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Abstract—The rise of edge intelligence is driving distributed
machine learning toward a new paradigm of edge-collaborative
computing. To overcome the severe communication bottleneck
in this paradigm, In-Network Aggregation is a critical enabling
technology. However, its effectiveness is fundamentally under-
mined by the profound resource heterogeneity of edge networks.
Specifically, edge devices, adapting to hardware constraints,
operate at varying numerical precisions, leading to signifi-
cant data inflation as gradients are aggregated. Compounding
this, unevenly distributed network resources and traditional,
precision-oblivious routing strategies often misallocate critical,
high-precision gradients to low-quality paths. This mismatch
creates severe network congestion, crippling the efficiency of dis-
tributed training. To address this, we propose the Precision-Aware
Hierarchical In-Network Aggregation (PAHInA) framework,
the first, to our knowledge, to perform routing optimization
for in-network aggregation that explicitly considers precision
heterogeneity. The core of PAHInA is an intelligent control-
plane scheduler that co-optimizes for gradient priority and path
cost, dynamically planning the most cost-effective aggregation
strategy for each flow. This fine-grained scheduling guarantees
that high-priority gradients are routed through premium, low-
latency paths, minimizing global communication overhead. On
the data plane, we leverage the eXpress Data Path (XDP)
for high-performance packet processing to reduce aggregation-
induced overhead. Extensive simulations show that, compared
to state-of-the-art baselines, PAHInA significantly mitigates
network congestion, reducing end-to-end communication time
by up to 33% and boosting overall training throughput by
approximately 30%.
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I. INTRODUCTION

HE explosive growth in the computational power of edge

devices is driving a profound paradigm shift in distributed
machine learning, from centralized cloud computing to col-
laborative edge-based training [1], [2], [3]. This emerging
paradigm enhances data privacy and reduces latency, but it
also introduces a severe communication bottleneck, often more
acute than in traditional data centers. To address this, a natural
and promising approach is to leverage powerful techniques
proven effective in data center environments. Among these, In-
Network Aggregation stands out as a particularly compelling
candidate solution [4], [5], [6]. Its core principle is to intercept
and sum gradient data from different workers at network
switches, forwarding only the final aggregated result to the
PS, thereby drastically reducing the data volume that reaches
the central node.

However, applying in-network aggregation to complex edge
environments reveals a deeper, more paradoxical challenge
rooted in the inherent dual heterogeneity of these systems. On
one hand, device heterogeneity, that is, the variance in compute
and memory resources across edge nodes, compels workers
to adopt heterogeneous precision formats (e.g., FP32, FP16,
FP8) to meet local constraints [7], [8], [9]. This measure,
taken to optimize local computation, inadvertently creates
gradient flows of disparate sizes and numerical characteris-
tics, complicating network aggregation. On the other hand,
network heterogeneity manifests as highly imbalanced band-
width and complex network topologies. The coupling of these
heterogeneities creates two critical issues for conventional,
precision-oblivious in-network aggregation mechanisms. First
is the paradox of precision inflation, to maintain numerical
fidelity during aggregation, a low-precision gradient (e.g., FP8)
must be up-cast when combined with a high-precision one
(e.g., FP16). This process can yield an aggregated packet larger
than the original low-precision input, directly contradicting
in-network aggregation’s primary goal of reducing network
traffic. Second is the severe challenge of an aggravated
straggler effect [10], [11], without path quality awareness,
larger and more latency-sensitive high-precision gradients can
be routed onto low-bandwidth, congested paths, creating a
“gradient backlog” that stalls the entire synchronous step and
severely degrades training efficiency. Prior work attempts to
solve these issues with either precision scaling [8], [12], [13]
or network scheduling [14], [15], [16], [17] in isolation, but
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fails to see the conflict, the former is network-oblivious and
may worsen congestion by up-casting on taxed links, while
the latter treats all gradients as uniform, failing to leverage the
unique properties of heterogeneous precision data or protect
critical flows.

Therefore, a holistic solution that can co-optimize computa-
tional precision with network resources remains a critical and
unaddressed research gap. To bridge this gap, this paper intro-
duces Precision-Aware Hierarchical In-Network Aggregation
(PAHInA), an innovative framework for distributed train-
ing. To our knowledge, PAHInA is the first framework to
design a precision-aware routing optimization mechanism for
in-network aggregation. Its core idea is an intelligent con-
trol plane that jointly evaluates the “intrinsic data value,”
determined by gradient precision and size, against the “path
transmission cost” across the network, thereby dynamically
planning a cost-minimal routing and aggregation strategy for
every gradient flow. The main contributions of this paper are
as follows:

e Firstly, we are the first to identify and systemati-
cally formulate the core technical challenge in edge
training arising from the coupling of device and
network heterogeneity, namely, the intrinsic conflict
between precision inflation and the aggravated straggler
effect.

e Secondly, we propose PAHInA, a novel framework fea-
turing a decoupled control and data plane architecture.
Its control plane houses the optimization intelligence,
while the data plane leverages eXpress Data Path (XDP)
[18] for high-performance, in-kernel execution of the
aggregation strategy.

e Thirdly, we design and implement an innovative,
precision-aware routing and scheduling algorithm. The
algorithm jointly optimizes gradient priorities and net-
work path costs to generate optimal transport and
aggregation plans for heterogeneous gradient flows,
effectively mitigating the core conflict.

¢ Finally, we validate the effectiveness of PAHInA through
extensive simulations across various representative net-
work topologies. Our results demonstrate that, compared
to state-of-the-art baselines, PAHInA reduces end-to-end
communication time by up to 33% and boosts overall
training throughput by 30%.

The remainder of this paper is organized as follows.
Chapter II reviews related work. Chapter III provides a
detailed discussion of our motivation and the core chal-
lenges. Chapters IV and V present the system architecture
and the core algorithm design of PAHInA, respectively.
Chapter VI showcases the comprehensive experimental setup
and evaluation results. Finally, Chapter VII concludes the

paper.
II. RELATED WORKS

This chapter situates our work in the context of existing
research. We review dominant architectures for edge training
and in-network aggregation techniques, analyzing the limi-
tations of current schemes to highlight the novelty of our
approach.
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A. Edge Distributed Training

Distributed training of deep learning models originated as
a solution to the computational and data-scaling challenges
in data centers. Frameworks like Horovod and PyTorch DDP
enabled efficient parallelism across high-speed, homogeneous
cluster networks, significantly accelerating training cycles.
Recently, the paradigm has shifted from centralized data cen-
ters to the network edge, giving rise to “Distributed Training at
the Edge.” [19], [20] This approach adapts distributed training
principles for clusters of edge devices to satisfy modern
demands for low-latency services and on-device data privacy.
To coordinate this collaboration, two foundational architec-
tures are prevalent. The first is the centralized Parameter
Server (PS) architecture [21], [22]. Here, one or more central
servers maintain the global model state. A set of workers
computes local gradients and pushes them to the servers.
The servers then aggregate these gradients, update the global
model, and the workers pull the updated parameters for the
next iteration. The second is the decentralized All-Reduce
(AR) architecture [23], [24]. In this model, all nodes are peers
and no central server exists. They collectively perform global
gradient aggregation by communicating directly, often using
structured patterns like a ring or tree topology to ensure all
nodes receive the sum of all gradients.

