN depth

is between 7 and 16. In Fig. 5a, instead, the client NN needs more than 16 layers to be

above 90% attack resilience. Thus, we conclude that an optimal NN partitioning decision

should balance different objectives and constraints, including transmission delay, pro-

cessing time, privacy, and accuracy, as shown in our Problem formulation 18. In such

a problem, W represents the model weight vector, (I ′, C ′, A,R) is the tuple represent-

ing the observations for transmission delay, computation delay, accuracy, and resilience,

(γ, κ) are new user-specified positive weights, and d is the client NN depth.

(18)
max
W,d

(−αI ′(W,d | b)− βC ′(W,d)

+ γA(W, d) + κR(W, d))

To solve Problem 18, we have to train W for each d until convergence and then find

the best d. This brute force method is inefficient. A more efficient approach would rely

on predicting the delays, accuracy, and privacy without the full training of the model. Ex-

tending the approach in [84] to go beyond profiling delays, is challenging. This is be-

cause the accuracy and attack resilience for each client and edge server pair are harder

to profile and predict. Specifically, their profiling depends on the weights trained on other

pairs, the distribution of source data among clients, number of clients, number of layers

to average in SerAVG, and training epochs (Sec. 3.2.4 and 3.3). Another work can pre-

dict the model accuracy [85], but it is based on the already trained model. Therefore, for

our FSL architecture with SerAVG, a prediction method for partitioning remains an open

question for future work. In this paper, we experimentally demonstrate the best model

partitioning that balances requirements on training time, accuracy, and privacy.
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3. Evaluation Results

In this section, we describe the evaluation results related to our Privacy-Oblivious

FSL and Privacy-Aware FSL architectures with our privacy-aware approaches (CPA in

Section 2.3 and Neural Network Partitioning in Section 2.4) 1. Our evaluation demon-

strates the advantages of FSL over PSL and FRC in terms of training time, memory us-

age, and convergence rate. Moreover, we also show that our privacy-aware approaches

can prevent the reconstruction of source images from intermediate data in the Split Learning-

based systems. We first discuss our experimental setup, then present our evaluation re-

sults of Privacy-Oblivious FSL and Privacy-Aware FSL in Sections 3.2 and 3.3.

3.1. Experimental Setup. This experiment set studies the convergence for Privacy-

Oblivious FSL and the privacy guarantee of Privacy-Aware FSL across different hard-

ware and applications with different NNs and datasets.

For the hardware, we used two types of nodes on Chameleon Cloud [86]. One has

an RTX6000 GPU, two Intel Xeon Gold 6126 CPUs and 187 GB memory. The other one

has four NVIDIA V100 GPUs, two Intel Xeon Gold 6230 CPUs and 128 GB of memory.

We emulated the computer network among our distributed learning entities on the local-

host interface on a physical machine, and each experiment was set to use a single GPU,

so that we can ignore the network bandwidth bottlenecks.

For the applications, we considered three classification tasks and implemented them

with PyTorch [71]. Then the distributed communication among entities of the systems

was handled by PySyft [87] and PyGrid [88], and no encryption was applied to the trans-

mission. The first application runs a general image classification task with a VGG-16 [83]

Convolutional Neural Network (CNN). The model was pre-trained using ImageNet [59]

and then fine-tuned with the CIFAR-10 dataset [89]. We run this task on 5 clients run-

ning an NVIDIA V100 GPU. The second task uses a LENET [90] CNN to recognize hand-

written numbers in the MNIST dataset [91] on 20 clients running an NVIDIA RTX6000

GPU. The third task classifies traffic, not images. In particular, we decomposed a one-

dimensional-CNN, trained with the ISCX VPN-nonVPN (ISCX) traffic dataset [92], using

1
https://github.com/HEECMA-BU/FSL
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FIGURE 1. LeNet+MNIST : (a) Client Time, (b) Server Time, (c) Interme-
diate data size. Observations: 1) Intermediate data size is correlated with
the times taken by the PSL architecture, while having little correlation un-
der FSL. Notice that since FSL and PSL do not modify the NN structure
other than splitting the NN, the sizes of intermediate data generated by an
FSL client and a PSL client at one cut index with the same input image are
the same; 2) FRC has almost twice the overall training time as FL; 3) Plots
are obtained by averaging 20 clients’ results. The intermediate data size is
under the batch size of 16 and each image was resized to (1,32,32). VPN
Workload : (d) Client Time (e) Server Time. Similar considerations are valid
for the VPN dataset. Tested with 5 clients with a one-dimensional NN with
an input size of (1,784). Still, FSL has the shortest Client F&B time com-
pared to the other settings.
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FIGURE 2. VGG + CiFar10: Plots show the effect of Cut Index over (a) av-
eraged overall training time, (b) time spent in clients (5 clients average),
(c) time spent in server, (d) intermediate data size. The transmission delay
caused by intermediate data size can dominate the training time (occurring
during F&B propagation).

5 clients running on an RTX6000 GPU. We partitioned the dataset and assigned among

different clients with Independent and Identically Distributed (IID) probabilities, and all

our plots show 95% confidence intervals unless otherwise specified. Our goal is to verify

that FSL can always converge with different tasks, different NNs, different devices, and
57



different data distributions. We verified the advantages in delay or privacy of FSL over

existing solutions.

3.2. Evaluation Results for Privacy-Oblivious FSL. This section illustrates the

methodology and draws observations of our experiments. Overall, our evaluations show

that Privacy-Oblibious FSL has less overhead and similar accuracy compared to exist-

ing solutions. In particular, we evaluate training time (Sec. 3.2.2), memory consumption

(Sec. 3.2.3), and learner accuracy (Sec. 3.2.4).
3.2.1. Experiment Design. Given the size of the different datasets and the number of

clients, to reach at least 90% accuracy, the neural networks used for image classification

needed 20 epochs. While for the traffic classification model, 80 epochs were used.
3.2.2. Training Time Evaluation. To evaluate training time, let us consider the exper-

iment whose results are reported in Figures 1 and 2. The x-axis indicates the Cut Index,

i.e., the index of the last layer running in the client/local part of the NN. When tested over

the MNIST scenario, we can observe from Figure 1a and 1b that FSL has the short-

est “Client Forward and Backward Propagation” (Client F&B) time among all other dis-

tributed architectures. The Client F&B time includes transmission time for gradients and

computing both activations and gradients in Client NN. And Server F&B time includes

transmission time for hidden variables from client to server and computation in Server

NN. Notice that the weight update time is separately counted by “Client Update Time“

and “Server Update Time“. Moreover, we note that PSL is more vulnerable than FSL

to limited bandwidth across splits. PSL is consistently the slowest due to its inefficient

server design; the server has to synchronize and process all batches of intermediate

data in each training epoch stacked as a big batch or sequentially.

Observing FRC and FL, we see the F&B times do not change along with the Cut In-

dex (Figures 1a and 1b). Note also that FRC is not training time efficient. It updates its

complete model with two almost full forward and backward steps [80]. This can be noted

in the same figures: the FRC total F&B time for local and shared weights is almost dou-

bled compared to the FL training time.

We were able to obtain similar results comparing the F&B times in another predicting

scenario: the 1D CNN implemented by [92] (Figures 1d and 1e). Due to the limited size
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of this neural network (with only two convolutional layers), we evaluated the architec-

tures with merely two Cut Indexes: at layer 3 and layer 6 of the NN. Even in this exper-

iment, we observe how our FSL still has the shortest Client F&B time. PSL is the worst

performant at each cut, and FL keeps performing better than FRC.

FSL consistently uses less time in each training epoch than the other analyzed

architectures. We found that PSL perform worse than FSL because of the single-server

architecture. PSL has similar results when comparing its client F&B time with FL and

FRC. FRC is not training time efficient. Its total F&B time almost doubles compared to

FL.

When evaluating the training time on the CIFAR-10 scenario, we found a different

trend (Fig. 2a): PSL had the longest training time, except for a cut index of 30. Moreover,

FSL did not always perform the best. When most of the layers run within the client, FL

has a shorter training time. This is because the size of intermediate data changes as

the cut moves, and with smaller data to send, the overall training time can be shorter.

Fig. 2b and 2c show the extra F&B time during training. And existing works for SL have

discussed the similar behavior [40–43].

In particular, we show that FSL outperforms PSL as PSL F&B time is more vulner-

able to intermediate data transmission. In Figure 1, Client F&B time of FSL keeps de-

creasing with a smaller Cut Index, while that of PSL still increases at Cut Index 6, 5, and

3, 2, although the intermediate data in this experiment is much smaller than using VGG-

16. This behavior is caused by the single server bottleneck. Thus, FSL is more scalable

in terms of training time. Such observation also explains why both client and server F&B

times of PSL are consistently larger than FSL.
The intermediate data and gradients can cause significant network overhead. Such

overhead, however, is better mitigated by our FSL than PSL. Existing work [42] [43] for

Split Learning, as well as our partitioning strategies (Section 2.4) can further mitigate the

communication overhead. Thus, the additional delay in FSL is not considered a severe

bottleneck compared to those systems training at the edge, like FL.
3.2.3. Memory Consumption Evaluation. Memory usage of each entity in the edge

training and inference systems limits the scope of devices that can join the system. To
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compare which system is more flexible to deploy in terms of memory capacity on de-

vices, we show the memory demands in FSL, PSL, FL, and FRC systems.

Real-world memory utilization can be highly variable as it depends on several im-

plementation factors, such as libraries used and the Remote Procedure Calls (RPCs)

implemented. However, the size of a model and its hidden variables are known. The fol-

lowing results show that FSL clients consume less memory compared to FL and FRC,

and the FSL edge server occupies less memory than PSL.

The two plots in Figure 3 show the memory demands computed at the client and the

server for each architecture. The x-axis shows the Cut Index and the y-axis represents

the corresponding expected memory usage in MB. Note that FL and FRC do not split

the NN, so their memory demands during training are only shown in the left plot.

As shown in Figure 3a, the sizes of each client NN’s weight and hidden variables at

each layer are the same in FSL and PSL. Since FRC and FL compute the full NN in the

client during training, they require more than five times the memory, for Cut Index 4 to

30. Figure 3b instead shows that the server memory demand decreases with the cut

index, as expected. However, notice that the PSL server needs extra memory to hold

intermediate data from different clients, which leads to slightly higher memory demand

than FSL.

Memory usage of FSL compared to other systems. To conclude, we found that FSL’s

servers are lightweight compared to PSL. Thus, state management would be easier in

FSL. Also, FSL’s clients are lightweight compared to FRC and FL, during training, so

they are more suitable at client devices.
3.2.4. Learner Accuracy Evaluation. The distributed training method in FSL, Ser-

AVG, is similar to FedAVG (FL) but only averages the model weights of the NN in the

(edge) servers (Section 1). In this subsection, we evaluate the convergence speed of

SerAVG based on source data distribution, cut indices and data size at each client. No-

tice that we expect a higher accuracy with further hyper-parameters tuning, given prior

results in similar contexts [93, 94]. While our accuracy results show 95% confidence in-

tervals, parameter tuning is out of the scope of this paper.

60



4 7 16 30
Cut Index

0

100

200

300

400

500

600

Cl
ie

nt
 M

em
or

y 
Us

ag
e 

[M
B]

PSL
FSL
FL
FRC

(A)

4 7 16 30
Cut Index

0

100

200

300

400

500

600

Se
rv

er
 M

em
or

y 
Us

ag
e 

[M
B]

PSL
FSL
FL
FRC

(B)

FIGURE 3. VGG + CiFar10: Plots show (a) Client and (b) Server memory
demands (size of model weights and hidden variables), with batch size 32
and image size (3,32,32). The FSL edge server uses slightly less memory,
as less batches of hidden variables are present simultaneously compared
to PSL. Also, the FSL client uses less memory compared to FRC/FL as
only the Client NN partition is deployed versus the whole model. Notice
that the clients of FSL and PSL have the same memory demand as the
client models and output sizes are the same given the same cut index and
image size.
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FIGURE 4. From plots (a), (b) and to (c), the accuracy of SerAVG, PSL,
and FRC decreases from the FedAVG level of accuracy to NonAVG, as
fewer convolutional layers are averaged. PSL minimizes loss based on
the hidden variables from all clients, so it achieves a little higher accuracy
compared to SerAVG and FRC. However, FSL can achieve better privacy
as shown in Section 3.3. SerAVG: Average (edge) server NN’s weights;
NonAVG: Each pair trains on its own; FedAVG: Average the complete NN’s
weights. In plot (d), we use a cut index of 3 and the FSL and PSL accura-
cies converge to similar values.

Tradeoff among Non-IID Data, Cut Index and Accuracy: In this experiment set, we

evaluate the model accuracy given Non-IID source data and different numbers of feature

layers to average. We split the data into two parts, namely part 0 and part 1. Each part

includes data corresponding to half of the labels in the MNIST dataset and is divided
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into a trainset and a testset. Note that the aforementioned way of splitting the dataset

is an extreme Non-IID case. For example, a model trained on part 0 of the training set

has no knowledge of the labels in part 1 of the training set. To assess the systems on

more realistic data distributions, we further add 10% samples, uniformly and randomly

selected from the complete MNIST dataset to both parts of datasets.

Consider Figures 4a, 4b and 4c, the x-axis represents the data partitions that train-

set or testset belongs to, i.e., 0 & 1 means trainset of part 0 and testset of part 1 were

used. The y-axis shows the validation accuracy. We show the results with cut indices

3, 5, and 7 in a modified LeNet, which correspond to the three convolutional (feature

extraction) layers. From left to right, the accuracy decreases from the level of FedAVG

(full weights sharing) to NonAVG (no weights are shared) when the server/shared NN for

FSL, PSL, and FRC is shallower. When the Cut Index is 3, SerAVG, FedAVG, and PSL

perform equally well. When the Cut Index is 5, SerAVG is worse than FedAVG but still

higher than NonAVG. FRC has similar accuracy to SerAVG. PSL maintains similar high

accuracy as FedAVG. Further, when the Cut Index is 7, all hybrid methods have similar

accuracy as NonAVG. We conclude that SerAVG can enhance the accuracy in the Non-

IID source data set, while worse than FL and PSL depending on the number of layers to

average.

Comparing FedAVG and SerAVG, FedAVG averages all weights, while each FSL

client NN is trained with a smaller batch of gradients ignoring other clients, which ex-

plains why a shallower (edge) server NN leads to lower accuracy. On the other hand,

comparing PSL and FSL, the PSL server optimizes for minimal loss using all clients’

batch output. Thus, the gradients applied with SerAVG will be less accurate compared

to PSL, as the FSL clients are not updated considering the direction of other clients’ gra-

dients.

Note also a similar but smoother drop in accuracy based on Cut Indexes with IID

CIFAR10 sources and VGG16 in Figure 5a. The two experiments with MNIST and CI-

FAR10 datasets suggest that SerAVG can achieve high accuracy by utilizing data of

all clients when applied to suitable NN models and Cut Indexes. Specifically, when the
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FIGURE 5. Accuracy and Attack Resilience for Privacy Oblivious and
Privacy-Aware Architectures based on Cut Index. Note: DC 1 in captions
refers to DC Frequency = 1. These figures show that to reach high ac-
curacy and attack resilience, the Cut Index cannot be too big or too small,
and loss multiplier is another way to enhance attack resilience. Further-
more, the loss multiplier can be more practical than DC Frequency, since it
doesn’t introduce overhead to the training steps.