However, migrating these architectures from the controlled
environment of a data center to the network edge induces
a fundamental shift in the system’s performance bottleneck.
Within a data center, training is typically compute-intensive,
facilitated by high-performance computing resources and high-
throughput, low-latency interconnects. In contrast, the edge
is characterized by devices with limited computational power
and communication over heterogeneous networks that often
exhibit lower bandwidth, higher latency, and less stability [25],
[26]. Consequently, the time required for transmitting model
updates frequently dwarfs local computation time. This trans-
forms edge distributed training from a compute-intensive to a
communication-intensive challenge. This critical communica-
tion bottleneck has spurred the development of technologies
such as in-network aggregation, a technique designed to reduce
data transfers by processing updates within the network itself.

B. In-Network Aggregation

In-network aggregation is a technique that significantly
reduces the amount of data transferred in distributed training
by executing computation operations at intermediate net-
work nodes, thereby alleviating communication bottlenecks. In
recent years, many innovative schemes have emerged in this
field, proposing corresponding solution strategies for different
application scenarios and technical challenges. The PANAMA
framework [27] proposed a scalable in-network aggregation
method that efficiently processes distributed machine learning
tasks in shared clusters using dedicated hardware accelerators;
its design not only improves the training speed of large jobs but
also significantly reduces the completion time of short jobs and
latency-sensitive traffic. In the high-performance computing
domain, SHArP technology [28] drastically reduces the latency
of MPI Allreduce operations by implementing a scalable
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in-network data reduction protocol in the Mellanox SwitchIB-
2 ASIC,; its optimized hierarchy and parallel mechanisms allow
it to perform excellently in large-scale parallel computing.
SwitchML [5], targeting distributed deep learning scenarios,
proposed a method for gradient aggregation in programmable
switches, significantly reducing the communication overhead
of model updates by decomposing gradients into small chunks
and processing them in parallel within the switch. ATP [4]
further provided a dynamic in-network aggregation service
in multi-tenant environments, supporting the simultaneous
operation of multiple distributed training jobs by dynamically
allocating aggregation resources in top-of-rack switches and
achieving fair resource allocation during resource contention.
Recent works by Xia et al. have further explored this area,
proposing GISA [29] as a generic service, which notably
highlights the impact of the bandwidth-delay product on
switch resource limits, and GAIN [30] for stateless aggre-
gation in federated learning. Additionally, the NetAgg [31]
scheme utilizes software middleboxes for data aggregation on
the network path, suitable for batch processing and online
service applications in data centers, significantly reducing
many-to-one traffic in the network by distributing aggregation
computation across multiple levels of the network. However,
these works mainly focus on the efficient implementation of
aggregation operations on programmable switches, ignoring
the impact of gradient routing choices, and are limited by the
finite on-chip memory of switches and asynchronous gradient
transmission issues.

To enhance the adaptability of in-network aggregation in
dynamic networks, joint optimization of routing and aggre-
gation has gradually become a research focus. Such works
integrate topology-aware mechanisms into the aggregation
process, dynamically planning gradient transmission paths to
minimize end-to-end delay. PARING [32] proposed a Steiner
tree-based approximation algorithm by jointly optimizing
distributed training task placement and routing, effectively
reducing communication time and traffic. XAgg [33] utilizes
XDP technology to deploy in-network aggregators on servers,
fully leveraging the idle CPU and memory resources of servers
to address the challenges of heterogeneous computation and
bandwidth resources. ALEPH [34] was the first to apply eBPF
technology to gradient aggregation, improving the efficiency
of distributed training through an efficient clustering algorithm
in the control plane and low-overhead data processing in
the data plane. GRID [35] and work [38] proposed an in-
network aggregation framework based on gradient routing,
optimizing communication efficiency through a randomized
rounding algorithm in the control plane and a rate synchro-
nization mechanism in the data plane. GOAT [36], [37] and
work [39], through cooperative in-network aggregation and
gradient scheduling, utilizes multiple programmable switches
working in concert to effectively solve the efficiency problem
of asynchronous gradient aggregation [40]. However, all the
aforementioned works only consider single-precision gradi-
ent aggregation and have not conducted in-depth research
on the problem of coexistence and efficient aggregation of
heterogeneous precision gradients in heterogeneous preci-
sion scenarios. In such scenarios, different computing nodes
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may produce gradient data of different precisions. How
to effectively integrate heterogeneous precision gradients to
fully utilize the computational resources of each node while
reducing communication overhead and aggregation delay has
become a critical challenge to be solved. Therefore, this
paper designs PAHInA to solve the aggregation optimization
problem for heterogeneous precision.

III. MOTIVATION

This chapter uses a motivational example to concretely
analyze the “dual heterogeneity” challenge outlined in the
introduction. We quantitatively demonstrate how existing
schemes lead to precision inflation and the aggravated straggler
effect, thereby revealing the core motivation for our precision-
aware, hierarchical design.

A. Motivation Example

We considered a PS-based distributed training task with 1
PS and 8 workers. It should be noted that in an edge scenario,
the bandwidth of each link, the processing capacity of pro-
grammable switches, and that of edge computing devices are
heterogeneous and have a degree of randomness. Therefore,
we set up different link bandwidths of 3, 6, and 9 Gbps,
and programmable switch processing capacities were set to
either 6 or 24 abstract computational units per second. Device
heterogeneity was modeled by assigning workers to use either
FP16 or FP8 precision for local training; we assume the data
payload of an FP16 gradient is twice that of an FP8 gradient.
Given that synchronous training is bottlenecked by the slowest
contribution, we define the key performance metric as the
system throughput, the data rate of the straggler worker, which
dictates the pace of each training step. The specific topology
and configuration are detailed in Figure 1.

We first analyze the performance of a baseline approach,
ATP, with results shown in Figure 1(a). In the ATP scheme,
gradients are aggregated at programmable switches if sufficient
computational resources are available; otherwise, the switches
act merely as forwarders. This dual constraint of network
bandwidth and switch capacity limits the effective throughput
for the FP8 and FP16 workers. The figure highlights a critical
bottleneck at switch Sy, which aggregates gradients from
an FP8 worker W5 and an FP16 worker Wg. To maintain
numerical fidelity, the FP8 gradient must be up-cast to FP16
before aggregation. This precision inflation results in an FP16-
sized output that saturates the downstream link Lo, thereby
constraining the effective throughput for all workers partici-
pating in that aggregation subtree.

A more advanced approach, represented by the work GRID,
introduced joint optimization of in-network aggregation and
routing. As illustrated in Figure 1(b), the GRID scheduler
dynamically routes gradients to switches based on available
processing capacity. This strategy improves overall resource
utilization, achieving effective throughputs of 2.2 Gbps and
4.4 Gbps for the FP8 and FP16 workers, respectively. Due to
the Lo bandwidth limit, the maximum processing capacity for
Ws and Wy is 1.5 Gbps and 3 Gbps, but S; has remain-
ing computational capacity. Therefore, to further increase
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Aggregated
Gradients

Non-Aggregated
Gradients

Fig. 1. A distributed training task, containing 1 PS, 8 workers (i.e., W1 — W3g), and 2 programmable switches (i.e., S1 — S2). The gray dashed arrows
represent aggregated gradients, while the black dashed arrows represent non-aggregated gradients. For simplicity, intra-rack transmission arrows are omitted.
The term load/capacity denotes the ratio of usage to capacity for links and programmable switches. Figure (a) shows the network workload of ATP, with a
minimum gradient sending rate of 1.5 Gbps. Figure (b) shows the network workload of GRID, with a minimum gradient sending rate of 2.2 Gbps. Figure (c)
shows the network workload of PAHInA, with a minimum gradient sending rate of 3 Gbps. (It is assumed that for the same training batch, the data size of

an FP16 gradient is approximately twice that of an FP8 gradient.).

the gradient sending rate, it forwards some aggregated and
non-aggregated data to S;. This includes 0.6 Gbps of non-
aggregated data (0.2 Gbps + 0.4 Gbps) and 1 Gbps of
aggregated data (from aggregating 0.5 Gbps and 1 Gbps gra-
dients). This allows the training cluster to reach the maximum
sending rates of 2.2 Gbps and 4.4 Gbps for the batch.

B. Our Intuition

As can be seen from the examples above, the technology
of in-network aggregation is continuously evolving. ATP uses
a default routing method for gradient aggregation, ignoring
the data forwarding capabilities of programmable switches.
Although GRID combines routing with in-network aggrega-
tion, it causes data expansion after aggregation because it
does not consider in-network aggregation for heterogeneous
precisions, leading to wasted bandwidth. Therefore, as shown
in Figure 1(c), we choose to aggregate gradient data of
different precisions hierarchically. We route the FP16 gradients
from Ws to S7 and the FP8 gradients from W to .Ss.

This ensures maximum utilization of computation power
and avoids the gradient expansion problem caused by hetero-
geneous precision aggregation. This allows workers to achieve
gradient sending rates of 3 Gbps and 6 Gbps. Compared to
ATP and GRID, this scheme improves the minimum gradient
sending rate by 100% and 36.3%, respectively.

IV. PAHINA ARCHITECTURE DESIGN

To address the aforementioned challenges, this chapter
details our proposed PAHInA framework. We focus on its
decoupled control and data plane architecture, highlighting
how the data plane leverages a hierarchical aggregation service
and XDP technology to efficiently process heterogeneous
gradient flows.

A. PAHInA Overview

The architecture of PAHInA, illustrated in Figure 2, is
logically decoupled into a data plane and a control plane.

[ Control Plane Network Controller :
! I
! Information W W Configuration | |
i { Collection J [ B J { Deployment |
L e ———_\—————. J
Data Plape =~ ST~ ~
————— ~ 7 = Parameter

routing

Parameter
computing

[ () (=
2
[ST I
ori =
203
(9%)

(3]

Precision

Recogmtlonj_{Aggreg_atlon T

precision service

|
Hierarchical Aggregation _ /

Fig. 2. PAHInA System Overview.

The data plane comprises the physical training infrastructure.
This includes the workers, which compute gradients at vari-
ous numerical precisions; the programmable switches, which
execute in-network routing and aggregation of gradient data;
and the PS, which receives the final aggregated gradients to
update and distribute the global model. The control plane acts
as the system’s intelligence, operating within a well-defined
trust model designed for a single administrative domain. It
gathers real-time state information, network link bandwidths
and switch resources are monitored via legitimate adminis-
trative access, while crucial application details like worker
precision are communicated explicitly through a management
API during job submission. Using this trusted, global view,
it dynamically computes an optimal, precision-aware routing
strategy, triggered both periodically per epoch and reactively
to significant network events like congestion, that directs
gradients to suitable switches for hierarchical aggregation.
This strategy forms the core of PAHInA’s optimization. This
chapter details the PAHInA architecture. We begin with the
design of the data plane, followed by a description of the
control plane’s novel routing algorithm in the subsequent
chapter.
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(a) Gradient data packet format

[ A bis X8 bits —> 8 bits— ¥ [ 4096 bitsm————
E Epoch_id | Tensor id : :[ Wor _list E : Gradient_data \:
1D 0 il 00000000 | 0 |
| Max Max_[}il 11101111 |i| 11110001111..1101 !

Key Map1_Value Map2 Value

(b) Overview of the eBPF Map for storage

Fig. 3. (a) Shows the format of the gradient packet sent during training; we
add a flow_id in the metadata region to distinguish the worker, batch, and
group. (b) shows our two BPF-maps, which are used for gradient data lookup
and storage during in-network aggregation. These two maps use the same type
of key.

B. Hierarchical Aggregation

The data plane is responsible for the efficient and scalable
execution of the complex routing and aggregation strategies
computed by the control plane. To achieve this with high
performance and resource efficiency suitable for the edge,
we leverage the eXpress Data Path (XDP) framework, which
enables fast, in-kernel packet processing without the opera-
tional overhead of kernel-bypass alternatives. Our hierarchical
aggregation scheme is then implemented via two core compo-
nents running atop this foundation: a Routing Service and an
Aggregation Service.

Routing Service: The control plane establishes communi-
cation with each worker via an out-of-band channel. After
calculating the optimal aggregation path for a gradient flow,
the control plane does not directly configure intermediate
network devices. Instead, it provides the source worker with
the IP address of its destination aggregation node and a
unique flow_id, whose format is shown in Figure 3(a), is
embedded within the payload of a standard UDP datagram.
This encapsulation ensures that to any intermediate device
not equipped with our XDP program, the packet appears as
conventional traffic and is forwarded based on its destination
IP address, guaranteeing interoperability. The flow_id itself
includes five key fields: agg_id represents the destination
aggregation switch; Wor_id represents the sending worker;
Precision identifies the gradient’s precision; and Epoch_id
and Tensor_id represent the training batch and the specific
tensor group, respectively.

When a worker sends a gradient packet, it embeds this
flow_id into a custom UDP payload header and uses standard
IP routing to send the gradient packet to the destination
aggregation node. After an intermediate aggregation node (or
switch) in the network receives a heterogeneous precision
gradient packet, the XDP program running on it performs a
highly efficient policy match. The program first parses the
agg_id to determine if the received gradient data should be
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aggregated at this switch. If it needs to be forwarded to another
switch, it then finds the aggregation node corresponding to the
agg_id by matching the agg_id with an IP address, thereby
achieving the routing and forwarding of the data.

Aggregation Service: When a gradient packet’s flow_id
is parsed for the “local aggregation” policy, the aggregation
service is efficiently triggered within the node’s kernel space.
We designed a fine-grained, two-level aggregation mechanism
to handle two tasks of different granularities: “reassembly
of tensor fragments within a single worker” and “global
batch aggregation among multiple workers”, which ensures the
efficiency, robustness, and data integrity of the entire process.
The core of the aggregation service is two bpf-maps: a State
Tracking Map and a Data Storage Map (hereafter referred
to as Mapl and Map2, respectively). Their fields are shown
in Figure 3(b). It is important to note that the bit-widths
shown in the figure are purely illustrative. These fields are
configurable parameters designed to scale; for instance, the
Wor_id field and the corresponding Wor_list bitmap can
be expanded to support thousands of workers per aggregation
task.