Cut Index is small, SerAVG achieves high accuracy while allowing deployments over

resource-constrained client devices.

Tradeoff between Resource Demand and Accuracy. In this experiment, we evalu-

ated the accuracy of FSL with small resource demand, i.e., small input data size and

limited resources. The dataset is IID across 20, 100, and 500 clients yielding different

input data size at each client, and we use cut index of 3 to isolate the accuracy drop

caused by SerAVG. Our results are shown in Figure 4d. The x-axis indicates the index

of epochs, and the y-axis shows the corresponding test set accuracy after a certain

number of epochs. We found that with LENET and MNIST, the validation dataset can

reach an accuracy range of 87% to 93%, as long as each client has enough data to train

the machine learning model.

3.2.5. Advantages and Limitations. Our evaluation of Privacy-Oblivious FSL shows

shorter training times and less memory footprint, although its accuracy is consistently

lower (but only slightly) to that of other methods. However, when server node resources

are not limited, e.g., in the Cloud, FSL may have a marginal gain over PSL. Thus, it is

important to consider resource availability when choosing a system design.

3.3. Evaluation Results for Privacy-Aware FSL. In this section, we present the

evaluation results of our privacy-aware FSL architecture and show that it can provide
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certain privacy guarantees. FSL clients do not share the source data and model weights,

so adversaries cannot directly access the source data or reconstruct them with the model

weights using model inversion attacks [78,79]. However, when compared with Federated

Reconstruction (FRC) [80] which trains a complete model at the client, FSL still sends

the intermediate data through a network to complete the forward and backward prop-

agation between clients and (edge) servers. An adversary could use such data to re-

produce the source data, e.g., through an Autoencoder [95] NN, trained with a specific

dataset, in Section 2.1.

To assess how our approach mitigates such vulnerabilities, we first introduce the

evaluation setup, the design and usage of the attacker Autoencoder NN, and our exper-

iment methodology. Then, we discuss the results of different privacy approaches, i.e.,

NoPeek [82] and the Client Based Privacy Approach (CPA), and the privacy level of dif-

ferent ways of partitioning the NN. NoPeek solves a multi-objective optimization problem

of two loss functions, i.e., one maximizes accuracy, and the other maximizes the differ-

ences between source images and intermediate data. For CPA, we evaluate CPA-DC

and CPA-DP. CPA-DC (Section 2.3) optimize the two loss function in NoPeek alterna-

tively. CPA-DP applies a DP-SGD [96] algorithm in the clients. Finally we evaluate the

privacy guarantee of different partitioning of client NN and server NN motivated by Sec-

tion 2.4. We conclude this section by presenting results that demonstrate the high re-

silience to privacy attacks of our proposed FSL and the advantages in training efficiency.
3.3.1. Evaluation Settings. Our Privacy-Aware FSL and PSL extend our Privacy-

Oblivious version by adding the CPA. Partitioning the NN was made easy by considering

only sequential NNs (e.g., LeNET and VGG16). We tested both systems with the same

image classification workloads (e.g., MNIST and CIFAR10) on the same hardware (i.e.,

NVIDIA RTX6000 and NVIDIA V100, respectively) as the Privacy-Oblivious setting.
3.3.2. Setup the Attacker’s Auto-Encoder Neural Network. Following Section 2.1,

the attacker trains an autoencoder NN, consisting of an Encoder and a Decoder, with an

auxiliary dataset using the MSE loss function to minimize the difference between inputs

and outputs, i.e. the input data can be faithfully reconstructed (decoded) from the out-

put. The encoder part uses convolutional layers to extract latent variables from its input
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dataset, and the decoder uses the encoder’s last activation function outputs and trans-

posed convolutional layers to reproduce the input dataset of the encoder. Consequently,

we implement the encoder NN with the client NN structure, and let the decoder strictly

mirror the client NN structure, i.e., the ith layer of an encoder (client NN) would be the ith

last layer of the decoder, with transposed convolutional layer.
3.3.3. Privacy Evaluation: Methodology. In this subset of our evaluation, we want

to show both CPA and carefully designed ways of partitioning NN provide high attack

resilience while preserving high accuracy, based on different datasets, NNs, for split

learning-based systems.

Each experiment includes trials initializing the Autoencoder’s weights and data load-

ers with different random seeds. In each trial, the attacker used a dataset containing

similar features to the learner’s source dataset. To reconstruct MNIST, we selected EM-

NIST [97], and for CIFAR10 we selected the CIFAR100 [89]. The EMNIST dataset con-

tains hand-written characters instead of numbers in MNIST, so features like lines and

curves are the same and the attacker can decode those activation function outputs.

Similarly, the CIFAR100 dataset contains 100 classes of RGB images instead of the 10

classes in CIFAR10, so the common features, e.g. classifying cat or dog, can be used to

reconstruct with the activation function outputs from the CIFAR10 dataset.

For each trial of the experiment, we first let the attacker learn to reproduce her datasets.

Based on the MSE loss, i.e. a loss function that measures how different the original

and reproduced images are, the attacker updates her weights in each epoch. After 20

epochs, we used the decoder to reproduce the learner’s dataset from the intermediate

data.

When an autoencoder NN is trained, we train a new classifier with the same NN

structure and source data as the learner to classify the reproduced images for 20 epochs.

The mean and standard deviation of this classifier’s attack resilience τ in section 2.2.

We show the results comparing Privacy-Oblivious and Privacy-Aware FSL and PSL

systems with different CPAs and Cut Indexes. Then, we evaluate the trade-off between

accuracy and attack resilience for FSL and PSL.
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3.3.4. Privacy Evaluation using NoPeek. As we illustrated in Section 3.3.6, NoPeek

solves a multi-objective optimization problem that takes in the source data and interme-

diate data to maximize the difference with a Distance Correlation (DC) loss function,

as well as the prediction and labels to maximize the accuracy. To solve such an opti-

mization problem, NoPeek has to share the value of the loss over a network which may

cause vulnerability or added complexity in maintaining the gradient graph. As shown in

Table 1, this approach has both high attack resilience (i.e., 97% for PSL and 98% for

FSL) and high learner’s accuracy (i.e., 97% for PSL and 96% for FSL) when trained for

the same number of epochs and clients as the Privacy Oblivious experiment with the

MNIST dataset and LENET NN.

cases PSL FSL
attack resilience(τ ) 0.9733 0.9837
learner accuracy 0.9702 0.9614

TABLE 1. NoPeek stats with 20 clients training 20 epochs.

3.3.5. Evaluation Result using Client-Based Privacy Approach via Distance Correla-

tion (CPA-DC). To mitigate the drawbacks of the loss value sharing, we consider a new

approach that prevents transmitting data outside clients, improving upon NoPeek. We

optimize for the similar two objectives in NoPeek alternatively in the Client-Based Pri-

vacy Approach via DC. As shown in Equation 16, there are DC Frequency (F) and Loss

Multiplier (m) to evaluate. F defines how many times the DC loss function is optimized

given the Cross Entropy has been optimized once. m is applied to the loss function re-

sult. These two parameters control how different the intermediate data and source data

will be, by changing the frequency of optimizing the DC loss and by changing the learn-

ing rate of gradients applied during that optimization, respectively.

We note multiple tradeoffs in CPA-DC. First, CPA-DC is not as training time-efficient

as NoPeek. NoPeek can optimize its two objectives with one forward and backward

steps while CPA-DC has to solve them sequentially. However, we consider that NoPeek

transfers more information than necessary over a network. Second, there are tradeoffs

for DC Frequency (F) and Loss Multiplier (m). Increasing F adds more epochs to op-

timize for DC loss, so the attack resilience would be higher at the expense of a longer
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training time. Instead, by increasing m, we can keep a small F, which reduces training

time while maintaining attack resilience. Intuitively, multiplying the DC loss by a larger m

is similar to increasing the gradient descent step size. Thus, we need fewer DC epochs

to maintain the attack resilience, while the gradients can be sub-optimal. Based on the

discussion, we expect that a large m combined with F of 1 can balance between train-

ing time efficiency and DC loss gradients’ accuracy. These two parameters should be

carefully designed in a production environment.

We first experimented with MNIST classification with different DC Frequencies and

a constant loss multiplier of 0.1 (equivalent to reducing the learning rate by 10%) and

studied the tradeoff between accuracy and attack resilience, as shown in Fig. 6a. The

x-axis represents the DC Frequency, the left y-axis shows the learner accuracy and the

right y-axis shows the corresponding attack resilience.

From the top plot of Figure 62, as DC Frequency is increasing, for both Privacy-Aware

FSL (PAFSL) and Privacy-Aware PSL (PAPSL) systems, the attack resiliency increases

and the learner accuracy decreases, as expected. Notice that PAFSL achieves better

accuracy and good resilience for most DC Frequency values. For DC Frequency from 10

to 20, given that the attack resilience of PAFSL and PAPSL are close within 10% differ-

ence, PAFSL achieves more than 90% accuracy. From 25 to 35, PAPSL does not learn

any features while PAFSL still has about 80% accuracy. When DC Frequency is five, the

PAPSL has an advantage over PAFSL, with close accuracy, and PAPSL has around 20%

more attack resilience.

The result shows that Privacy-Aware FSL with CPA-DC is easier to tune for high

accuracy and attack resilience. Within the wider domain of DC Frequency, PAFSL

has higher accuracy and good attack resilience compared to PAPSL. This is because

of the learning rate in SerAVG and PSL. The server weight update rule of PSL is shown

in Equation 19.

2A DC Frequency of zero corresponds to Privacy-Oblivious FSL and Privacy-Oblivious PSL, i.e. without
privacy awareness.
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(19) W t+1
g = W t

g − η

NC∑
i=1

∂g(f(xi))

∂Wg

Similarly for FSL, we have Equation 20.

W t+1
g =

∑NC

i=1(W
t
g − η

∂g(f(xi))

∂Wg

)

NC

= W t
g −

η

NC

NC∑
i=1

∂g(f(xi))

∂Wg

,

(20)

where W t
g indicates the weights in the server at iteration t, g is the server NN, f is the

client NN, xi represent the i-th batch of data, NC is the number of clients, and η is the

step size. Intuitively, since PSL has a larger step size, its server NN can be confused

quicker than FSL servers by the intermediate data. Moreover, the confused server NN

can further confuse the client NN. It justifies our observation that PSL’s accuracy and at-

tack resilience become unstable quickly when increasing the DC Frequency (F). There-

fore, we conclude that FSL is easier to tune compared to PSL.

In Figures 5b and 5d, with a fixed DC Frequency (F), we show the accuracy (left y-

axis) and attack resilience (right y-axis) based on different Loss Multiplier (m) for differ-

ent models and datasets. Furthermore, we compared the privacy oblivious cases (Fig-

ure 5a and Figure 5c), and the privacy-aware cases at different Cut Indexes (x-axis). As

expected, increasing the Loss Multiplier (m) enhances attack resilience but reduces ac-

curacy for different datasets prevalently, especially when the client NN is deep.

Overall our evaluation of CPA-DC shows good attack resilience and accuracy with

a combination of small DC Frequency (F) and big Loss Multiplier (m). And our FSL has

better accuracy and similar attack resilience to PSL. We hence conclude that our CPA-

DC can defend against our attacker model.
3.3.6. Privacy Evaluation with Differential Privacy Approach. The previous section

has discussed the CPA-DC, but instead of DC there are other lightweight methods that

can enhance the privacy guarantee which adds noise to the client’s NN while preventing

depletion of the client’s battery quickly. In this section, we compare CPA via Differential
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FIGURE 6. LeNet+MNIST: Accuracy and attack resilience (τ ) with 20
clients and a Cut Index of 3 for Client-Based Privacy Approaches (via DC
(a) and via DP (b)) and DP-SGD on the global learner model (c). Our FSL
with both client-based policies guarantees a high level of privacy and accu-
racy.

Privacy (CPA-DP uses the popular DP-SGD [96] algorithm inside clients) and CPA-DC.

Also, we show that naı̈vely using DP-SGD in an FSL system would lead to low accuracy.

The implementation extends the Privacy-Oblivious FSL with a DP-SGD optimizer, pro-

vided by the Opacus [98] library. This method would add normally distributed random

noise to the gradients during backward propagation based on noise multiplier ϵ. This

parameter controls the magnitude of the noise added. Notice that DC generates the gra-

dients in a specific direction to reduce the correlation between intermediate data and

source data in each Distance Correlation round. So we expect CPA-DP to have a worse

level of privacy, given the same level of learner accuracy, compared to CPA-DC. Thus,

the focus of this section is to show that CPA can be applied with other privacy methods

like DP, despite DP’s worse privacy compared to DC.

We summarize the results of CPA-DP in Fig. 6b. This plot shows the result when Cut

Index equals 3. The x-axis is the noise multiplier. The attack resiliency of FSL and PSL

with noise multiplier > 0 is consistently better by nearly 5% than FSL and PSL with

noise multiplier = 0. At the same time, the accuracy decreases by less than 1% in ei-

ther FSL or PSL from noise multiplier = 0 to noise multiplier = 4.
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CPA is a general approach and can be customized with different methods to

enhance attack resilience. The evaluation shows that CPA-DP can also improve attack

resilience, while learner accuracy does not change much. Compared with CPA-DC, both

methods provide similar learner accuracy, but CPA-DC’s attack resilience is higher.

We now compare CPA-DP against applying DP-SGD in both client NN and server

NN. Figure 6c shows high attack resilience, but the learner accuracy of FSL drops below

60% when noise multiplier ≥ 0.3. Meanwhile, PSL shows a similar behavior as using

CPA-DP. So, CPA-DP is considered a better method for FSL to enhance its attack re-

silience than DP-SGD applied in both clients and servers. The reason for FSL’s lower

accuracy under DP-SGD and high noise can be attributed to its SerAVG. After apply-

ing SerAVG, the distribution of the random noise in the server NN can be arbitrary, as

shown in E.q., 21, while the noise in the client NN stays intact. Thus, the resulting com-

plete NN in FSL may not converge.

(21) W t+1
g = W t

g −
η

NC

NC∑
i=1

(
∂g(f(xi))

∂Wg

+ etgi)

The variable etgi indicates the gaussian noise added for the i-th server NN at iteration

t according to etgi ∼ N (0, (noise multiplier ×max gradient norm)2) [98].

3.3.7. Evaluation Using Different ways of Partitioning NN. In Figure 5a and Fig-

ure 5c, the right y-axis shows the attack resilience, and the x-axis indicates the Cut In-

dexes. Overall, if we have a deeper client NN (i.e., moving from smaller to bigger Cut

Indexes), the attack resilience increases and accuracy decreases (consistent with the

SerAVG Evaluation in Section 3.2.4). After adding more layers, the intermediate data

would have fewer features from the source data, but only keeps those that can improve

the classification accuracy. Thus, fewer features are preserved and the attacker’s ability

to reconstruct the source’s data is hindered.