When a packet carrying the Epoch_id, Wor_id, and
Tensor_id tuple arrives at the switch, the aggregation logic
is triggered. The program first uses a composite key, formed
from the Epoch_id and Tensor_id, to look up the state of
the corresponding aggregation task. If no entry for this key
is found in Mapl (the State Tracking Map), the packet is
identified as the initiation signal for a new aggregation task.
In this case, the program immediately creates a new entry in
Map?2 (the Data Storage Map), seeding its Gradient_data
with the gradient data from the current packet as the initial
accumulated value. Concurrently, a corresponding state entry
is created in Map1, and the bit representing the source Wor_id
is set to 1 in the Wor_list bitmap. After this initialization,
the packet is dropped, as its data has been successfully
stored. Conversely, when a subsequent (non-final) packet for
an existing task arrives, the program finds the corresponding
entry in Mapl. It first checks the Wor_list bitmap to verify
that the gradient from this packet’s source worker has not
already been processed, preventing duplicate aggregation. If
the worker is new, the core accumulation operation is trig-
gered: the program retrieves the current accumulated gradient
from Map2, performs an element-wise summation with the
newly arrived gradient, and writes the updated result back
into Map2. Subsequently, the bit for the new worker is
set to 1 in Mapl’s Wor_list. Having been successfully
incorporated into the aggregate, this intermediate packet is also
dropped.

The arrival of the “last packet” is the critical turning
point, identified when setting the current worker’s bit causes
the Wor_list bitmap to become full. At this moment, the
program performs the final in-packet aggregation, combining
the accumulated gradient from M ap2 with the data from this
last packet and overwriting the packet’s payload with the final
result. Immediately after, it deletes the task’s entries from
both Mapl and M ap?2 to free kernel resources. This modified
packet, now carrying the globally aggregated gradient, is
then passed to the kernel’s standard networking stack via the
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XDP_PASS action for routing to the PS, completing the
entire in-kernel process.

To ensure the liveness of the aggregation process, a robust
and timely timeout mechanism is critical. Our implementa-
tion discards the inefficient approach of user-space polling,
instead utilizing a significantly more performant in-kernel,
event-driven timer mechanism based on modern eBPF capabil-
ities, specifically bpf_timer. This approach assumes capable
edge nodes running suitable Linux kernels. When the first
packet belonging to a new aggregation task arrives, the XDP
program initializes and starts a per-task kernel timer using
bpf_timer_start, atomically associating it with the aggrega-
tion state stored in the BPF map. The subsequent recovery
process operates with high efficiency. If the aggregation task
completes successfully before the timer expires, the XDP
program simply cancels the timer via bpf_timer_cancel,
incurring minimal overhead. Conversely, should the timer
expire prior to task completion, the kernel automatically
executes a predefined BPF callback function entirely within
the kernel space. This callback function accesses the BPF-map,
identifies the missing worker(s) by inspecting the Wor_list
bitmap, and efficiently triggers the necessary recovery action,
such as queuing a notification for a lightweight user-space
agent to send targeted NACKSs. This design confines time-
sensitive detection logic entirely to the kernel, eliminating
polling and context-switching overhead, thereby offering a
scalable, low-latency solution for packet loss recovery on
suitable edge infrastructure.

C. Global Aggregation

Global aggregation is the convergence stage of the dis-
tributed training process. Its core task is to gather all
intermediate gradients that have undergone hierarchical aggre-
gation at the PS to complete the final, globally consistent
model parameter update. The performance and accuracy of this
stage are critical to the overall training efficiency. When the
XDP program deployed at the ingress port of the PS receives
gradient data streams from different aggregation nodes, it
first performs precision normalization, unifying potentially
different-precision aggregated results by converting them to
a high-precision format to ensure computational accuracy.
Subsequently, the PS performs a final accumulation of all
normalized gradients and, based on the selected optimizer
algorithm, calculates the final model update value, completing
one training iteration.

V. PAHINA ALGORITHM DESIGN

This chapter focuses on the core intelligence of PAHInA, its
control plane scheduling algorithm. We first mathematically
formulate the problem, then detail our proposed two-stage
heuristic algorithm, which comprises a priority-driven routing
assignment and a global rate optimization model. Finally, we
theoretically prove its effectiveness.

A. Problem Formulation

To precisely describe our algorithm, we first present a for-
mal model of the physical environment of the heterogeneous
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edge network, the characteristics of the training tasks, and
the optimization objective. We abstract the entire network as
a graph comprising a set of nodes and links with varying
roles and capabilities. Our model is designed to capture
the core challenges within this environment, including the
heterogeneity of node processing capabilities, the constraints
of link bandwidth, and the diversity of task requirements. We
denote the set of Workers in the network as V. These nodes are
the sources of gradient computation. The physical backbone
of the network is composed of a set S;,¢q;, Which includes all
physical switches, and a set F, representing the physical links
connecting all nodes. In a real-world edge environment, not
all switches are capable of performing computational tasks.
Therefore, we define a fixed subset S C Syoq; to represent
the programmable switches that possess gradient aggregation
capabilities. These programmable switches, together with the
central PS «, form the set of all potential nodes that can
execute aggregation tasks, which we denote as V = S U a.

The core of our model lies in addressing heterogeneity.
First, each worker n € NN operates at a specific computation
precision p, from a set of available precisions P (e.g.,
FP8, FP16, FP32). Correspondingly, each potential aggregator
v € V has a capability range, where we use the set p,, to denote
the precision types it can support. For a programmable switch
s € S, its processing capacity is limited and differentiated,;
we use C ,, to represent the maximum processing capacity of
programmable switch s for generating the aggregated output
stream after performing aggregation on gradients of precision
p. Second, the heterogeneity of network links is reflected in
their bandwidth. We denote the bandwidth capacity of each
physical link e € E as B, In this model, the ingress bandwidth
of the PS is treated as the bandwidth of its directly connected
physical link. To make optimal decisions in the complex
network environment, we introduce several key evaluation
metrics and principles. We use a path cost d(n,v) to measure
the quality of the route from a worker n to an aggregation
node v. To align with the overall goal of maximizing system
throughput, this cost is specifically defined as the inverse of the
bottleneck bandwidth on the path, which directly prioritizes
higher-throughput routes. This cost can incorporate factors
such as hop count and path bottleneck bandwidth, with the
physical route being defined by the set of links Path(n,v).
To enable prioritized service for critical tasks, such as those
requiring high precision, we design a priority function II(n)
that assigns a unique priority to each worker. Finally, to
implement a resource allocation scheme more sophisticated
than simple fairness, we introduce a rate-weighting factor w,,
for each precision p, which guides the final rate allocation
according to predefined proportions.

Based on the preceding definitions, our algorithm aims to
solve for the following decision and optimization variables. In
the first stage, the core output is a routing assignment map A :
N — V', which uniquely specifies the aggregation destination
for each worker. In the second stage, the algorithm solves
for a globally optimized base rate unit m, and subsequently
calculates the final sending rate r,, for each worker, as well
as the intermediate aggregate flow rate y, , from each switch
to the PS.
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Algorithm 1 Resource Allocation
Require: N, V, Siora1, E, {pn}, {Po}, {Csp}, {d(n,v)},
{II(n)}, rest (estimated rate).
Ensure: Routing allocation mapping A
1 Initialization: For all s € S, p € Ps, set used capacity
C%, = 0; set A as an empty mapping.
2 Sorting: Sort all workers in set N in descending order
based on priority function II(n) to obtain list N_sorted.
3 for n in N_sorted do
4 Pn = n’s precision
5 [/l Filter and sort candidate nodes
6 V_candidate = {v € V|p, € P,}
7 Sort V_candidate in ascending order based on path
cost d(n,v)

8 is_allocated = false

9 for v in V_candidate do

10 if v is a switch and Cf , + 7est < Csp, then
11 An) s C,  Cop +Test

12 1s_allocated = true; break

13 else if v is a PS then

14 A(n) < a; is_allocated = true; break

15 end if

16 end for

17 If not is_allocated: A(n) < « // Fallback strategy
18 end for

19 return A

B. Algorithm Design

The PAHInA algorithm operates by decoupling the complex
joint routing and rate optimization problem, which is executed
in two sequential stages.