We also want to emphasize that with the CIFAR10 workload, when there are 7 layers

in the clients, the attack resilience reaches about 80%. We reach the same result with

MNIST workload at the Cut Index of 4. No extra privacy-aware method was used, and
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as we discussed earlier, the transmission delay can also be reduced with a deeper NN

in the client due to potentially smaller intermediate data.

Cut Index is an important hyper-parameter for training delay, accuracy, and pri-

vacy. Different Cut Indexes bring the following tradeoff: the deeper client NN adds more

resource demand at the edge, but reduces the transmission time and enhances attack

resilience. On the other hand, a shallower server NN may lead to lower accuracy with

SerAVG.

Furthermore, system architects can combine the approaches mentioned above, e.g.,

having a moderately deep NN in clients and using the CPA-DC, to find a balance be-

tween resource demand and performance. As in Figure 5d, with cut index = 4, DC Frequency =

1 and loss multiplier = 0.3, we still get about 80% attack resilience and more than 90%

accuracy.

On the other hand, when comparing FSL and PSL, we note that FSL has more hyper-

parameters to tune. But, in all experiments reported in Figure 5, when the Cut Index is

large, FSL has better accuracy than PSL. So we conclude that a carefully specified way

of partitioning the NN can benefit the most when applied in hybrid federated-split learn-

ing systems.

3.3.8. Advantages and Limitations. The CPA-DC method introduces a separate DC

round to minimize DC loss, which adds extra training overhead. We further introduce a

loss multiplier, to minimize the overhead by changing the step size. Tuning it requires

profiling and experience. We thus conclude that FSL and CPA cannot solve all the limi-

tations in Federated Learning (FL) and Split Learning (SL) systems. But, their flexibility

allows users to customize a better distributed learning system that meets their objectives

in terms of latency, privacy, and accuracy.
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CHAPTER 5: Federated Learning with In-Network Aggregation

Deep neural architectures have achieved state-of-the-art performance across mul-

tiple domains, but their reliance on decentralized, domain-specific data has made Fed-

erated Learning (FL) an essential paradigm [99, 100]. While FL mitigates privacy con-

cerns by keeping raw data local, its deployment over wireless edge networks is funda-

mentally constrained by network dynamics. The repeated, synchronized exchange of

massive model updates over heterogeneous radio links and shared backhaul infrastruc-

ture creates severe bottlenecks [101, 102]. Existing model-centric (e.g., compression)

and system-centric (e.g., client scheduling) optimizations treat the network as a passive

pipeline, failing to resolve the underlying transport limitations.

To address this, we propose FLAG (Federated Learning with In-Network Aggrega-

tion), an architecture that transforms the programmable 5G infrastructure into an active

participant in the training loop. Instead of transmitting complete updates to a remote pa-

rameter server, FLAG performs streaming, on-the-fly aggregation at line rate directly

within the 5G gNodeB (gNB) via the SDAP layer. To handle wireless variability, FLAG in-

troduces Partial Contribution Correction (PCC) to correct bias from lost updates, and

Deadline-Driven Grouping (DDG) to bound straggler delay through adaptive, timer-

based aggregation.

Our theoretical and empirical evaluations demonstrate FLAG’s ability to co-design

data transport and model convergence. We prove that FLAG converges to a bounded

neighborhood of the optimal model even under packet loss and asynchronous updates,

and we derive an analytical expression for the optimal aggregation deadline, τ ∗. Further-

more, FLAG achieves an asymptotic communication reduction of O(N/F ) (where N is

the number of clients and F is the number of gNBs) without losing precision. Validated

on a 5G emulation testbed, FLAG delivers up to 5.1× faster time-to-accuracy compared
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FIGURE 1. 5G gNB extension with FLAG. The Parameter Aggregator (PA)
aggregates fragments, while the Timer Logic coordinates aggregation.

to classical FedAvg, while outperforming hierarchical and asynchronous baselines by up

to 2.6× under heavy packet loss.

1. FLAG System Design

In conventional FL, the gNB acts as a simple traffic forwarder, sending individual

model updates from every device over a shared, and often congested, backhaul link

to the PS. This design treats the gNB as a passive conduit, ignoring its strategic posi-

tion and computational capabilities. This inefficiency creates the central bottleneck that

client-side optimizations alone cannot solve.

FLAG is built on a different principle: transforming the gNB from a passive forwarder

into an active participant in the learning process. It is a lightweight, 5G-compliant sys-

tem that brings In-network Aggregation (INA) into the radio access network to alleviate

these bandwidth constraints, enabling a broader set of applications to benefit from faster

federated communications. It extends the gNB with additional modules to manage FL

traffic while requiring no modifications to the client or the PS. This section describes the

system architecture, the registration process, and the protocol to support INA.

1.1. System Architecture. The architecture of FLAG is shown in Figure 1. Aggre-

gation is performed inside the gNB, above the SDAP layer, on FL traffic identified by a
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dedicated Quality of service Flow Identifier (QFI). Two main building blocks implement

this pipeline: the Parameter Aggregator (PA) and the Timer Logic.

Parameter Aggregator (PA). The PA is responsible for processing incoming model up-

dates and managing client mobility. Its core component, the Fragment Manager, parti-

tions large tensors into MTU-sized fragments for transmission and reassembles received

fragments into complete updates, while also executing the FLAG INA Algorithm 4, de-

scribed in Sec. 1.4. The Handover Signaler maintains continuity when a UE moves across

cells, transferring the FL state to the new gNB so that the client resumes participation

without losing its contribution to the current round. Finally, the UE Subscriber maintains

a registry of all UEs involved in training, tracking their identifiers, join status, and activity,

which is essential for coordinating aggregation and mobility support at scale.

Timer Logic. The Timer Logic ensures that aggregation proceeds timely across het-

erogeneous UEs. The Timer Manager enforces strict deadlines on fragments, discard-

ing those that arrive too late to avoid delaying the entire round due to stragglers. The

PCC module (Section 2) complements this by allowing the system to incorporate par-

tial model contributions without compromising accuracy, reducing the impact of missing

updates. In parallel, the Group Controller selects which UEs participate in each round

according to their advertised deadlines and channel conditions. Together, these mech-

anisms prevent slower devices or poor links from dominating training time while still re-

taining diversity in model contributions.

Integration into the 5G stack. The INA pipeline is integrated directly into the existing

5G stack, minimizing disruption to standard operations. Aggregated fragments pass

through the SDAP, PDCP, and GTP-U layers to the co-located PA, which produces a

single averaged update before forwarding it to the Cloud PS. This design ensures that

the uplink load from multiple UEs is reduced to a single transmission per gNB, lower-

ing backhaul usage. On the downlink, the updated global model is broadcast by the Pa-

rameter Server and relayed transparently through the same stack to all registered UEs.

Because FLAG operates entirely within the gNB and respects existing 5G control plane
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FIGURE 2. a) Custom SDAP header for INA traffic. b) Handover message
during mobility events.

procedures, it can be incrementally deployed without modifications to clients or the core

network.

UE Registration. The UE Subscriber manages the registration of devices for FL tasks.

After completing the standard 5G attach procedure, a UE signals its intent to join FL by

transmitting a FLAG-specific identifier (UE-ID). This identifier, aligned with temporary 5G

identifiers such as GUTI, ensures unique addressing for FL operations. The UE Sub-

scriber updates its internal registry with the UE’s status. The same identifier is also used

by the Handover Signaler to migrate a UE’s FL state across gNBs during handovers

(Section 1.4).

1.2. FLAG Aggregation Protocol. To support INA, FLAG partitions each tensor

into fragments that fit within the 5G Maximum Transmission Unit (MTU), typically 1,500

bytes. Fragments are encapsulated at the SDAP layer with a custom FLAG header and

the tensor payload, as shown in Figure 2(a).

Fragment format. The header contains metadata including the UE-ID, round number,

fragment ID, and the expected number of fragments. This information allows the gNB to

synchronize updates, prevent duplicates, and track participation. The payload carries

partial model updates.
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Algorithm 4 FLAG gNB Aggregation
1: procedure CLIENTLOCALUPDATE(ci, w(k − 1))
2: wi(k)← LocalUpdate(w(k − 1))

3: Split wi(k) into fragments {f (m)
i }Mm=1

4: send {f (m)
i }Mm=1 to associated gNB

5: end procedure

6: procedure GNBAGG(gNBj, {f
(m)
i }i∈Cj ,m=1,...,M )

7: Let M = modelsize
MTU

8: A← 0M×MTU ▷ Row A(m) aggr. fragment f (m)
i

9: N← 0 ∈ NM ▷ Nm counts received frag. for seg. m
10: for each client ci ∈ Cj in parallel do
11: for m = 1, 2, . . . ,M in parallel do
12: A(m) ← A(m) + |Di| · f (m)

i

13: Nm ← Nm + 1
14: if Nm = |Cj| then
15: Send A(m)∑

ci∈Cj
|Di| ▷ Send agg. frag. to PS

16: end if
17: end for
18: end for
19: end procedure

20: procedure GLOBALAGGREGATION({wj(k), |Dj|}j∈G)
21: w(k)← 1

M

∑M
j=1wj(k)

22: send w(k)
23: end procedure

24: procedure BROADCASTGLOBALMODEL(w(k))
25: for each ci ∈ C do
26: wi(k)← w(k)
27: end for
28: end procedure

[FLAG Aggregation at the SDAP layer algorithm.]Aggregation at the SDAP layer. Em-

bedding INA at the SDAP layer provides flexibility while preserving 5G compliance. Im-

plementing aggregation at PDCP would disrupt encryption contexts, sequence numbers,

and state machines [103], while performing it at GTP-U would interfere with one-to-one

tunnel mappings between UEs and the core network [104]. By contrast, SDAP enables

the isolation of FL traffic through a dedicated QFI without impacting other layers.

1.3. FLAG Aggregation Formulation. Consider a set of client devices (UEs) C =

{c1, c2, . . . , cN}, where each client ci owns a local dataset Di and trains a local model wi.
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Let G = {gNB1, gNB2, . . . ,gNBM} denote the set of M gNBs (base stations) participating

in the system. Each client ci is associated with exactly one gNB, and each gNB j serves

a disjoint subset of clients Cj ⊂ C:

(22)
M⋃
j=1

Cj = C, Cj ∩ Ck = ∅, ∀j ̸= k.

A central parameter server (PS) aggregates the updates received from the gNBs into

the global model wglobal. In a conventional hierarchical FL design [46], a designed edge

server acts as a local PS, aggregating the models of its clients (superscript hier denotes

hierarchical aggregation at the gNB):

(23) whier
gNBj

=
1

|Cj|
∑
ci∈Cj

wi,

and forwarding the result to the PS. The PS then performs a second-level aggrega-

tion:

(24) whier
global =

1

M

M∑
j=1

whier
gNBj

.

This approach reduces uplink load but has two main drawbacks. First, it requires ge-

olocated edge servers to aggregate traffic. Client updates must be routed from the de-

vice to the edge server and then to the PS, potentially increasing the physical path they

must traverse. Second, while the aggregation module at the edge server provides ben-

efits, its design at the application layer introduces computation overheads and software

complexity. Instead, the proposed approach leverages packet-processing capabilities

directly at the gNB to perform line rate aggregation without turning the gNB into a full lo-

cal PS. Each client ci ∈ Cj transmits its local model wi to the serving gNB j. The gNB

aggregates the updates of its clients in real time:

(25) wINA
gNBj

=
1

|Cj|
∑
ci∈Cj

wi,
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and forwards a single aggregated update to the PS. Note that |Cj| is an unweighted

average. The PS then computes the global model as:

(26) wINA
global =

1

M

M∑
j=1

wINA
gNBj

.

Compared to hierarchical FL, our approach reduces the volume of data at the very

first step of the network, reducing path length and the saturation on the gNB-to-PS link.

Our approach aggregates the parameters at line rate directly on the 5G stack (Sec-

tion 2), thereby minimizing gNB processing delays and accelerating convergence, which

improves time-to-accuracy.

Memory Overhead at the gNB. During each round, the gNB must maintain sufficient

memory to store the model being aggregated, as implied by Equation 25. Fragments are

stored temporarily until all contributions are combined or until their aggregation deadline

expires. To optimize memory usage, the region assigned to a fragment can be recycled

once the fragment has been forwarded to the PS and acknowledged for delivery. This

reuse is possible because expired fragments are safely discarded by the PCC mech-

anism (Section 2), ensuring accuracy is not compromised. Once the global model is

returned by the PS and distributed to all UEs, buffers are released for the next training

round.

1.4. FLAG In-Network Aggregation Algorithm. If model updates are aggregated

at programmable network nodes that operate at line rate and adapt to client hetero-

geneity and link variability, federated training over wireless networks can achieve near-

synchronous convergence without modifying client or server software. This subsection

describes how FLAG implements this principle through its programmable aggregation

algorithm, combining timer-driven grouping, bias-corrected partial updates, and mobility-

aware coordination within the existing 5G protocol stack.

The training process in FLAG involves no modifications on the client side and follows

the standard FL workflow from the PS’s perspective: UEs train locally and send updates,
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while the PS aggregates and redistributes the global model. At the gNB, INA transpar-

ently aggregates these updates in real time and forwards a single result to the PS. The

difference lies at the gNB, which transparently intercepts and aggregates updates in real

time. All operations require no modifications to the 3GPP control plane, which makes

FLAG deployable on existing 5G networks without altering client or PS software.

Workflow. At each iteration, UEs compute local updates on their datasets and forward

the resulting model weights to the serving gNB. Each gNB maintains a temporary aggre-

gation buffer A large enough to hold the model parameters (see Section 1.3). Updates

from connected clients are accumulated fragment by fragment: when the gNB has col-

lected all contributions for a given fragment, it forwards the averaged result to the PS.

The PS waits for the aggregated updates from all gNBs, computes the global model, and

broadcasts it to the network. Each gNB then relays the update to its connected UEs,

synchronizing them for the next training round. This process reduces uplink bandwidth

consumption between gNBs and the PS while remaining transparent to UEs, which con-

tinue to operate as in conventional FL.

Algorithm Structure. Algorithm 4 formalizes this process. Each client performs a lo-

cal update (Lines 1–5) and transmits the resulting model to its serving gNB in multi-

ple parameter fragments. Let f (m)
i denote the mth fragment of the model update trans-

mitted by client ci. Upon reception, the gNB aggregates incoming fragments in parallel

(Lines 5–19). For each fragment index m, the aggregation buffer A(m) accumulates the

weighted client contributions f
(m)
i , while the counter Nm tracks the number of received

fragments. When all expected contributions are collected for a given fragment, or when

a timer expires as described in Section 2, the gNB computes the average of the col-

lected fragments and forwards the resulting partial aggregate to the PS. The PS then

performs a global aggregation across all gNBs (Lines 20–23), followed by a broadcast of

the updated global model to all clients (Lines 24–28). This design guarantees that each

update is processed exactly once, even under client mobility, through the handover syn-

chronization protocol discussed in Section 1.4.
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FIGURE 3. FL clients differ in compute and bandwidth as transfer times
fluctuate. FLAG limits synchronization overhead and accelerates training
through grouping and smarter client selection mechanisms.