Priority-Driven Routing Assignment: This stage employs
an efficient heuristic greedy algorithm to determine a unique
aggregation node for each worker. The core principle of the
algorithm is to allow high-priority tasks to preferentially select
aggregation nodes that offer the lowest path cost and have
sufficient resources.

As shown in Algorithm 1, the process begins by globally
sorting all workers according to the predefined priority func-
tion II(n). To capture the dual heterogeneity of edge systems,
we define a task’s priority by coupling its data properties
(device heterogeneity) with its network environment (network
heterogeneity). The function is formally defined as:

II(n) = wsize * NormSize(pn) + Weost ¥ NormCost(n)
(1)

where NormSize(p,) is the normalized data size of the
gradient based on its precision p,, and NormCost(py) is
the normalized minimum path cost from worker n to any
available aggregation node. The weights wg;,. and w,qs are
configurable hyper-parameters that balance these two factors.
This function ensures that tasks more sensitive to network
latency and computational resources, such as high-precision
gradient tasks, are given precedence. Following this, the algo-
rithm iterates through the sorted list, assigning an aggregation
node to each worker in sequence. For the current worker n to
be assigned, the algorithm first filters all potential aggregation
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nodes to identify candidates capable of handling its precision
Pn. These candidates are then sorted in ascending order based
on the path cost d(n,v).

In the decision-making phase, the algorithm checks if the
current best candidate node v, has sufficient remaining capac-
ity to accept the worker (this is evaluated using a conservative
estimated rate r.s¢). The term 7.4 is a configurable parameter,
used as a placeholder to ensure a balanced initial assignment
before the LP stage computes the precise rates. It is typically
set to a fraction of the average worker’s access link bandwidth.
If the capacity is sufficient, the assignment is made immedi-
ately: n is allocated to v, and the used capacity of v is updated.
The search for the current worker n is then terminated, and the
algorithm proceeds to the next worker in the list. If the best
candidate’s capacity is insufficient, the algorithm discards it
and considers the next-best option from the list. This process
repeats until a suitable host is found for the current worker.
Should all candidate nodes fail to meet its capacity demands,
the algorithm employs a fallback strategy, such as forcibly
assigning the worker to the PS, which is assumed to have
more abundant resources to guarantee the completeness of the
assignment. This process ensures that high-precision gradients,
which are more sensitive to network latency, are preferentially
assigned to optimal physical paths. Meanwhile, low-precision
tasks utilize the remaining network resources that may have
higher path costs, thus achieving differentiated service for
heterogeneous tasks.

Global Weighted Rate Optimization: Once the routing
assignment map A is determined, the original problem trans-
forms into a resource allocation problem on a fixed topology.
We then formulate and solve a Linear Programming (LP)
model to maximize a global base rate unit m. The objective
is to achieve Weighted Proportional Fairness, a model specifi-
cally chosen to handle the heterogeneous nature of gradient
sizes. Unlike max-min fairness, which would inefficiently
grant identical rates to all workers, this approach assigns
bandwidth proportional to the data payload of each worker’s
precision. This is accomplished by setting the rate-weighting
factor w), to be proportional to the data size of precision p, a
relationship directly enforced by the constraint 1, = w,,, * m.
Next, we will describe the constraints of the PAHInA model,
and the problem can be formulated as follows:

maximize m

T'n = Wp, * M, Yn e N

Nsp={n e N|[A(n)=sAp,=p}

N, ={n € N | e € Path(n,A(n))}

Y. ={(s,p) | s € S,p € Ps,and e € Path(s, )}

Ysp < Cs p, Vs € S,Vp € Py
st S tnt D Ysp < Be, Vec E

neN. (s,p)EYe

Tn < Ys,ps Vn € Ny, Vs € S,Vp € Py

xp € {0,1}, VYn € N,s € SU{a}

rn 20, VneN,se SU{a}

Ysp = 0, Vse S,Vpe P

2
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(1) Set of Workers Assigned to a Specific Switch-Precision
Pair: To constrain the processing capacity of each switch
s for each precision p, we define the set N, ,. This set
contains all workers that are assigned to switch s and
have a precision of p.

(2) Set of Workers Whose Traffic Traverses Link e: To
calculate the raw gradient traffic carried on each link
e, we define the set V.. This set includes all workers
whose data transmission path traverses link e.

(3) Set of (Switch, Precision) Pairs whose Aggregated
Flow Traverses Link e: In order to calculate the post-
aggregation traffic on each link e, we define the set F..
This set represents all aggregated flows that originate
from a switch s with precision p, and whose path to the
PS traverses link e.

(4) Proportional Rate Definition: This constraint is the cor-
nerstone for achieving weighted fairness. It directly
links the final sending rate r,of each worker n with
the global base rate unit m. By introducing the prede-
fined precision-weighting factor wp,), we ensure that
high-precision tasks are allocated higher bandwidth in
proportion to their data volume and importance, rather
than relying on a simple equal-sharing strategy. The
constraint is defined as: r,, = w), * m.

(5) Switch Per-Precision Capacity: This constraint ensures
that computational resources within the network are not
over-utilized. For each programmable switch s and for
each precision p it supports, the rate of the aggregated
output stream Y/, , generated by it must not exceed the
switch’s processing capacity limit Cj ;, for that specific
precision p.

(6) Synchronization: To ensure the proper execution of in-
network aggregation, the rate of a worker r,, entering a
switch s must not exceed the rate of the corresponding
aggregated stream vy, , that leaves the switch. This
constraint prevents the unbounded accumulation of data
within switches due to rate mismatches and serves as a
logical guarantee for maintaining steady-state operation
of the system.

(7) Unified Bandwidth Constraint: This constraint is key
to ensuring that the physical limitations of the network
are met. For any given physical link e in the network,
the total traffic it carries must not exceed its bandwidth
capacity B,. This total traffic is composed of two parts:
first, the sum of rates Xr, from all raw gradient flows
that traverse this link; and second, the sum of rates Xy ,,
from all post-aggregation flows that also traverse this
link.

By solving this LP model, we obtain the optimal base rate
m™*. Based on this, the final sending rate for each worker is
calculated as r;;, = w,,, * m*.

C. Performance Analysis

Theorem 1: The PAHInA algorithm strictly enforces the
constraints of single aggregation and precision matching.

Proof: The correctness of this theorem can be directly
derived from the intrinsic logic of Algorithm 1. First, regarding
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the single-aggregation principle, the algorithm searches for
an aggregation destination for each worker n in the main
loop. Once a suitable node v is found and assigned in the
inner loop (Line 9), the break statement (Line 12 or 14)
immediately terminates the search for the current node n. This
means that for any given n € N, the assignment operation
A(n) < v occurs at most once during the entire execution of
the algorithm. This guarantees that each gradient flow has a
unique target aggregation node, the mathematical expression
for which is:

[A(n)| =1 3)

Second, for the precision-matching principle, the algorithm
imposes an explicit filtering condition when constructing the
pool of candidate nodes (Line 6). The formal mathematical
expression for this condition is:

‘/candidate = {U eV | Pn € Pv} (4)

Since the finally assigned node A(n) must be a member of
this candidate set V.qndidate, it 1s naturally guaranteed that
the selected aggregation node has the capability to process
the corresponding gradient’s precision, ensuring the numerical
consistency of the computation.