Timer mechanism. To prevent straggling UEs from delaying training, we introduce a

timer-based mechanism that defines a timestamp and a corresponding deadline for frag-

ment reception at each gNB. Upon receiving the first model segment f (m)
i from any UE

ci in the current round, the gNB records the timestamp and starts a countdown to collect

all corresponding fragments f
(m)
i for the same segment m from clients ci ∈ Cj, where Cj

is the set of UEs associated with gNB j. This approach ensures that the training pipeline

is not stalled by the slowest UE. If the deadline expires before all expected fragments

are received, the system invokes a recovery mechanism, as discussed in Section 2.

Handover management. User mobility introduces additional challenges when a UE

switches gNBs mid-round. The Handover Signaler coordinates this transition using the

UE-ID to transfer metadata between gNBs. Fragments already received are aggregated

at the source gNB and forwarded to the PS, while remaining fragments are expected

at the target gNB. A dedicated handover packet informs the new gNB of the UE’s state,

preventing duplication or omission of contributions. This mechanism preserves timeli-

ness and avoids fragment forwarding between gNBs.

2. Communication-Aware Programmable FL

Our design goal is guided by the intuition that efficient federated training over wire-

less networks can be achieved by performing model aggregation at line rate within pro-

grammable network nodes, provided that the aggregation logic adapts to client hetero-

geneity and communication variability. In this section, we demonstrate this principle
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through the design of FLAG’s programmable aggregation layer, which enables real-time

coordination between communication and learning processes via timer-driven group-

ing and bias-corrected partial updates. In particular, clients participating in FL are highly

heterogeneous, not only in their computational speed but also in the quality of their wire-

less links. Such heterogeneity means that even after applying selection strategies [24,

25], a difference remains in both training and communication times. Fig. 3 illustrates

this effect: the blue segments represent training duration, while the red segments show

bandwidth-related transfer delays. Unlike training time, which is mainly determined by

the client’s hardware, transfer time is influenced by wireless channel dynamics and can

fluctuate unpredictably. As a consequence, even clients that initially appear well-suited

for participation may experience adverse bandwidth conditions, which can hold back the

aggregation process at the gNB.

Without mitigation, this leads to straggler effects, where a few slow clients slow down

training times and job completion times. To minimize such waiting times, FLAG inte-

grates a timer-based mechanism into the INA process. Upon receiving the first fragment

of a round, each gNB starts a timeout during which it expects the remaining fragments

from its connected clients. Fragments that arrive before the timeout are aggregated,

while those missing or excessively delayed are discarded and handled through the PCC

mechanism, which we describe next.

Such as design guarantees that aggregation proceeds at predictable intervals re-

gardless of the slowest participants, striking a balance between fairness and system

throughput. This combination of fragment-based transmission and timers enables the

gNB and PS to operate at line rate, processing updates as they arrive rather than wait-

ing for full models. By processing fragments independently and in parallel, the system

reduces end-to-end latency and enhances throughput, thereby accelerating distributed

training convergence and improving robustness in volatile wireless conditions.

Partial-Contribution Correction (PCC). Simply discarding the entire aggregate at the

gNB whenever a given timer expires or after a UE disconnection is an inefficient solu-

tion. This approach would cancel the benefits of INA, as the contributions of all other
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UEs that successfully transmitted their fragments would also be lost. The most straight-

forward way to precisely “de-aggregate” the contribution of a disconnected UE would be

to store all the individual fragments received from each UE at the gNB until the aggrega-

tion is complete and transmitted. However, this approach quickly runs into the problem

of memory limitations. The number of UEs that can simultaneously connect to a single

gNB can be substantial, and each UE might transmit a large number of fragments de-

pending on the application. Storing all these fragments, even temporarily, would require

a reserved memory area, dependent on the model, at the gNB, potentially exceeding

its available resources and compromising its ability to perform other essential functions,

such as managing connections and handling mobility. This memory constraint motivates

the need for a memory-efficient approximation to handle partial updates.

We propose PCC, a statistical bias correction mechanism designed to make the ag-

gregated model update at the gNB representative of all clients, even when some clients

fail to upload all their fragments before the deadline. In particular, PCC compensates

for this missing-data bias without requiring the gNB to store per-client fragments (which

would be too memory-intensive). Instead, it rescales the aggregated sum A(m) =
∑

i∈Sm
|Di|w(m)

i (k)

to approximate the total contribution as if all clients had participated. The scaling uses

the ratio between the number of clients sending all fragments (|S|) and those sending

the specific fragment m (Nm = |Sm|) as follows:

(27) A
(m)
adjusted = A(m) × |S|

Nm

.

The final update for fragment m sent by gNB j is hence:

(28) w
(m)
j (k) =

A
(m)
adjusted∑
i∈S |Di|

.

This mechanism ensures robustness and supports line rate aggregation.

2.1. PCC Does Not Slow Down Convergence. A key question is whether the Partial-

Contribution Correction (PCC) mechanism, while enabling line-rate aggregation, affects
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the convergence of the global model w(k) towards a stationary point of the global objec-

tive F (w). Since PCC introduces a small deterministic bias due to approximated client

contributions, we analyze whether this bias alters the theoretical convergence guaran-

tees of FLAG. To do so, we need the following assumptions.

Assumption 1: Lipschitz-Smoothness. The global loss function F (w) is L-smooth,

i.e., for some constant L > 0:

F (w′) ≤ F (w) + ⟨∇F (w), w′ − w⟩+ L

2
∥w′ − w∥2, ∀w,w′.

This assumption means that the global objective does not change too abruptly; its gradi-

ent is Lipschitz continuous with constant L. Intuitively, L quantifies how “curved” is the

loss function. In practice, this ensures that the model’s update steps are stable: tak-

ing a gradient step does not overshoot the minimum, and the descent of F (w) can be

bounded in terms of the step size and gradient magnitude.

Assumption 2: Bounded Variance. The variance of the aggregated update g(k) (sum

of all w(m)
j (k) from gNBs at the PS) is bounded, i.e., E[∥g(k) − ∇F (w(k))∥2] ≤ σ2. For

brevity, we simplify the second moment bound as E[∥g(k)∥2] ≤ ∥∇F (w(k))∥2 + σ2, ac-

knowledging this common simplification.

This assumption captures the inherent randomness of the stochastic and federated

updates: clients train on different local datasets, and wireless transmission noise or

asynchronous arrivals can introduce additional fluctuations. Bounding this variance guar-

antees that local and communication noise do not dominate the descent direction over

time.

Assumption 3: Bounded Bias. The PCC mechanism introduces a bias. We assume

that the expected global update g(k) relates to the true gradient via a bounded bias vec-

tor ϵ: E[g(k)] = ∇F (w(k)) + ϵ, where ∥ϵ∥ is bounded, reflecting the systematic deviation

caused by averaging over potentially different sets Sm and S. This bias term quantifies

the mismatch between the “ideal” gradient (with all clients participating) and the approx-

imated one obtained under real network dynamics with missing or delayed fragments.
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The bounding constant guarantees that this deviation remains small, so that PCC affects

only the final accuracy floor rather than the convergence rate.

The global model updates as w(k + 1) = w(k) − ηg(k). Applying L-smoothness

(Assumption 1):

(29) F (w(k + 1)) ≤ F (w(k))− η⟨∇F (w(k)), g(k)⟩+ Lη2

2
∥g(k)∥2.

Taking the total expectation and substituting Assumptions 2 and 3 we obtain:

E[F (w(k + 1))] ≤ F (w(k))− η⟨∇F (w(k)),E[g(k)]⟩

+
Lη2

2
E[∥g(k)∥2]

≤ F (w(k))− η⟨∇F (w(k)),∇F (w(k)) + ϵ⟩

+
Lη2

2
(∥∇F (w(k))∥2 + σ2) = F (w(k))

− η∥∇F (w(k))∥2 − η⟨∇F (w(k)), ϵ⟩

+
Lη2

2
∥∇F (w(k))∥2 + Lη2σ2

2
.(30)

Bounding the bias term using Young’s inequality

−η⟨∇F (w(k)), ϵ⟩ ≤ η∥∇F (w(k))∥∥ϵ∥

and combining the terms we obtain:

E[F (w(k + 1))] ≤ F (w(k))− η(1− Lη/2)

2
∥∇F (w(k))∥2

+
η∥ϵ∥2

2(1− Lη/2)
+

Lη2σ2

2
.(31)

Summing Eq. (31) from k = 0 to T − 1, dividing by T , rearranging, and taking T → ∞

(assuming η < 1/L for 1 − Lη/2 > 1/2), we get the average squared gradient norm
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bound:

lim inf
T→∞

1

T

T−1∑
k=0

E[∥∇F (w(k))∥2]

≤ η∥ϵ∥2

(1− Lη/2)2︸ ︷︷ ︸
Bias term

+
Lησ2

1− Lη/2︸ ︷︷ ︸
Variance term

.(32)

This analysis shows that the algorithm converges to a neighborhood of a stationary

point, characterized by Eq. (32). The size of this neighborhood depends on the variance

σ2 and the bias ∥ϵ∥2 introduced by the approximate PCC mechanism. Smaller bias and

variance, along with an appropriately chosen step-size η, lead to convergence closer to

the optimal solution. The ’neighborhood’ represents the maximum accuracy penalty the

system pays for operating in a volatile wireless environment. By using the PCC mech-

anism to correct for missing client fragments on the fly, the system avoids stalling for

slow devices, ensuring fast, line-rate aggregation. This theoretical bound guarantees

that despite dropped packets and statistical approximations, FLAG effectively balances

the trade-off between strict model precision and real-world network speed, allowing the

global model to successfully stabilize. In our evaluation (Section 4), we observe that the

empirical bias term ∥ϵ∥ remains below 10−3 even under high dropout rates (> 20%), con-

firming that PCC preserves convergence accuracy while significantly reducing communi-

cation overhead.

3. Packet Loss Mitigation Mechanisms

While PCC compensates for missing fragments, it cannot recover updates that were

never received due to persistent losses or straggling clients. These incomplete transmis-

sions still reduce the statistical diversity of updates and can bias the aggregated model

over time. Therefore, our goal is to reduce avoidable losses in the aggregation path, so

that the remaining variability primarily stems from inherent wireless channel dynamics

rather than from coordination artifacts. To achieve this, our solution combines two com-

plementary mechanisms: (i) Deadline-Driven Grouping (DDG) in the gNB, which adap-

tively clusters clients based on latency and channel quality, and (ii) Staleness-Aware
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Algorithm 5 PS Staleness-Aware Aggregation
Require: Current round t; global model wt; decay λ > 0; step size α ∈ (0, 1].
Require: A = {(w v,h, Nv,h)} with v ≤ t (round id), h (group label), Nv,h ∈ N (sample count).
1: for all (w v,h, Nv,h) ∈ A do
2: δv,h ← t− v ▷ Staleness in rounds (age)
3: sv,h ← max{0, cos(vec(wt), vec(w v,h))} ▷ Cosine similarity (clipped at 0) measures

alignment between incoming and current models;
4: av,h ← Nv,h sv,h e

−λδv,h ▷ Weight combines statistical importance (data size), semantic
relevance (similarity), and temporal freshness (exponential decay);

5: end for
6: A←

∑
(w v,h, Nv,h)∈A av,h ▷ Total weight for normalization

7: w̃ ←
∑

(w v,h, Nv,h)∈A av,hw
v,h

A
▷ Weighted blend

8: wt+1 ← (1− α)wt + α w̃ ▷ Convex update
9: return wt+1 ▷ Broadcast

Aggregation (SAA) in the PS, which corrects for delayed or postponed updates using

age-dependent weighting. Together, these mechanisms limit the need for PCC correc-

tions and improve both fairness and convergence stability.

3.1. Deadline-Driven Grouping. FLAG’s timer mechanism prevents indefinite de-

lays by setting a global time budget. However, enforcing a strict deadline for all clients

may benefit only faster clients with good connections while causing many updates from

slower clients to be dropped. To address this problem, we introduce a dynamic, deadline-

driven grouping mechanism.

Grouping Process of gNB. The gNB coordinates the training round, which is uniquely

identified by the round id t (also used as the model version tag). The process begins

when the gNB invites clients to participate in round t by broadcasting the global model

wt and a deadline. Clients respond with a JOIN ROUND message if they estimate they can

meet this deadline (which may be governed by either a target number of ready clients

or a time threshold). The gNB forms a fast group as soon as a predefined threshold of

Kfast clients have joined. It immediately issues a START signal to this group and opens a

dedicated aggregation buffer for their updates. The remaining, slower clients are desig-

nated as the slow group. The gNB waits until this second group is ready and then issues
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a separate START signal to them. The gNB maintains a distinct, non-overlapping aggre-

gation for this slow group. Their updates are aggregated independently and forwarded

to the PS as a second, potentially more stale update for the same round t. This multi-

group mechanism ensures that the fast clients’ contributions are never delayed, while

the updates from slower clients are still collected and handled without interfering with the

primary aggregation process.

PS Staleness Mitigation. However, this flexibility introduces the challenge of staleness:

clients that defer a round continue training on an older global model wt−τ . To prevent

these stale updates from destabilizing convergence, the PS employs a Staleness-Aware

Aggregation (SAA) mechanism.

The intuition behind the DDG mechanism is that fast clients do not wait for slower

ones, while the Staleness-Aware Aggregation algorithm (SSA) guarantees that any de-

layed updates arriving from slow groups are integrated proportionally to their relevance

and freshness. As shown in Algorithm 5 (and consistent with the grouping flow in Algo-

rithm 4), the PS operates at current round t with current model wt, a staleness–decay

rate λ > 0, and an update step size α ∈ (0, 1]. The PS receives a collection A of per

group aggregates w v,h where v≤ t is the round tag carried by the aggregate, h∈ {F ,S}

is the group label (fast/slow as formed at the gNB), and Nv,h∈N is the total sample count

that contributed to that per group aggregate at the gNB. Staleness for each received ag-

gregated model from each gNB is measured as δv,h = t− v (representing τ ), and the PS

evaluates a nonnegative similarity score sv,h between w v,h and wt. The PS then forms a

blending weight av,h for each incoming aggregate that increases with data size Nv,h and

similarity sv,h while decaying with age according to the function f(τ) (implemented as

an exponential with rate λ). After collecting all items, the PS computes the normalizer

A =
∑

av,h and constructs a blended target w̃ by normalizing the weighted contributions;

if no usable signal is present (i.e., A = 0), the PS safely falls back to w̃ = wt. Finally, the

global model is updated by a conservative convex step toward w̃ using α, yielding wt+1,

which is then broadcast to all gNBs.
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The PS stores tagged aggregates (w v,h, Nv,h), interprets τ=t−v as round age, uses

similarity and decay to weight them (av,h, A), blends into w̃, and updates wt+1 thereby

incorporating deferred or slower contributions without sacrificing stability.

Deadline-Driven Grouping (DDG) and Staleness-Aware Aggregation (SAA) form a

coordinated pipeline: DDG minimizes waiting time at the gNB by launching fast and slow

groups independently, while SAA ensures that delayed aggregates still contribute pro-

portionally to their quality and recency. Together, they reduce communication stalls with-

out discarding useful information, maintaining convergence speed and stability even un-

der fluctuating network conditions.

Section 4.3 quantifies this trade-off, showing that FLAG achieves faster convergence

with only a minor accuracy reduction, which can be further tuned via the decay rate λ

and update step α.

3.2. Dynamic Local Deadline. Given that the grouping mechanism may not be tol-

erated in some applications due to the staleness of updates, we propose, as an alter-

native to our reactive grouping mechanism, a proactive synchronization technique in-

spired by adaptive training [24]. The goal is to reduce the idle time of faster clients by

converting it into productive computation, thereby homogenizing the completion time of

the round. The process is coordinated by the gNB, which sets a local deadline (T local)

for the round. Instead of finishing early and waiting faster clients (i.e., those with the best

hardware performance) use their expected spare time to perform additional local training

epochs. This strategy ensures that all clients, both fast and slow, are productively en-

gaged for roughly the same duration, causing their model updates to arrive at the gNB in

a more tightly synchronized window, thereby speeding up the training process [24].

To formally define the dynamic adjustment of local training, we present the founda-

tional model inspired by the adaptive mechanism in PyramidFL [24]. This model con-

verts the idle time of fast clients into additional computation. For a client i connected to

gNB j, the number of local iterations Ii,j is calculated as:

(33) Ii,j =

(
β × max(Tlocal,j − ti,j, 0)

tcomp
i,j

+ 1

)
× Ifix
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In this formulation, Ii,j is the adaptive number of local iterations, calculated based on

the dynamic deadline Tlocal,j set by gNB j, the client’s estimated baseline round time ti,j

(with computation portion tcomp
i,j ), a fixed baseline number of iterations Ifix, and a confi-

dence factor β that moderates the adjustment to account for estimation errors. While this

linear model provides a straightforward way to utilize spare time, it does not account for

the principle of diminishing returns inherent in local model training. Excessive training

epochs on a client’s limited local dataset can lead to overfitting, causing the local model

to diverge from the global objective and contribute less effectively to the global model.

Hence, we replace the linear term with a logarithmic function, which naturally cap-

tures the diminishing returns of extended training. This ensures that clients with a small

amount of spare time receive a significant boost, while the fastest clients are prevented

from performing an excessive number of epochs.

(34) Ii,j =

(
β × log

(
1 +

max(Tlocal,j − ti,j, 0)

tcomp
i,j

)
+ 1

)
× Ifix

In both formulations, the max(..., 0) function calculates the usable spare time, ensur-

ing that only fast clients (ti,j < Tlocal,j) perform additional work, while slow clients default

to the baseline. The key parameters are the dynamic deadline Tlocal,j set by the gNB, the

estimated round time ti,j for the client, its computation portion tcomp
i,j , and the baseline

number of iterations Ifix. The confidence factor β moderates the use of spare time to ac-

count for potential estimation errors [24]. This logarithmic model offers a more robust

and realistic approach, striking a balance between utilizing idle time and maintaining

the generalizability of the global model. In the evaluation section, we show that FLAG is

analogous to the client selection strategy, offering flexibility tailored to the required trade-

offs.
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FIGURE 4. Ideal vs. bottlenecked FL conditions. (HAR vs. MLP) (a)–(b)
show ideal settings: FLAG reduces round time by minimizing send and
receive overhead and maintains accuracy close to Classical. (c)–(d) reflect
backhaul bottlenecks: while the accuracy is similar over rounds, FLAG
achieves faster convergence than Classical and Hierarchical.

4. Evaluation

This section evaluates the performance of FLAG by examining how its design ad-

dresses key bottlenecks in federated training over wireless networks. Our goal is to as-

sess how design elements such as INA, deadline-based client grouping, and PCC im-

pact the efficiency and robustness of FL in 5G environments. We develop a 5G emulator

modeling UE and gNB behavior at the user plane. It implements SDAP, PDCP, and GTP-

U layers, with uplink fragments tagged by a custom SDAP header carrying FLAG meta-

data. Protocol layers enforce MTU and queueing constraints, while a two-state Markov

model injects fragment-level losses to capture wireless variability. This provides a re-

alistic yet flexible platform for evaluating FLAG under diverse conditions. We assess

FLAG on FedScale [105] using two ML tasks: (i) HAR [106] with an MLP and (ii) FEM-

NIST [107] with ShuffleNet. To reflect the non-i.i.d. nature of user data in real deploy-

ments, FEMNIST is partitioned by writer, yielding skewed class distributions, while HAR
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is partitioned by subject, ensuring user-specific activity traces. Unless otherwise spec-

ified, experiments use 6 gNBs and 60 UEs evenly distributed across them. Each UE

uplink is fixed at 100 Mbps, while the gNB–PS backhaul is set to either 10 Mbps (bot-

tleneck) or 1000 Mbps (baseline). We adopt FedProx to address data heterogeneity,

though FLAG remains agnostic to the aggregation algorithm and supports integration

with any optimizer or client selection scheme. To capture realistic edge dynamics, each

UE periodically updates its compute throughput and uplink bandwidth using traces from

AIBench [108] (mobile processors with ≥2GB RAM) and MobiPerf [109] (smartphone

uplink statistics). Finally, we compare FLAG against standard FL, which performs best

under ideal bandwidth, and HFL [45], a hierarchical architecture designed to reduce PS

load.

4.1. Homogeneous FL. We begin the evaluation by showing how even in ideal con-

ditions with homogeneous clients, performance degrades under backhaul bottlenecks.

In the HAR task with an MLP (Figure 4), we compare an ideal, unconstrained net-

work against one where the backhaul introduces congestion. Figures 4a and 4b break

down per-round time into training, sending, and receiving phases. While training and

sending costs are similar across systems, receiving time dominates in Hierarchical FL

because multiple local updates occur before global aggregation. By contrast, FLAG

achieves the best performance since the backhaul only carries per-gNB flows, reduc-

ing bandwidth usage. Figure 4b further shows that while Classical FL maintains sta-

ble accuracy, Hierarchical FL exhibits fluctuations, whereas FLAG sustains competitive

accuracy with improved efficiency. Under constrained backhaul (Figures 4c and 4d),

FLAG reduces training time, achieving up to a 5.1× speedup over Classical FL, which

performs worst. We next turn to a more demanding setting: FEMNIST with ShuffleNet

(Figure 5), again assuming uniform compute and bandwidth across UEs. Under ideal

conditions (Figures 5a and 5b), FLAG and Classical FL show nearly identical round du-

rations (11.8s vs. 12.0s), while Hierarchical FL exceeds 30s due to extra aggregation

steps. When bandwidth is limited (Figure 5d), the classical FL round times exceed 50
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FIGURE 5. Ideal vs. bottlenecked FL conditions. (Homogeneous) (FEM-
NIST vs. Shufflenet) (a)–(c) show ideal settings: FLAG reduces the
average training rounds by minimizing send and receive overhead and
maintains accuracy close to Classical. (b)–(d) reflect backhaul bottle-
necks: FLAG achieves faster convergence than Classical and Hierarchical
with an improvement over time up to 5.1×.

seconds as the send and receive phases oscillate to nearly 20 seconds each. Hierar-

chical FL mitigates some of this cost but still suffers from long training times. In contrast,

FLAG maintains stable send/receive phases of 6s each, for a predictable round dura-

tion of 24s. Overall, while Hierarchical FL alleviates part of the communication burden,

FLAG outperforms both alternatives in bandwidth-limited settings, delivering up to a 5.1×

faster time-to-accuracy through gNB-side aggregation and a streamlined processing

pipeline.

4.2. Heterogeneous FL. Real-world FL involves heterogeneous devices with vary-

ing data volumes, computational resources, and network stability. To capture this, we

simulate FEMNIST training with ShuffleNet while modeling disparities in UE compute

and bandwidth. Figure 7 reports time-to-accuracy (TTA) and round-time breakdowns

under both ideal and constrained backhaul. In the ideal case (Figure 7c), FLAG and

Classical FL perform similarly, with nearly identical send and receive times (e.g., FLAG:
92



0 50 100

70
80
90
100

Round

A
cc

ur
ac

y
(%

)

(A) Low Loss

0 50 100

60

80

100

Round

A
cc

ur
ac

y
(%

) Full Ideal Partial PCC

(B) High Loss

0 50 100

60
70
80
90
100

Round

A
cc

ur
ac

y
(%

)

(C) Medium Loss

FIGURE 6. Flag PCC impact. PCC is evaluated under three different
wireless loss scenarios. While Partial Aggregation struggles to maintain
accuracy even in the low-loss scenario (Figure 6a), PCC stabilizes relative
accuracy in both the medium and high loss scenarios (Figure 6c, and Fig-
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FIGURE 7. Ideal vs. bottlenecked FL conditions (Heterogeneous) (FEM-
NIST + ShuffleNet) (a)–(c) show ideal settings: FLAG reduces the av-
erage training round time by minimizing send and receive overhead,
maintaining accuracy comparable to Classical. (b)–(d) reflect backhaul
bottlenecks: FLAG achieves faster convergence than Classical and Hierar-
chical FL.

13.3s/13.1s; Classical: 13.5s/13.5s), showing that both systems approach optimal through-

put without bottlenecks. Under bandwidth constraints (Figure 7d), however, the gap

widens sharply. Classical FL suffers from large communication overheads, with send

and receive phases rising to 25.1s and 23.9s. By contrast, FLAG reduces these to 12.2s

and 15.4s through in-network aggregation, cutting uplink traffic per round. Consequently,
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FIGURE 8. Grouping time improvements. Relative accuracy degrades us-
ing the grouping mechanism while delivering better training times.

FLAG achieves faster round completion under identical compute heterogeneity and de-

livers shorter TTA in the bottlenecked setting (Figure 7b).

4.3. The Impact of Deadline-Driven Grouping. We next evaluate the performance

of our deadline-driven grouping mechanism, focusing on the crucial trade-off between

training speed and model accuracy. Asynchronous approaches, such as grouping, are

known to accelerate training by mitigating stragglers; however, they also introduce the

risk of model divergence due to stale updates from deferred clients. This experiment

quantifies this trade-off by comparing FLAG with Grouping against a standard synchro-

nous FL baseline. Figure 8 presents the time-to-accuracy for runs with 50 and 100 UEs.

We use the FEMNIST dataset, which is trained on ShuffleNet, and the backhaul con-

nection is set to 100, 250, and 500 Mbps. The results clearly show a reduction in train-

ing time for the grouping mechanism. By allowing the PS to process updates from the
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fastest available group, FLAG achieves a target accuracy up to 200 seconds faster than

the synchronous baseline, representing a speedup of nearly 10%. This acceleration,

however, comes at the cost of model accuracxy. As the plots show, the “Grouped” ap-

proach maintains a final accuracy that is only 1-3% lower than the synchronous base-

line. This accuracy preservation is a direct result of our SAA mechanism. While group-

ing inherently creates stale updates, our adaptive blending factor, αfinal, mitigates their

negative impact. By dynamically down-weighting stale contributions based on their age

and similarity, SAA prevents the global model from diverging and preserves high accu-

racy. The results show that the FLAG grouping mechanism reduces time-to-accuracy,

albeit with an accuracy trade-off. Overall, it enables faster convergence without substan-

tially compromising performance, making it practical for real-world, heterogeneous en-

vironments. While some applications may accept this modest loss in accuracy to save

time, others may prefer to remain delay-tolerant. We therefore present the results of our

next mitigation, the Dynamic Local Deadline, as formulated in 3.2.

4.4. Client Selection Tradeoffs. While the benefits of aggregation were clarified

in the previous analysis, we further explore a case study on client selection, highlight-

ing how building custom client-selection strategies on top of FLAG yields significant

improvements. Client grouping may not be feasible for some applications in which the

speed–accuracy trade-off is acceptable; in such cases, it is preferable to avoid stale-

ness entirely, maximize accuracy, and balance training time. We compare standard ran-

dom client selection, PyramidFL [24] client selection, and our adaptation, PyramidFLAG,

which aims to further reduce training time, leveraging the benefits of aggregation with

a dynamic local deadline. We adopt the PyramidFL client-selection strategy and adjust

the local epoch trainings as described in 34. We use the FEMNIST dataset trained on

ShuffleNet and 6 gNB with 10 clients each. The backhaul connection is set to 1Gbps.

Figure 10 shows that the benefits of PyramidFL translate into improvements in time-to-

accuracy under highly non-IID settings. While in Figure 10a we highlight the benefits of

PyramidFL over the classical FL training settings in terms of time to accuracy, we can

see that the improvements are consistent also in our PyramidFLAG settings. We also
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show in Figure 10b that the impact of Pyramid leads not only to faster convergence but

also to accuracy improvements compared to the base case. This approach proves espe-

cially effective when adapted to our FLAG architecture, yielding additional reductions

in time-to-accuracy. Overall, FLAG can be viewed as an agnostic architecture for in-

network aggregation in FL, providing the flexibility to adopt client-selection policies that

better accommodate task-specific needs.
4.5. Scalability Analysis. To assess how FLAG’s timer-based aggregation scales

with system load and backhaul capacity, we measure the fraction of fragments missing

their deadlines under two dimensions: (a) number of UEs and (b) PS backhaul band-

width. Figure 9 reports the mean complementary CDF of expired timers. As shown in

Figure 9a, timer expirations become more likely as the number of UEs grows (30–90).

For example, the probability of 20% of timers expiring increases from 0.8 at 30 UEs to

0.95 at 60 UEs and 0.98 at 90 UEs. This reflects the inherent variability introduced by

larger UE populations, where slower devices or weaker channels raise the risk of strag-

glers. In contrast, Figure 9b highlights the limited impact of backhaul capacity on timer

expirations. The gap between ideal and bottlenecked configurations remains bounded

even at high expiration rates, suggesting that FLAG scales under constrained links. This

robustness stems from the grouping mechanism, which counteracts backhaul limitations

and preserves accuracy through the use of PCC.
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FIGURE 9. Timer expiration. The average timer expiration rises as the
number of UEs increases (Figure 9a), while it remains stable across vary-
ing backhaul capacities (Figure 9b). Accuracy is unaffected thanks to PCC.
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CHAPTER 6: Client Selection via LLM for Efficient Federated Learning

In the previous chapter, we explored how to integrate severely resource-constrained

devices at the far edge into the training process through Federated Split Learning (FSL).

By leveraging computation offloading, FSL significantly reduces the hardware require-

ments for devices to participate in the federated network, effectively expanding the pool

of eligible training nodes. While FSL successfully resolves the architectural challenge of

how to train on weak edge devices, this massive expansion of the participant pool intro-

duces a complementary orchestration challenge: deciding exactly which subset of these

available clients to actively select for each training round to maximize global efficiency.

To understand the necessity of targeted client selection, one must examine the foun-

dational constraints of the FL paradigm as established in the literature. In an ideal, un-

constrained environment, a central parameter server would aggregate updates from all

available clients in every round to maximize data diversity. However, in real-world cross-

device deployments, this full-participation model is physically and computationally im-

possible due to massive concurrency limits and bandwidth costs [110]. Therefore, the

system is forced to select a small fraction of clients per round, introducing two critical

bottlenecks:

First, from a system perspective, edge networks are plagued by extreme hardware

and connectivity variance. Traditional aggregation algorithms, such as FedAvg [100],

operate on a synchronous barrier. Consequently, the duration of a training round is dic-

tated by the slowest participating node—a phenomenon known as the straggler effect.