Theorem 2: PAHInA’s routing assignment strategy achieves
priority-based path optimization.

Proof: The theorem aims to prove that higher-priority tasks
are assigned to paths with better (or at least not worse) path
costs. We consider two arbitrary worker 4,7 € N and assume
their priorities satisfy:

1I(@) > T1(j) (5)

according to the sorting step of Algorithm 1 (Line 2), node
i is necessarily processed before node j. We define Cy ,(t)
as the allocated capacity on switch s for precision p when
the algorithm is processing the t-th node. When the algorithm
processes node i (assumed to be the k-th node processed),
it faces the resource state {C} ,(k)}. Its candidate node
set Veandidate(?) is composed of all nodes that satisfy the
precision and capacity constraints:

chandidate(i) = {U eV ‘ pi € P’U A C’(/),pi (k) + Test S Cv,Pi}
(6)

the algorithm’s choice is based on minimizing path cost, so
the assignment result is:

A(i) = arg

min

d(i,v 7
vE€Veanda(i,Ri) (i) 2

Subsequently, when the algorithm processes node j (the I-
th node processed, where [ > k), the resource state becomes
{C; ,(1)}. Since the assignment of node i consumed resources,
it must be that:

Vs,p, O (1) = C5 (k) ®)

this implies that the candidate set for node j is a subset of or
equal to the candidate set for node :

‘/candidate (]7 R]) g ‘/candidate (]a Rl) (9)
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Therefore, the choice space for node ¢ is always superior
or equal to the choice space for node j, which mechanisti-
cally guarantees that higher-priority tasks receive better path
assignments.

Theorem 3: The PAHInA algorithm strictly enforces all
resource capacity constraints.

Proof: The correctness of this theorem is directly guaranteed
by the Global Weighted Rate Optimization model, as any
solution returned by an LP solver must be a feasible solution
that satisfies all constraints.

First, for the switch capacity constraint, Constraint (6) in
the LP model explicitly stipulates that for any switch s € .S
and any precision p € P, the sum of the rates of all gradient
flows routed to it for aggregation at precision p cannot exceed
its processing limit:

> 1 <Cop, where Ny =n€N|A(n)=sAp,=p
n€N; p
(10)

second, for the link bandwidth constraint, Constraint (8)
guarantees that for any physical link e € E, the total traffic
flowing through it cannot exceed its physical bandwidth B..
This total traffic is defined as the sum of all raw gradient flow
rates and all post-aggregation gradient flow rates whose paths
traverse the link, formally expressed as:

Z T’TL+ Z y:,pSBE

nEN, (s,p)EF.

(1)

Therefore, the final output of the algorithm must strictly
adhere to all predefined physical resource limits.

Theorem 4: Pareto optimality of rate allocation, Given
the fixed routing assignment A determined in Priority-Driven
Routing Assignment, the subsequent rate allocation {r} pro-
duced by Global Weighted Rate Optimization of the PAHInA
algorithm is Pareto Optimal.

Proof: The proof is by contradiction. For a fixed routing
assignment A, let m*be the optimal global base rate that max-
imizes the LP objective, and let R* = r be the corresponding
vector of optimal rates where r;, = w,,,, *m*. We assume, for
the sake of contradiction, that this rate allocation R* is not
Pareto Optimal.

By the definition of Pareto sub-optimality, this assumption
implies the existence of another feasible rate vector R’ =7/,
which satisfies all system constraints and for which (a) r/, >
ry foralln € IV, and (b) there exists at least one worker 7 € N
such that 77¢r7. Since R’ must also adhere to the proportional
rate constraint, it must be generated by some base rate m/,
where ), = wy, . The strict inequality for worker j therefore
leads to the conclusion that m/;m*, as shown by:

> ]
= wp, xm' > wp, xm”
=m' >m" (12)

The existence of a feasible solution R’ generated by a
base rate m/ that is strictly greater than m* contradicts the
very premise that m* is the optimal solution from the LP
maximization. It is impossible for a feasible solution to be
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generated by a value greater than the defined maximum. Thus,
the initial assumption must be false. We conclude that for the
given routing assignment, no feasible allocation can improve
one worker’s rate without harming another’s, and the rate
allocation R* is therefore Pareto Optimal.

VI. EVALUATION

In this chapter, we compare PAHInA with current state-of-
the-art research schemes. We present the performance metrics
and baselines. We build a small-scale testbed using XDP
programmable data plane technologies to evaluate the training
performance of PAHInA. At the same time, to compensate for
the limitations of small-scale experiments, we employ data-
driven modeling for simulation-based training to demonstrate
the feasibility of PAHInA in large-scale distributed training
scenarios.

A. Performance Metrics and Benchmarks

Performance Metrics: To highlight the advantages of
PAHInA in heterogeneous precision in-network aggregation,
the following metrics were used in the micro-benchmarks:
(1) Training Duration; (2) Training Throughput; (3) Training
Efficiency; (4) In-network Aggregation Efficiency; and (5) PS
Aggregation Efficiency.

We first calculate the total Training Duration (1) required to
complete all training epochs, which is obtained by multiplying
the total time per iteration by the total number of iterations,
providing a macroscopic measure of the end-to-end task
completion time. To evaluate the overall processing speed of
the system, we derive the System Throughput (3) by dividing
the Global Batch Size by the total time per iteration, which
reflects the number of samples the entire system can process
per second. To measure the raw communication pressure in
the network, we calculate the Gradient Sending Rate (4) by
recording the total amount of gradient data generated by all
workers in a batch and dividing it by the total duration of
the upload phase. We have redefined In-network Aggregation
Efficiency (5) from a focus on the slowest path delay to
a focus on the data aggregation rate. This efficiency value
precisely represents the percentage reduction in data volume
achieved through aggregation operations during the process of
all gradient data from its source to the final PS; a higher value
represents a more significant bandwidth saving effect. Finally,
we quantify the PS Aggregation Efficiency (6) by using the
time the PS actually spends on aggregation computation to
evaluate its processing capacity as a central node.

Benchmarks: We compare our core algorithm, PAHInA,
against three baseline algorithms. The first baseline is the
Standard PS architecture. This is a traditional communication
scheme that does not utilize in-network aggregation. In this
model, after completing local computations, all workers find
their best-effort path to the central PS and send gradients
directly, with the PS performing all aggregation tasks. The
second is ATP, which executes in-network aggregation on
multiple programmable switches. Each worker sends gradients
via a predefined routing path to the PS, and the gradient data
is aggregated in the first switch on the path that has available
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processing capacity, after which the aggregated result is sent
to the PS. The final baseline is GRID, a centralized routing
scheduling scheme based on Linear Programming. GRID
aims to find a globally optimal gradient routing strategy to
maximize system throughput, but it does not consider precision
differences between gradients in its decision-making. We use
it as an advanced, precision-unaware comparative scheme.

B. Testbed Evaluation

Setup: To evaluate and compare the performance of dif-
ferent gradient aggregation strategies in distributed training,
we built a virtualized experimental environment based on
a single physical server. This environment aims to simulate
a typical data center computing cluster while ensuring the
reproducibility and isolation of experiments. The experiment
relies on a high-performance server equipped with an Intel
Xeon Gold series multi-core processor and 64GB of DDR4
memory. We used Kernel-based Virtual Machine (KVM) [41]
technology to create all workers and the PS. Each virtual
node was allocated different vCPUs and memory and ran
the Ubuntu Server 20.04 LTS operating system. In terms
of network configuration, since all nodes are on the same
host machine, we used a linux bridge to construct a tree-
like network topology, simulating a scenario where all nodes
converge to the PS. To more realistically reflect potential link
quality differences and congestion fluctuations in a data center
network, we set the link bandwidth from each virtual machine
to the virtual switch to a random value that dynamically
changes between 10 Gbps and 25 Gbps. Such a configuration
not only supports the high gradient transmission rates observed
in the experiments but also provides a basis for evaluating
the robustness of aggregation algorithms in non-ideal network
environments. We assume that the network latency between
nodes is extremely low (<0.1ms), and the performance bot-
tleneck is mainly reflected in bandwidth and data processing.

We conducted tests on two classic convolutional neural
network models to evaluate the algorithm’s performance under
different computational loads and model sizes. The models we
used are LeNet-5 [42] and ResNet-50 [43], both trained on
the CIFAR-10 dataset [44]. We conducted experiments with
configurations of 2, 4, 6, and 8 workers, using a separate
node as the PS. The training used Stochastic Gradient Descent
(SGD) [45] with momentum, and the global batch size was set
to 512. To create a consistent yet heterogeneous environment,
our testbed configurations maintained a fixed number of two
workers operating at FP8 precision, while the remaining
workers (1, 2, 4, or 6, corresponding to total worker counts of
2, 4, 6, and 8) operated at FP16.

Per-epoch time: Per-epoch time is the most direct metric
for evaluating the end-to-end performance of a distributed
training system. As shown in Figure 4, the training time
for all the tested algorithms increases as the number of
worker increases, which verifies that the continuous growth of
workers in the cluster leads to a communication bottleneck.
But in the comparative analysis of the algorithms, we observe
a stable and clear performance ranking: PAHInA achieves
the fastest training completion in all configurations, followed
in order by GRID, ATP, and the Baseline scheme which
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takes the longest. This performance advantage is particularly
prominent in larger-scale or more complex scenarios. For
example, in the scenario of training ResNet-50 with 8 workers,
PAHInA’s training time is only 3.38 seconds, a 58.4% perfor-
mance improvement compared to the Baseline’s 8.12 seconds,
demonstrating excellent efficiency.

The fundamental reason for the difference in training time
lies in communication overhead. In the Baseline scheme,
all gradient flows are directed to a single PS, which easily
causes network congestion. ATP and GRID alleviate the
pressure on the central node by performing partial aggregation
in the network. However, ATP is not sensitive to network
state, and GRID ignores the heterogeneity of gradient sizes.
PAHInA, by virtue of its dual-awareness of network paths and
gradient precision, achieves optimized scheduling of commu-
nication resources, thereby minimizing communication delay
and achieving the fastest training speed.

Throughput: As shown in Figure 5, system throughput
exhibits an ideal inverse correlation with training time. As
the number of workers increases, the throughput of all strate-
gies improves significantly. In terms of performance ranking,
PAHInA also demonstrates the strongest processing capability,
followed again by GRID, ATP, and the Baseline. To more
clearly showcase PAHInA’s advantage, we compare it with
the most advanced baseline algorithm, GRID. When training
ResNet-50 with 8 workers, PAHInA’s throughput reached
1779.6 samples/s, which is a 25.3% and 30.9% improvement
compared to GRID’s 1420.3 samples/s and ATP’s 1359.9 sam-
ples/s, respectively. System throughput is a direct reflection of
training speed. By minimizing communication waiting time,
PAHInA enables workers to complete gradient synchronization
faster and start the next round of computation, which greatly
improves the effective utilization rate of computational units.
In contrast, even an advanced algorithm like GRID, due to
its insensitivity to the heterogeneity of gradient sizes, still
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produces sub-optimal solutions in its routing decisions, leading
to limited communication efficiency for some nodes, thereby
restricting further increases in overall throughput.

Gradient Sending Rate: This evaluation metric reflects the
ability of the entire system to effectively utilize network band-
width during the gradient upload phase. As shown in Figure 6,
PAHInA achieved the highest effective gradient sending rate
in all tests, significantly outperforming the other comparison
algorithms. For example, in the scenario of training ResNet-50
with 8 workers, PAHInA’s gradient transmission rate reached
1.76 GB/s, which is a 27.5% and 35.0% improvement com-
pared to GRID’s 1.38 GB/s and ATP’s 1.30 GB/s, respectively.
This indicates that PAHInA can complete the gradient upload
phase in the shortest amount of time, with the highest network
resource utilization. For ResNet-50, which has a much larger
number of model parameters, the amount of gradient data it
produces far exceeds that of LeNet, leading to higher absolute
values for the gradient sending rates of all algorithms. In this
scenario, the rate difference between the different algorithms
is also more pronounced, further highlighting the importance
of PAHInA’s efficient aggregation strategy. A higher effective
sending rate means shorter communication waiting times.

Efficiency of In-Network Aggregation: As shown in
Figure 7, the efficiency of all three in-network aggregation
algorithms improves as the number of workers increases. This
is because more nodes provide more opportunities for aggrega-
tion, increasing the potential for data to be compressed before
it reaches the PS. However, the algorithms differ significantly
in their ability to capitalize on these opportunities. PAHInA
demonstrates the highest aggregation efficiency in all test sce-
narios. For example, when training ResNet-50 with 8 workers,
PAHInA’s data compression rate reached 79.2%, while GRID
and ATP were at 65.3% and 53.8%, respectively. This indicates
that PAHInA successfully and effectively aggregated nearly
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4o

80% of the raw gradient data within the network, greatly
alleviating the transmission pressure on subsequent links.

Aggregation time of PS: This metric measures the com-
putation time required for the PS to complete the final
aggregation operation and is an important indicator for eval-
uating the computational pressure on the central node. As is
evident from Figure 8, all in-network aggregation strategies
(PAHInA, GRID, ATP) can reduce the PS aggregation over-
head by an order of magnitude compared to the Baseline,
which fully demonstrates the core advantage of distributing
aggregation computation into the network.

Building on this, when we further compare the three in-
network aggregation strategies, we find that PAHInA performs
the best in reducing PS overhead. When training ResNet-50
with 8 workers, PAHInA’s PS aggregation time was 2.15 ms,
which is a further reduction of 31.6% and 42.7% compared
to GRID’s 3.14 ms and ATP’s 3.75 ms, respectively. This
difference stems from the degree of intelligence in each
algorithm’s routing decisions. ATP uses static shortest paths,
and while GRID can perform traffic optimization, it ignores
precision heterogeneity. Both of these strategies can lead to
sub-optimal aggregation plans, causing some insufficiently
aggregated gradient flows to still converge on the PS. In con-
trast, PAHInA, through its co-optimization of network paths
and aggregation tasks, achieves a more efficient hierarchical
aggregation, minimizing the number of partial sums arriving at
the PS, thereby resulting in the lightest computational burden
for the PS.