As highlighted by Li et al. [?] and Tu et al. [?], if client selection is naive or purely ran-

dom, these stragglers drastically inflate the time-to-accuracy, and dropped wireless con-

nections can waste massive amounts of computational energy.
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Second, from a statistical perspective, client data is profoundly non-IID (Independent

and Identically Distributed). A naive selection policy that attempts to solve the straggler

problem by simply prioritizing the fastest devices inherently introduces severe sampling

bias. It risks over-representing specific user demographics while completely ignoring

slower devices that might hold rare, highly valuable data features. As demonstrated by

Zhao et al. [?], training on highly skewed, unrepresentative data distributions causes

severe weight divergence, destabilizing the global model and preventing convergence

entirely.

Therefore, intelligent client selection is not merely an optional optimization feature—it

is a mandatory structural requirement for FL. As emphasized by recent utility-aware

frameworks [24,51], the orchestrator must solve a complex exploration-exploitation prob-

lem, actively balancing the trade-off between system velocity (mitigating stragglers) and

statistical utility (maximizing data diversity) to ensure the global model converges effi-

ciently.

Resource scheduling and node selection are fundamental optimization problems

across all distributed machine learning paradigms. Even in highly controlled environ-

ments like centralized data centers, intelligent task placement is required to prevent

network bottlenecks and mitigate computational stragglers. However, when distributed

training transitions to the edge via Federated Learning (FL), this selection problem be-

comes exponentially more difficult. Unlike dedicated computing clusters, FL relies on

consumer edge devices characterized by extreme system and data heterogeneity. Fluc-

tuating device compute speeds, volatile wireless network bandwidths, and profoundly

non-independent and identically distributed (non-IID) local data mean that naive or ran-

dom client selection will drastically degrade model convergence and significantly in-

crease overall training time. Consequently, there is a critical need for intelligent, dynamic

orchestration capable of continuously balancing the statistical utility of a client’s local

data against their physical system efficiency.

Current intelligent client selection strategies fall into two primary categories, yet both

exhibit critical limitations that prevent optimal performance in real-world deployments.
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First, static heuristics are structurally rigid. By relying on hard-coded mathematical prox-

ies, they are inherently blind to the dynamic phase shifts of model convergence and

cannot adapt to unforeseen network bottlenecks during the training lifecycle [2]. Sec-

ond, while Reinforcement Learning (RL) methods aim to introduce adaptability, their

decision-making remains tightly constrained by the specific reward heuristics used to

train them, leading them to struggle when deployed in unseen or diverse conditions [24,

25]. Furthermore, RL agents require massive, domain-specific offline datasets to con-

verge and often fail to navigate the high-dimensional, highly non-stationary state spaces

characteristic of volatile FL environments. Consequently, a fundamental gap in existing

frameworks is the lack of a context-aware orchestrator capable of zero-shot reasoning.

There is a critical need for a system capable of intuitively interpreting complex, multi-

dimensional state vectors and dynamically adjusting selection strategies on the fly, with-

out relying on static formulas or requiring extensive, environment-specific retraining.

Recently, the application of Large Language Models (LLMs) has expanded signifi-

cantly beyond traditional natural language processing, demonstrating remarkable effi-

cacy in solving complex, combinatorial decision-making problems within networked sys-

tems. Recent studies have successfully employed foundation models for tasks such as

cluster job scheduling, adaptive bitrate streaming, and dynamic network routing [?,?,56],

frequently matching or outperforming bespoke heuristic algorithms.

The intuitive justification for leveraging LLMs in federated client selection lies in their

architectural strength as high-dimensional pattern recognizers. At its core, selecting the

optimal subset of training nodes requires balancing a chaotic interplay of non-linear vari-

ables—such as fluctuating wireless bandwidths, heterogeneous compute capacities,

and skewed data utility. Traditional orchestration frameworks force engineers to com-

press these complex, real-world realities into rigid mathematical proxies. LLMs, how-

ever, possess a deep, pre-trained capacity for contextual reasoning and structural de-

pendency mapping. By representing the network’s physical state as semantic context,

the LLM can implicitly weigh conflicting trade-offs—for instance, dynamically recognizing

when it is mathematically advantageous to tolerate a slower client because it possesses
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highly valuable, rare data. This allows the system to navigate edge volatility without rely-

ing on handcrafted, fragile threshold equations.

To address these limitations, we propose FLLLM, an online, Large Language Model-

driven client selector. By projecting raw system metrics into an LLM’s semantic space,

FLLLM leverages the model’s capacity for sequence modeling and zero-shot generaliza-

tion to natively handle the non-linear tradeoffs between compute latency and informa-

tional utility.

The architecture of the proposed solution is illustrated in Figure 1. At each communi-

cation round, the system monitors the available Clients Space to extract a rich set of fea-

tures. These inputs are partitioned into a Global State (gt), which captures macro-level

environment variables such as the current round and accuracy targets, and individual

Client States (st), which detail per-device telemetry. Because pre-trained LLMs cannot

natively process raw numerical data, an Encoder projects these states into a continu-

ous latent space. The core LLM processes these encoded embeddings and passes their

representations to Action Heads, which generate selection scores. Simultaneously, the

architecture evaluates an Oort baseline and extracts an Oort Policy heuristic to guide

early training stability. A DPO Agent bridges these signals, evaluating the LLM’s pro-

posed selection against the baseline to finalize the subset of Round t Clients. Crucially,

the agent calculates a DPO Loss based on the chosen utility function. This loss is fed

back via a continuous learning loop to a LoRA module, enabling the LLM to dynamically

fine-tune its selection strategy online.

Overall, FLLLM makes three primary contributions. First, it introduces preference

learning via Direct Preference Optimization (DPO). This overcomes cold-start instability

by anchoring the model’s learning with a guided heuristic warmup, continuously refin-

ing the LLM policy online from historical buffers, and eliminating the need for an explicit,

unstable reward model. Second, it uses an Accuracy-Focused Reward Oracle that em-

ploys a Pareto-aware utility metric, prioritizing improvements to gradient quality while

treating completion time as a secondary efficiency objective. Third, it features a light-

weight state encoding that uses an MLP to project heterogeneous, high-variance client
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FIGURE 1. FLLLM Architecture. The system takes two primary inputs: the
global state, gt, which captures macroscopic environment variables such
as the communication round and target accuracy, and the client state, st,
which details individual client metrics. An encoder projects these inputs
into a latent space that the LLM can process. The architecture employs
the Oort [25] policy as a baseline for real-time training. A Direct Preference
Optimization (DPO) [111] Agent evaluates the outputs from both the LLM’s
action head and the Oort policy, ultimately selecting the set of Round t
Clients that maximizes a customizable utility function. The resulting se-
lection generates a DPO Loss, which is fed back to a LoRA module. This
feedback loop dynamically refines the LLM’s client selection policy over
successive rounds to improve upon the baseline.

telemetry into a compact token representation, enabling direct LLM conditioning without

costly feature engineering. We proceed by describing the challenges in selecting current

FL clients and how the proposed FLLLM framework bridges the gaps.

1. Federated Learning Dynamic Clients Selection Adaptability

The fundamental challenge in deploying Federated Learning across heterogeneous

edge environments lies in balancing two often-conflicting objectives: system efficiency

and statistical efficiency. This trade-off space can be visualized as a two-dimensional

plot, as illustrated in Figure 2, where the axes represent the wall-clock time required

per round (system overhead) and the number of rounds required to reach a target accu-

racy (statistical convergence). The optimal region of this space is the bottom-left quad-

rant, representing an ideal scenario in which the system achieves the maximum accu-

racy gain per round while simultaneously minimizing the time required to complete each
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FIGURE 2. Trade-off between system efficiency (time per round) and
statistical efficiency (rounds to target accuracy). While heuristic-based
frameworks like Oort and PyramidFL offer improvements over random
selection baselines (e.g., FedAvg), they are bounded by static utility func-
tions. FLLLM leverages a dynamic LLM-based orchestration—coupled with
epoch adaptation and model pruning—to actively push the Pareto frontier
toward the optimal bottom-left quadrant, achieving faster convergence
times and fewer total communication rounds.

round. Thus, we aim to leverage FLLLM to reduce the number of rounds and the overall

training time while increasing the accuracy.

State-of-the-art client selection frameworks, such as Oort [25] and PyramidFL [24],

attempt to navigate this space by prioritizing clients based on defined utility functions.

Oort ranks clients by their statistical utility (e.g., training loss) while imposing penalties

for exceeding a target system latency. PyramidFL further refines this by profiling the

variance of selected clients and actively exploiting the fastest available nodes to accel-

erate training.

While Oort [25] and PyramidFL [24] approaches successfully improve upon random

selection (e.g., FedAvg [2]), they are fundamentally limited by their reliance on static,
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hand-crafted heuristics. The formulas dictating client utility in Oort and PyramidFL re-

main fixed throughout the training lifecycle. Consequently, they fail to dynamically adapt

to highly volatile edge environments where the value of a client’s data or computational

speed changes non-linearly. For instance, the relative importance of exploring diverse

data distributions versus exploiting fast, reliable devices shifts dramatically between the

early phases of model training and the final fine-tuning epochs. Static heuristics can-

not capture these complex, time-varying dynamics, resulting in sub-optimal performance

ceilings.

To overcome the limitations of heuristic-based selection, this work introduces FLLLM,

which reformulates client selection as an intelligent, dynamic orchestration problem man-

aged by a Large Language Model (LLM). The primary motivation for leveraging an

LLM is its capacity for advanced reasoning and zero-shot generalization over com-

plex state spaces.

Unlike Oort and PyramidFL, which compress complex client profiles into a single,

static scalar metric Ui (for instance, aggregating a client’s statistical utility Li and system

penalty Pi into a rigid linear combination such as Ui = αLi−βPi), thereby discarding criti-

cal contextual nuances, FLLLM continuously evaluates a comprehensive 16-dimensional

state vector. This scalar reduction in traditional heuristics creates a fundamental blind

spot: a rigid formula can assign the exact same numerical score to a computationally

slow device with exceptionally rare data and a lightning-fast device with highly redundant

data, masking their vastly different operational values.

To overcome this, the 16-dimensional vector in FLLLM encapsulates real-time sys-

tem conditions, fluctuating network states device computational capacities, and his-

torical data quality metrics in their raw, uncompressed form. By processing this high-

dimensional state representation, the LLM can dynamically infer the non-linear inter-

dependencies between variables that rigid formulas fail to capture. For example, rather

than strictly penalizing a computationally slow device based on a static system thresh-

old (like the penalty βPi, the LLM can contextually recognize its immediate value if that

device possesses high-utility data essential for the current training phase. Consequently,

104



FLLLM moves beyond one-dimensional ranking, enabling a context-aware orchestration

that dynamically aligns heterogeneous client capabilities with the immediate statistical

requirements of the global model.

The LLM acts as an active agent that learns contextually. If the environment exhibits

severe straggler effects, the LLM dynamically shifts its selection strategy to prioritize

system efficiency without requiring manual retuning. In contrast, if statistical stagnation

is detected, it intuitively prioritizes data diversity.

Furthermore, FLLLM actively shapes the trade-off space rather than merely react-

ing to it. By jointly outputting intelligent client subsets alongside dynamic Epoch Adap-

tation and Model Pruning directives, the LLM actively reduces both the computational

load and the network payload for constrained clients. As depicted in Figure 2, this multi-

dimensional optimization shifts the training trajectory directly toward the optimal bottom-

left quadrant, minimizing both the total time-to-accuracy and the communication rounds

required, effectively bridging the gap left by rigid, state-of-the-art heuristics.

1.1. Federated Learning Problem Formulation. We consider a synchronous Fed-

erated Learning (FL) setting with a set of K distinct clients K = {1, . . . , K}. Each client

k holds a private dataset Dk = {(xi, yi)}|Dk|
i=1 . The goal is to learn global model parame-

ters θ ∈ Rd, where f(x;θ) denotes the model prediction and ℓ(·, ·) a task-specific loss

function, by minimizing the empirical risk:

(35) min
θ

J(θ) =
K∑
k=1

pkFk(θ),

where

(36) Fk(θ) ≜
1

|Dk|
∑

(x,y)∈Dk

ℓ(f(x;θ), y)

denotes the local objective over client dataset Dk, and pk ≥ 0 is the aggregation weight,

typically defined as pk =
|Dk|∑K
j=1 |Dj |

.
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At each communication round t, the server selects a subset of clients St ⊆ K with

fixed cardinality |St| = M . The selection is conditioned on a system state vector st cap-

turing heterogeneous client telemetry (e.g., gradient statistics, data characteristics, and

system performance metrics).

We aim to learn a selection policy πϕ(St | st), parameterized by ϕ, that maximizes the

expected cumulative utility over a training horizon T :

(37) max
ϕ

ES0:T∼πϕ

[
T∑
t=0

γtR(St, st)

]
,

where R(St, st) measures the joint statistical and system contribution of the selected

subset, and γ ∈ (0, 1] is a temporal discount factor.

To explicitly balance the tradeoff between statistical utility and wall-clock time, we

carefully define the reward R(St). To enforce a strict hierarchy prioritizing high-magnitude

updates, we define a linear, velocity-based metric rather than a logarithmic squash. We

first calculate the system’s mathematical velocity, V (St), representing the informational

gain per physical unit of time:

(38) V (St) =

(∑
k∈St
||∇Fk(θt)||

)
× ScaleFactor

maxk∈St

(
T

(k)
comm + T

(k)
comp

)
We then formulate the final reward by combining this velocity with a flat time penalty:

(39) R(St) = α · V (St)− β ·max
k∈St

(
T (k)
comm + T (k)

comp

)
In this formulation, V (St) drives the policy to maximize the absolute gradient im-

provement relative to the time spent, while β represents a strict linear penalty on system

staleness. This ensures the LLM specifically seeks a Pareto-optimal frontier, maximizing

accuracy per unit of time rather than merely minimizing raw system latency.
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2. The FLLLM Architecture

Having established the limitations of static heuristics—specifically their reliance on

rigid, pre-defined hyperparameters that fail to adapt to volatile training environments—we

now introduce the proposed FLLLM architecture. Unlike frameworks such as Oort [25]

and PyramidFL [24], which require manual tuning prior to deployment, FLLLM acts as an

autonomous orchestrator.

By leveraging a Large Language Model to process a comprehensive 16-dimensional

state vector, our architecture eliminates human guesswork. The LLM natively under-

stands real-time environment metrics—such as fluctuating network bandwidths, het-

erogeneous device compute capabilities, and evolving data quality distributions. By in-

terpreting these complex states, the LLM autonomously adapts the parameters that

previously required rigid manual tuning, dynamically inferring the optimal target latency

thresholds, statistical penalty weights, and exploration decay rates for each specific train-

ing round.

2.1. From Manual Tuning to Autonomous Orchestration. A critical limitation of

state-of-the-art client selection frameworks is their heavy reliance on pre-defined math-

ematical proxies and rigid utility equations. Frameworks such as Oort and PyramidFL

require system administrators to manually define several hyperparameters before the

commencement of a Federated Learning session.

To illustrate this rigidity, we consider the exact utility equation driving client selection

in Oort. Oort attempts to balance data quality and system speed by scoring each client i

using a hardcoded proxy function:

(40) UOort(i) = |Li|
√
|Di| ·

(
Ttarget

max(Ti, Ttarget)

)γ
In this formulation, the statistical utility is represented by the empirical training loss

Li and the dataset size Di. This value is then aggressively penalized if the client’s esti-

mated completion time Ti exceeds a human-defined target latency Ttarget. The severity
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of this penalty is controlled by γ, another statically defined coefficient. If a system ad-

ministrator guesses the wrong Ttarget for the current network weather, the framework will

either reject valuable clients unnecessarily or stall the global training process.

Similarly, PyramidFL relies on mathematical heuristics that require pre-defined pro-

filing windows. PyramidFL scores clients by estimating the variance of their local model

updates relative to their total execution time:

(41) UPyramid(i) =
V ar(∆wi)

T
(i)
comp + T

(i)
comm

Here, V ar(∆wi) represents the profiled variance of the client’s weight divergence,

while the denominator sums the pre-calculated computation and communication times.

This approach forces the system to spend initial training rounds simply profiling clients

to fill these variables, and the linear division assumes a constant trade-off ratio between

variance and time that fails to hold across different phases of model convergence.

The necessity of hardcoding these equations introduces severe brittleness into the

training process. In highly volatile edge environments, the optimal value for these pa-

rameters is fundamentally non-stationary. A static latency threshold that performs well

during periods of high network availability will cause catastrophic client rejection rates if

global bandwidth suddenly drops.

FLLLM systematically eliminates the need for these human-defined priors and rigid

mathematical proxies. Instead of requiring an engineer to guess the optimal latency

threshold or penalty weight a priori, the Large Language Model autonomously infers the

optimal operational boundaries in real-time. Because the LLM continuously processes

the raw, 16-dimensional state vector, it acts as an autonomous orchestrator. Through its

Direct Preference Optimization alignment, the LLM has inherently learned the complex,

non-linear trade-offs that those static equations were originally designed to approximate.

If the global network degrades, the LLM intuitively relaxes its internal latency expec-

tations without requiring human intervention to update a hardcoded target variable. If

the global model begins to overfit, the LLM naturally increases its exploration of diverse
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clients without relying on a static variance threshold. Consequently, FLLLM transitions

federated client selection from a manually tuned, mathematically rigid heuristic to a fully

autonomous, proactive orchestration system.

2.2. Input State Modeling. We model the FL environment state as a composition

of macroscopic context and per-client features, as shown in Figure 1. Specifically, the

system receives a Global State (gt) capturing environment-wide statistical variables, and

a Client State (st) representing each candidate k as a comprehensive continuous vector

xk ∈ Rdin, where din = 15.

This 15D vector natively embeds System Metrics, Data Metrics, and historical inter-

actions without relying on arbitrary hardcoded formulas. Because variables like comple-

tion times, bandwidth, and empirical gradients naturally form heavy-tailed distributions,

we explicitly apply log(1 + x) transformations to these specific metrics to stabilize them

mathematically prior to encoding. The 15 dimensions are categorized as follows:

(1) f0, f1, f2: Data samples, statistical feature distance, and local compute speed.

(2) f3, f4, f5, f6: Network bandwidth capabilities and measured completion times

(total, local, comm), each uniformly log-scaled.

(3) f7: The expected underlying gradient utility (log(1 + gk)).

(4) f8, f9: Normalized heuristic scores acting as a statistical anchor, alongside pro-

jected virtual finish targets.

(5) f10, . . . , f14: Historical interaction metrics including global selection counts, round

staleness, reward volatility, trend analysis, and gradient diversity similarity.

To ensure these features safely interface with the internal attention matrices of a pre-

trained LLM despite the non-stationary nature of shifting network topologies, the 15D

vectors undergo Dynamic Rolling Z-Score Normalization to preserve strict Gaussian dis-

tribution stability (µ = 0, σ = 1).

Because Z-score normalization inherently normalizes arbitrary variance away, the

system recovers the physical, absolute scale of the environment via the Global State

(gt ∈ R6). This vector injects the normalized round timestamp, alongside the batch-level
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arithmetic mean and standard deviation for both the raw gradient utilities and total local

completion times.

We employ a learnable Multi-Layer Perceptron (MLP), acting as an Encoder module

gψ : Rdin → Rdmodel, to mathematically map these continuous variables directly into the

deep embedding dimension of the chosen Large Language Model (e.g., dmodel = 4096):

(42) ek = gψ(xk), eglobal = gψ(gt)

These resulting feature embeddings bypass the NLP subword tokenizer entirely. The

variables are fed as a cohesive sequence to the network backbone, allowing the LLM to

process physical Federated Learning metrics natively.

2.3. LLM-Driven Policy with Residual Heuristics. The core operational decision-

making module relies on a Transformer-based policy πϕ. During the forward pass, the

LLM processes the sequence of encoded embeddings to produce a context-aware latent

representation hk for each client. An Action Head subsequently projects this dynamic

representation downward to a raw scalar score z
(k)
LLM :

(43) H = Transformer([eglobal, e1, . . . , eK ]), z
(k)
LLM = MLPhead(hk)

To mitigate the “cold-start” algorithmic problem—wherein the untrained LLM initially

struggles to prioritize physical network constraints—we introduce a Residual Control

mechanism. The framework explicitly incorporates a baseline heuristic utility score UOort(k),

mapped intrinsically from the telemetry vector state. The final executed selection logit

ẑ(k) is constructed via a convex addition between the standalone Action Head output and

the baseline statistical heuristic:

(44) ẑ(k) = z
(k)
LLM + λ(t) · UOort(k)
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Here, λ(t) operates as a time-decaying Skip Connection parameter. This architec-

tural bridge guarantees that the network is aggressively guided by a rigidly correct heuris-

tic during the early exploratory phase (λ(t) ≈ 0.9) and smoothly transitions into fully au-

tonomous, LLM-driven exploitation tracking purely optimal policies as λ(t)→ 0.1.

2.4. Trajectory-Based Optimization via Online DPO. Training a client selector en-

tirely online using traditional scalar surrogate functions is computationally unstable due

to the inherently non-differentiable thresholds of discrete client sets. To overcome this,

the optimization of the LLM is managed directly through Preference Optimization, ap-

plied dynamically via Online Hindsight Experience Replay.

At the onset of round t, the system predicts two competing selection branches: an

LLM-generated subset (SFLLLM ) and a heuristic-generated baseline (SOort). The subset

projecting the highest theoretical utility is provisionally designated as the Winner (Sw),

and the alternative defaults to the Loser (Sl).

Crucially, the provisional Winner subset Sw is then executed on the physical network

environment. Upon round completion, the theoretical target metrics are retroactively

overwritten by the physically realized gradient magnitudes and measured wall-clock de-

lays. Furthermore, the system imposes strict Hindsight Filtering: if any executed client

in Sw severely underperforms its expected velocity—effectively acting as a straggler bot-

tleneck—it is forcefully purged from the Winner set configuration and appended to the

Loser set.

This physically verified preference pair is then used to compute the discrete Direct

Preference Optimization (DPO) loss. By contrasting the hindsight-corrected optimal sub-

set against the rejected baseline, the objective is mathematically customized for feder-

ated orchestration:

(45) LDPO(ϕ) = −E(Sw,Sl)

[
log σ

(
β log

πϕ(Sw)

πref (Sw)
− β log

πϕ(Sl)

πref (Sl)

)]
By minimizing this specific loss function, the optimization process actively penalizes

the LLM (πϕ) if its generated probability distribution mimics the rigid heuristic choices of
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the baseline or includes physically verified stragglers. Simultaneously, it maximizes the

likelihood of the executed, verified Winner set while preserving bounded similarity to a

frozen reference policy (πref ).

Calculating the DPO loss is mathematically elegant, but executing the subsequent

backpropagation phase introduces a severe hardware bottleneck. Standard fine-tuning

of a Large Language Model requires computing and storing gradients and optimizer

states for billions of parameters. This memory footprint is fundamentally incompatible

with the hardware constraints of edge orchestration servers. To ensure computational

feasibility, FLLLM injects a Low-Rank Adaptation (LoRA) module into the attention archi-

tecture of the foundation model.

Instead of updating the massive, pre-trained weight matrices of the base LLM, LoRA

hypothesizes that the dynamic adaptations required for specialized tasks possess a low

intrinsic dimension. Let W0 ∈ Rd×k represent a frozen weight matrix in the LLM’s trans-

former layer. LoRA constrains the weight update ∆W by representing it as the prod-

uct of two low-rank decomposition matrices, B ∈ Rd×r and A ∈ Rr×k, where the rank

r ≪ min(d, k). The forward pass is thus modified to:

(46) h = W0x+∆Wx = W0x+BAx

Crucially, during the backward pass of the Online DPO algorithm, the foundational

weights W0 remain strictly frozen; no gradients are computed for them. The DPO loss

calculated from the physically verified preference pairs (LDPO) backpropagates exclu-

sively to update the parameters within matrices A and B. Consequently, the trainable

parameter space ϕ referenced in the DPO objective is radically reduced from billions of

parameters to merely a few million.

This targeted gradient routing achieves two critical architectural advantages. First, it

completely insulates the foundational weights W0, thereby immunizing the LLM against

catastrophic forgetting. The model retains its general zero-shot reasoning and semantic

understanding of network concepts intact within W0, while the LoRA module (BA) acts
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as a specialized, pluggable cognitive layer that maps those concepts to Pareto-optimal

client selections.

Second, the combination of DPO and LoRA elegantly eliminates the need for an in-

dependent reward model. Traditional Reinforcement Learning from Human Feedback

(RLHF) requires hosting a separate, billion-parameter LLM solely to act as a critic, ef-

fectively doubling or tripling the memory overhead. By utilizing the physical environment

as the deterministic judge and updating only the low-rank matrices via preference opti-

mization, FLLLM achieves dynamic, closed-loop policy alignment within a footprint small

enough for edge deployment.

A critical distinction between the standard Direct Preference Optimization (DPO)

pipeline and the FLLLM architecture lies in the generation of the preference pairs (Sw, Sl).

In standard natural language alignment, both the chosen and rejected responses are

typically sampled directly from the language model’s own policy. However, relying purely

on self-generated samples for federated client selection limits the exploration space and

slows convergence, as the LLM may simply oscillate between equally sub-optimal topo-

logical subsets during early training phases.

To accelerate alignment and guarantee state-of-the-art performance, FLLLM alters

the preference generation mechanism by introducing bidirectional exogenous sampling.

Instead of forcing the LLM to generate both competing subsets, the architecture utilizes

the deterministic output of the Oort heuristic as a dynamic anchor.

For a given state context x, the FLLLM policy generates a dynamic selection SFLLLM ,

while the Oort algorithm deterministically calculates SOort. This enables a bidirectional

evaluation structure: if physical execution verifies that the LLM outperforms the heuristic

(R(SFLLLM) > R(SOort)), the preference pair is constructed with Oort as the adversarial

baseline (Sw = SFLLLM , Sl = SOort). Conversely, if the LLM generates a mathematically

inferior topology (R(SOort) > R(SFLLLM)), the system actively forces the LLM to learn

from the heuristic by injecting Oort as the chosen response (Sw = SOort, Sl = SFLLLM ).
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Crucially, the foundational DPO loss function requires no structural modification to

accommodate this exogenous input. Rather than relying on autoregressive token gen-

eration—which is highly inefficient for unordered set selection—the FLLLM policy (πϕ)

generates independent latent preference scores for the entire client pool simultaneously.

Because the log-likelihood of a selected subset is defined mathematically as the sum of

its constituent client scores, the active policy can seamlessly evaluate the Oort-derived

subset, πϕ(SOort), simply by aggregating the scores of the exogenously provided indices.

To illustrate the exact mechanics of this score aggregation, consider a simplified en-

vironment with five available clients. During the selection phase, the active LLM initially

selects SLLM = {0, 1}, while the Oort baseline selects SOort = {3, 4}. Upon physical

execution, the environment verifies that Oort’s subset achieves higher utility. Due to bidi-

rectional sampling, the preference pair is securely mapped as the winner Sw = {3, 4}

and the loser Sl = {0, 1}.

During the subsequent forward pass, the environment state vector is fed into both the

active model (πϕ) and the frozen reference model (πref ). Unaware of the execution out-

come, both models independently project the state into a 1D tensor of client preference

scores. Assume the active model outputs a score tensor Tϕ = [+2.5,+3.0,+0.1,−1.0,−0.5],

reflecting its initial, incorrect bias toward clients 0 and 1. The frozen reference model

outputs a similar anchoring tensor, Tref = [+2.4,+2.9,+0.2,−0.8,−0.4].

The framework extracts the four critical DPO variables by mapping the physical sub-

set indices directly to these output tensors via O(1) summation:

πϕ(Sw) = Tϕ[3] + Tϕ[4] = −1.0 + (−0.5) = −1.5

πϕ(Sl) = Tϕ[0] + Tϕ[1] = 2.5 + 3.0 = 5.5

πref (Sw) = Tref [3] + Tref [4] = −0.8 + (−0.4) = −1.2

πref (Sl) = Tref [0] + Tref [1] = 2.4 + 2.9 = 5.3
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These four scalars are injected directly into the DPO loss function. Recognizing the

severe discrepancy—where the active model assigned the verified Loser a dominant

score of +5.5 and the Winner a sub-optimal score of −1.5—the resulting backpropaga-

tion mathematically forces the active LoRA weights to update. In subsequent rounds,

the active model’s latent scores for clients 3 and 4 are driven higher, while its scores for

clients 0 and 1 are penalized. The inclusion of the reference scores serves as a math-

ematical anchor, preventing the active model from drastically over-correcting its neural

pathways during a single update and ensuring smooth trajectory alignment.

By continuously injecting a highly optimized heuristic into this preference pipeline,

FLLLM forces a highly targeted gradient update. When the LLM underperforms, Oort

acts as an expert teacher; when the LLM discovers superior topologies, Oort becomes

the rejected baseline. The LLM does not merely learn a vaguely ”good” policy; it math-

ematically contrasts its contextual decisions against the rigid proxies of existing frame-

works, driving the neural weights to explicitly route around the straggler bottlenecks that

trap traditional algorithms while anchoring its minimum performance to a state-of-the-art

standard.

2.5. Real-Time LLM Training and Reward Stabilization. If DPO training is acti-

vated at Round 0 blindly without a guided warmup phase, the topology inevitably suf-

fers from the ”Expert Demonstrator Problem.” Random exploratory schedules yield an

infinitesimally narrow informational delta (∆) between Sw and Sl, forcing the trainer to

mistakenly attempt LoRA gradient updates based on insignificant mathematical noise.

The decaying Skip Connection λ(t) dynamically resolves this bottleneck analytically.

By actively overwhelming the predicted sequence logits with the heuristic utility during

the first iterations, the mathematical output is forced to mirror an Expert Demonstrator

pattern. This synthetic oversight safely generates High-Contrast Preference Pairs where

the physical algorithmic superiority of Sw mapped over Sl is indisputable.

The strategy effectively delivers pristine gradient signals backward to the LoRA frame-

work. Operating via Behavioral Cloning, the LLM actively calibrates internal attention
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mechanisms to correctly associate unrefined raw input telemetry (e.g., bandwidth ca-

pability f3, or log-transmission times f4) continuously with their verified outcome reward

probabilities.