C. Simulation Evaluation

Setup: Our training simulations are implemented on a phys-
ical machine with an Intel Core i7-10700 processor and 32 GB
of RAM. We evaluate performance across two topologies: an
80-switch, 128-host Fat-Tree [46] with 25 to 100 workers,
and a 125-switch, 250-host random network with 50 to 200
workers. To model deep heterogeneity, workers are assigned
FP8, FP16, and FP32 precisions in a 5:3:2 ratio. In-network
aggregation switches are dynamically assigned at a ratio of
approximately 1 per 8 workers. Host-to-switch links are fixed
at 10 Gbps, while core link bandwidths between switches
are randomly set from 5 to 20 Gbps to simulate network
heterogeneity. Accordingly, the path cost d(n,v) is defined
as the inverse of the bottleneck bandwidth on the path from
worker n to node v, thus prioritizing higher-throughput routes.
The processing capacity limit for in-network aggregation on
all programmable switches is uniformly set to 100 Gbps.
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This parameter represents the maximum rate of the aggregated
output stream that a switch can generate after completing the
aggregation operation.

Training Duration Comparison: In this set of simulation
experiments, we focus on the total duration of the simulated
training, with the results shown in Figure 9. In both the Fat-
Tree and random topologies, PAHInA achieved the shortest
training time in all tested scenarios. For example, in the 100-
worker Fat-Tree topology, PAHInA’s training duration was
reduced by approximately 87.9%, 72.2%, and 32.9% compared
to the Baseline, ATP, and GRID, respectively. In the random
topology, while increasing the number of workers from 50 to
200 led to longer training times for all methods due to the
less structured communication, PAHInA maintained its lead,
with its time increasing from 0.91h to 2.34h, still significantly
outperforming the baselines.

Throughput: As shown in Figure 10, the throughput of
PAHInA and GRID far exceeds that of ATP, which uses a static
strategy, and the Baseline with no aggregation. This highlights
that in large-scale environments, dynamic and intelligent rout-
ing decisions are a necessary condition for ensuring system
performance. PAHInA’s superiority is clearly reflected in its
higher throughput, particularly evident in the random topol-
ogy. In the 200-node random topology scenario, PAHInA’s
throughput is approximately 44.3% higher than GRID. This
profoundly reveals the limitation of being purely network-
aware in heterogeneous precision scenarios. Edge scenarios
are often heterogeneous, not only in the network but also in
the size of gradient data produced by end devices. PAHInA,
through its unique network-precision dual awareness, can plan
the most suitable paths for data packets of different sizes,
avoiding the efficiency loss caused by resource mismatch,
thereby maximizing the overall system throughput.

Gradient Sending Rate: In large-scale distributed scenar-
10s, the access bandwidth of the central node is often the first
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Fig. 12. Efficiency of INA vs. No. of workers.

bottleneck the system encounters. As shown in Figure 11,
the Baseline strategy’s gradient sending rate is strictly lim-
ited to 1.25 GB/s, which precisely corresponds to the PS’s
10 Gbps physical link bandwidth. This result is a classic
illustration of the “centralized bottleneck”. In contrast, all
in-network aggregation algorithms successfully break through
this bottleneck by distributing the aggregation pressure across
the entire network. PAHInA achieves the highest transmission
efficiency in all scenarios, proving its most thorough utilization
of the network-wide bandwidth resources. For example, in
the 100-node Fat-Tree topology, PAHInA’s transmission effi-
ciency reached approximately 8.33 GB/s, a significant 61.9%
improvement over GRID’s 5.15 GB/s, and it far surpasses
ATP’s 1.73 GB/s. Compared to other algorithms like GRID,
PAHInA’s advantage is that it doesn’t just disperse traffic, but
rather performs intelligent traffic engineering based on data
and network state.

Efficiency of INA: In wide-area and edge networks, band-
width is often a scarce and expensive resource; therefore,
in-network aggregation efficiency (data compression rate) is
directly related to a scheme’s economic viability and feasibil-
ity. As shown in Figure 12, PAHInA’s aggregation efficiency
performs exceptionally well in large-scale scenarios. As the
number of nodes increases, its efficiency steadily approaches
the theoretical limit of 99%. This means that almost all
gradient data is effectively compressed before leaving the
network edge and entering the core backbone. In comparison,
GRID’s efficiency stabilizes in the 80-85% range, while ATP’s
is even lower. The core reason PAHInA can achieve such high
efficiency is its ability to construct deeper and more optimized
aggregation hierarchies. By co-perceiving gradient sizes and
path states, it can plan optimal multi-hop aggregation paths,
ensuring data is maximally compressed at each hop, which is
crucial for saving expensive backbone network bandwidth.

Aggregation time of PS: One of the ultimate goals of in-
network aggregation is to make the central node “lightweight”,
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transforming it from a computational bottleneck into a simple
coordinator. As shown in Figure 13, PAHInA is the most
successful in achieving this goal. In the 200-node random
topology scenario, PAHInA’s PS aggregation overhead is
54.8% lower than GRID’s and nearly 90% lower than ATP’s.
This indicates that the hierarchical aggregation system built by
PAHInA is the most efficient; the vast majority of computa-
tional tasks are “digested” at the network edge or intermediate
layers, and what finally arrives at the PS is only a very small
number of highly aggregated partial sums. In future edge
intelligence scenarios where the central server might itself be
a resource-constrained edge cloud node, PAHInA’s ability to
maximally reduce the central load has inestimable value for
ensuring system stability and scalability.

VII. CONCLUSION

In this paper, we addressed a critical challenge at the inter-
section of edge computing and distributed machine learning:
the performance degradation caused by the dual heterogeneity
of edge devices and network resources. We identified that con-
ventional in-network aggregation mechanisms are ill-equipped
to handle the heterogeneous precision gradients generated
by resource-constrained edge devices, leading to precision
inflation and an aggravated straggler effect that cripples train-
ing efficiency. To overcome these limitations, we introduced
the PAHInA framework, the first of its kind to co-optimize
gradient precision with network-aware routing for in-network
aggregation. PAHInA features a logically decoupled control
and data plane architecture. Its intelligent control-plane sched-
uler formulates the routing of heterogeneous gradients as
a joint optimization problem, assigning high-priority, high-
precision gradients to premium, low-cost network paths. This
strategy is executed by a high-performance data plane that
leverages XDP for efficient, hierarchical aggregation in the
kernel, minimizing aggregation-induced overhead. Extensive
evaluations, conducted on both a small-scale testbed and
through large-scale simulations, confirm the significant advan-
tages of our approach. Compared to state-of-the-art baselines,
including standard PS, ATP, and GRID, PAHInA consis-
tently demonstrated superior performance. Our framework
significantly mitigates network congestion, reducing end-to-
end communication time by up to 33% and boosting overall
training throughput by approximately 30%.

The results validate that by treating precision as a first-class
scheduling metric, PAHInA creates a more efficient and robust
distributed training system for the edge. This work represents
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a significant step toward enabling complex Al model training
in resource-constrained and diverse edge environments. Future
research could extend this framework in several promising
directions. To address the scalability limits of the current
centralized control plane in massive, geographically dispersed
environments, we plan to evolve PAHInA towards a hierar-
chical or federated model. Beyond scalability, our framework
could be adapted to support fully decentralized architectures
like All-Reduce, explore its application in asynchronous train-
ing paradigms, and investigate the integration of advanced
security protocols for gradient exchange in untrusted edge
networks. These advancements would collectively pave the
way for robust, efficient, and secure distributed learning in
diverse, real-world edge environments.
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