Finally, to address the naturally vanishing magnitude of gradient norms encountered

as the target global model reliably converges—a state which would otherwise critically

stall the mathematical velocity scaling constants—we anchor their variance dynamically

through an Exponential Moving Average (EMA):

(47) g̃t =
||∇θt||
µt

, µt+1 = γµt + (1− γ)||∇θt||

By relying upon a smoothly shifting target anchor for µt, the physical reward variance

remains mathematically distinguishable across all 200 epochs of training operation, per-

manently ensuring that the LLM continues extracting highly optimal optimization gradi-

ents long into system maturity.

3. Experimental Results

To analyze the results of our architecture, we start by defining the baseline experi-

ments, including current state-of-the-art architectures like Oort [25] and PyramidFL [24],

which attempt to improve the time-to-accuracy metric by optimizing the client selection

process.

Oort introduces a Multi-Armed Bandit (MAB) [112] approach where each client rep-

resents an arm. However, its utility function relies heavily on rigid, pre-defined equations

that require significant manual tuning of static hyperparameters. These include a strict

Target Round Duration to penalize stragglers, an Exploration Probability (ϵ) that dictates

the rate of untested client selection, predefined Pacing Variables (window and step size)

to scale utility thresholds, and a static Time Penalty Factor (α) that linearly weights sys-

tem latency against statistical utility.

PyramidFL builds upon the Oort baseline but seeks to exploit intra-client hetero-

geneity through two main mechanisms. First, it utilizes local adaptation to set a variable
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number of local epochs, aiming to create a fair environment in terms of execution time

across the client pool. Second, it introduces a parameter dropout mechanism capable

of adapting the payload size sent to the Parameter Server when network conditions be-

come unstable or bandwidth is limited. Despite these dynamic mechanics, PyramidFL

still requires statically defined bounds beforehand, such as the maximum allowable Pa-

rameter Dropout Limits and strict lower/upper bounds for Local Iterations to prevent cat-

astrophic model degradation.

While these approaches monitor environment variables to capture the global state of

the infrastructure, their reliance on static, hard-coded constraints inherently limits their

ability to adapt to unprecedented shifts in the network environment. FLLLM overcomes

these limitations through contextual awareness, learned Pareto optimization, and im-

plicit exploration. Unlike baselines such as Oort, which rely on rigid, predefined thresh-

olds (e.g., a static target round duration) and risk artificially penalizing the system dur-

ing sudden network shifts, FLLLM evaluates the full 16D state distribution of all clients

simultaneously to determine ”fast” or ”slow” clients based on current conditions. Further-

more, instead of requiring developers to manually hard-code the trade-off between sys-

tem speed and statistical accuracy, FLLLM uses Direct Preference Optimization (DPO)

to autonomously explore the Pareto-optimal frontier, maximizing informational velocity

by dynamically evaluating whether a client’s data justifies the wait time. Finally, FLLLM

eliminates the need for arbitrary random exploration variables, such as an exploration

rate ϵ. By projecting client telemetry into a continuous semantic space, the model’s at-

tention mechanism naturally highlights underexplored clients based on latent similarities

to high performers, avoiding the waste of communication rounds inherent in forced, ran-

dom exploration.

To ensure a rigorous, standardized baseline comparison, our experimental archi-

tecture is built on top of PyramidFL, which natively operates within the FedScale [105]

ecosystem. We evaluate our architecture across two highly contrasting environments:

the lightweight Human Activity Recognition (HAR) dataset and the computationally inten-

sive, high-dimensional OpenImages dataset.
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Crucially, these experiments are designed to spotlight the distinct architectural ad-

vantages of the LLM-driven policy. We demonstrate the model’s exceptional capacity

for zero-shot generalization and contextual awareness across vastly different system

topologies. By continuously optimizing its selection policy online without relying on prior

offline training phases, the LLM autonomously learns complex computational and sta-

tistical trade-offs in real time. This cognitive flexibility enables the architecture to adapt

instantly to shifting network conditions, resulting in a fundamentally more resilient and

dynamic client selection process than rigid heuristic baselines.

Experimental Setup and System Configuration All federated training emulations

were conducted on a distributed cluster utilizing the Gloo communication backend. The

central Parameter Server was allocated to a dedicated CPU environment, while local

client computations and the LLM inference engine were distributed across accelerated

hardware nodes equipped with V100 GPUs. Everything is built on top of the PyramidFL

framework [24]. Furthermore, to ensure data quality and stabilize early gradients, strict

data filtration thresholds were applied across all experiments, discarding any candidate

clients possessing fewer than 30 local data samples.

For the lightweight Human Activity Recognition (HAR) task, we deployed a MobileNetV2

architecture. The global model was optimized using the Yogi gradient policy. Training

was conducted over a maximum of 100 communication rounds, selecting 20 distributed

workers per round. Each selected client executed 5 local epochs with a local batch size

of 16. The global learning rate was initialized at 4 × 10−5 and bounded by a minimum

decay threshold of 2 × 10−5. To configure the baseline algorithms (Oort and PyramidFL)

for this environment, the strict time penalty factor (α) was set to 2.0, with an exploration

minimum set to 0.4 and a pacing delta of 0.3 to scale utility thresholds gradually.

To stress-test the system under high-dimensional constraints, the OpenImages dataset

was trained using a computationally heavy ShuffleNetV2 (2.0x) architecture. The server

aggregated updates using proxy averaging over a maximum of 200 communication rounds.

For this demanding environment, the participant pool was expanded to 50 active work-

ers per round, executing 5 to 10 local epochs with a batch size of 16. A static global
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learning rate of 0.05 was maintained. In the baseline configurations, the pacing delta

was aggressively increased to 10, while the time penalty factor remained consistent at

2.0.

LLM Policy Configuration The FLLLM architecture was powered by a Llama-3.2-3B

base model serving as the core client selector. To rigorously evaluate the LLM’s capacity

for exploration versus exploitation, we tested the architecture across a full spectrum of

generation temperatures ranging from 0.0 (entirely deterministic) to 1.0 (highly stochas-

tic).

To actively mitigate the cold-start instability inherent in Reinforcement Learning, the

LLM was subjected to a carefully guided heuristic warmup phase spanning the initial 5

communication rounds. During this phase, the skip connection weight linking the base-

line heuristic to the LLM’s raw logits was initialized at a dominant factor of 0.9, enforcing

expert demonstrator behavior. This weight then decayed linearly to a stable operational

floor of 0.1.

Furthermore, the DPO agent’s reward oracle was calibrated to seek the Pareto-optimal

frontier by balancing a primary statistical utility coefficient of 0.5 against a time-based la-

tency penalty weight of 0.05. Finally, to ensure the Transformer’s attention mechanisms

could reliably interpret the heterogeneous telemetry metrics, dynamic per-round metric

normalization was applied to the 16D state vectors, standardizing the input distributions

before mapping them into the LLM’s semantic embedding space.

Performance Analysis The convergence trajectories in Figure 3 validate the efficacy

of the FLLLM architecture. In the HAR dataset, which features lower computational over-

head, FLLLM matches the rapid statistical convergence of Oort while slightly improving

upon the overall execution time. However, the true strength of the dynamic LLM policy is

revealed in the computationally demanding OpenImages environment (Figures 3c and

3d). Here, the baselines heavily penalize clients based on static constraints, leading

to slow accumulation of accuracy over time. Conversely, the LLM intelligently identifies

high-value data distributions that justify slightly longer compute times, resulting in a sig-

nificantly steeper convergence curve. Notably, mid-range temperatures (e.g., LLM-0.2
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and LLM-0.4) strike an optimal balance between exploiting known reliable clients and

exploring new data distributions, maximizing overall system efficiency.

3.1. Dynamic Clients Selection Future Work. In this work, we introduced FLLLM,

a pioneering architecture that reconceptualizes the client selection process in Feder-

ated Learning from a rigid mathematical optimization problem into a dynamic, sequence-

modeling task. We demonstrated that integrating a Large Language Model as the cen-

tral orchestration agent significantly accelerates model convergence and improves over-

all system efficiency across diverse and computationally demanding environments.

The core achievement of this research lies in demonstrating the superiority of contex-

tual, real-time learning over static heuristics. Current state-of-the-art architectures, such

as Oort and PyramidFL, rely on hard-coded mathematical proxies to balance system la-

tency and statistical utility. While effective under predictable conditions, these algorithms

are bound by static hyperparameter constraints—such as fixed time penalties or rigid

exploration probabilities—which critically limit their ability to adapt to unprecedented net-

work volatility or extreme data heterogeneity.

FLLLM fundamentally overcomes this limitation. By projecting a comprehensive 16D

state vector of client telemetry into a continuous semantic space, the LLM treats client

selection as a contextual reasoning task. Powered by Direct Preference Optimization

(DPO) and dynamic LoRA updates, the LLM continuously learns and refines its policy in

real-time. Rather than blindly applying a predefined equation, it autonomously interprets

the immediate context of the network environment, navigating the Pareto-optimal frontier

to prioritize high-value data without human intervention. This zero-shot generalization al-

lows the architecture to implicitly handle exploration and dynamically adjust its threshold

for ”fast” or ”slow” clients based on current network weather, resulting in a highly resilient

architecture.

Looking forward, several promising avenues remain for extending this research. First,

while FLLLM demonstrates exceptional performance in synchronous federated environ-

ments, adapting the architecture for Asynchronous Federated Learning (AFL) presents

a compelling challenge. Training the LLM to manage extreme staleness and out-of-order
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gradient updates could further reduce wall-clock training times in highly unstable edge

networks.

Second, the current 16D state vector can be expanded to encompass a broader

set of multi-objective constraints. By incorporating metrics such as real-time device en-

ergy consumption, thermal throttling, and differential privacy budgets, the LLM could be

trained to navigate a complex, multi-dimensional Pareto frontier, optimizing not just for

time and accuracy, but for sustainability and security.

Finally, optimizing the LLM selector itself offers a critical path for deployment. Inves-

tigating aggressive quantization techniques or knowledge distillation could compress

the reasoning capabilities of the multi-billion parameter model into a lightweight control

plane. This would allow the FLLLM architecture to be deployed directly on resource-

constrained edge servers, fully democratizing intelligent, real-time orchestration in dis-

tributed networks.
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FIGURE 3. Comparative performance of FLLLM versus state-of-the-art
baselines. Subfigures (a) and (b) display the test accuracy trajectories for
the HAR dataset plotted against cumulative wall-clock time and commu-
nication rounds, respectively. Subfigures (c) and (d) illustrate the conver-
gence on the high-dimensional OpenImages dataset. The FLLLM policy
is evaluated across a spectrum of temperature parameters (denoted as
LLM-0 through LLM-1). Across both environments, FLLLM consistently
demonstrates superior Pareto-optimal efficiency, reaching target accura-
cies in significantly less wall-clock time than both Oort and PyramidFL.
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CHAPTER 7: Conclusion and Discussion

We present a comprehensive, multi-layer architecture designed to address the critical

resource and networking bottlenecks inherent in modern distributed machine learning

systems. As models grow in complexity and data generation becomes increasingly de-

centralized, traditional orchestration paradigms that treat compute and communication

as isolated domains are no longer sufficient. By decoupling computational and network-

ing requirements across three distinct operational layers—the Cloud Data Center, the

Near Edge, and the Far Edge—this work provides scalable, robust, and network-aware

solutions.

At the Cloud Data Center layer, this thesis introduced Plebiscito, a fully decentral-

ized, asynchronous orchestration architecture. Unlike conventional schedulers that rely

on centralized control and remain agnostic to network conditions, Plebiscito utilizes a

distributed max-consensus auction to track system load and allocate jobs based on

a bandwidth-aware utility function. By proactively avoiding network hotspots and co-

locating communicating components, Plebiscito significantly reduces job completion

times, allocation failure rates, and cluster-wide network contention for Machine-Learning-

as-a-Service workloads.

Moving to the Near Edge, we addressed the uplink communication bottlenecks preva-

lent in wireless Federated Learning with the introduction of FLAG (Federated Learning

with In-Network Aggregation). By embedding aggregation logic directly into the user-

plane of the programmable 5G stack, specifically at the SDAP layer, FLAG transforms

base stations into active participants in the training loop. To ensure robustness against

volatile wireless conditions, FLAG incorporates Partial-Contribution Correction to miti-

gate bias from lost updates and Deadline-Driven Grouping to bound straggler delays.
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These mechanisms collectively reduce the volume of data traversing the backhaul and

accelerate the overall time-to-accuracy.

At the Far Edge layer, we developed Federated Split Learning (FSL), a hybrid para-

digm designed to accommodate severely resource-constrained devices. By partitioning

the neural network between the end-user device and an edge server, FSL offloads the

bulk of the computational burden while preserving data privacy. This architecture allows

multiple client-server pairs to train in parallel, achieving high scalability and overcoming

the synchronization and latency limitations inherent to standard split learning and feder-

ated learning methods.

Finally, to orchestrate the participation of heterogeneous edge devices, we presented

FLLLM, an intelligent client selection mechanism powered by Large Language Models.

Moving beyond rigid mathematical heuristics, FLLLM projects real-time client telemetry

into a semantic state space, using Direct Preference Optimization to continuously refine

its selection policy. This allows the system to autonomously balance statistical utility and

system latency, dynamically adapting to network volatility and data heterogeneity to fur-

ther maximize training efficiency.

While this dissertation establishes a robust foundation for orchestrating distributed

learning systems, several promising avenues remain for future exploration.

First, extending the capabilities of the Large Language Model orchestration agent to

support Asynchronous Federated Learning presents a compelling challenge. Training

the orchestration model to manage extreme staleness, out-of-order gradient updates,

and severe client dropouts could further reduce wall-clock training times in highly un-

stable edge networks. Furthermore, the telemetry state vector can be expanded to en-

compass a broader set of multi-objective constraints. By incorporating metrics such as

real-time device energy consumption, thermal throttling, and differential privacy budgets,

the system could be trained to navigate a complex, multi-dimensional Pareto frontier, op-

timizing for sustainability and security alongside time and accuracy.
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Second, the deployment of intelligent control planes on resource-constrained edge

servers requires further optimization. Investigating aggressive model quantization tech-

niques and knowledge distillation could compress the reasoning capabilities of multi-

billion parameter models into lightweight agents. This would democratize intelligent,

real-time orchestration across fully distributed networks without requiring extensive cloud-

based computational resources.

Lastly, exploring the holistic integration of these distinct mechanisms deploying Plebisc-

ito, FLAG, and FSL in a unified, end-to-end framework could yield compounding perfor-

mance benefits. Co-optimizing the data center job placement with the 5G in-network

aggregation and edge-device splitting would provide a seamless continuum of machine

learning orchestration. Such a unified system would dynamically shift compute and com-

munication workloads across the entire infrastructure hierarchy, paving the way for un-

precedented efficiency in next-generation distributed training.
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and A. Talwalkar, “Leaf: A benchmark for federated settings,” arXiv preprint

arXiv:1812.01097, 2018.

[54] S. J. Reddi, Z. Charles, M. Zaheer, Z. Garrett, K. Rush, J. Konečnỳ, S. Kumar, and
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