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Abstract—Gradient quantization is an effective way
of compressing gradient data to reduce communication
overhead in federated learning (FL) across a wide-
area network (WAN). Existing gradient quantization
methods are either static adopting a uniform quantiza-
tion strategy across all nodes or dynamic according to
the training demands without taking into account link
bandwidths available at different nodes, which hinges the
performance of FL due to the communication bottleneck.
This bottleneck becomes severe for cross-organizational
FL in a WAN due to the dynamic heterogeneity across
different nodes.

This paper proposes a bandwidth-aware adaptive gra-
dient quantization method to tackle the communication
bottleneck caused by bandwidth heterogeneity for FL in
WAN:S. It performs gradient quantization by adaptively
adjusting the bit-width of gradient quantization based
on the bandwidth condition of each node — large on
low-speed links to accelerate transmission and small on
high-speed links to improve global model accuracy. We
present the FL algorithm under our framework and
show how to compute the bit-width of each node by
determining the appropriate number of discretization
levels for gradient quantization. The experimental results
demonstrate that our method reduces communication
overhead by approximately 87.5% compared to non-
quantized gradient methods, while achieving signifi-
cantly higher gradient precision compared to fixed
quantization methods such as 2-bit and 4-bit approaches.
Furthermore, experimental evaluations on multiple fed-
erated learning datasets show that our method achieves
convergence time acceleration ranging from 1.57x to
4.80x compared to four existing schemes. These findings
highlight the important application value of our method
for cross-organizational distributed federated learning.

Index Terms—Hierarchical Federated Learning; Com-
munication Efficiency; Gradient Compression; Band-
width Awareness; Adaptive Gradient Quantization

I. INTRODUCTION

Cross-organization federated learning (FL), as a
form of distributed machine learning architecture, is
typically used to collaboratively train models across
multiple geographically distributed data centers (DCs)
with a central parameter server (PS). In this setting,
multiple DCs, connected via a WAN, each store data
collected from devices of specific organizations and
work together to train a shared global model. This
system architecture inherently faces the challenge of
heterogeneous and dynamic communication resources
in WANS.

Operating over WANS, cross-organization federated
learning presents several unique challenges compared
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to traditional distributed parameter server architectures
due to link bandwidth limitation and node heterogene-
ity across DCs. As shown in recent studies, communi-
cation time in large-scale distributed machine learning
systems with 32 client servers can account for up to
90% of the total training time [1], and training some
state-of-the-art distributed machine learning systems
across data centers in WAN environments can lead
to a slowdown by factors ranging from 1.8 to
53.7x [2]. As different client severs may have varying
bandwidths when connecting to the PS, the node with
the least bandwidth may become the bottleneck for the
entire training process, causing the so-called straggler
problem [3].

Existing gradient quantization methods are either
static with fixed discritization intervals or adap-
tive only to training requirements from indidual
nodes, therefore unable to resolve the communication
bottleneck caused by link bandwidth heterogeniety
in cross-organization federated learning. To address
this issue, this paper proposes a Bandwidth-Aware
Dynamic Adaptive Gradient Quantization (BA-
DAGQ) method that dynamically adjusts the gradient
quantization strategy based on the actual bandwidth
between client servers and the PS. As the main
contribution, BA-DAGQ is based on the following
strategies:

1) Bandwidth-aware gradient quantization: De-
termine appropriate quantization bit-widths (in-
tervals) for individual client severs based on
their communication bandwidths and the PS.
Low-bandwidth nodes use large bit-width quan-
tization to reduce data transmission, and high-
bandwidth nodes use small bit-width quantiza-
tion to preserve gradient precision, achieving a
balance between communication efficiency and
model accuracy.

Adaptive bit-width adjustment: Dynamically
sense real-time changes in node bandwidths
during training and adjust the quantization bit-
widths of individual nodes. This ensures that
low-bandwidth nodes do not become the com-
munication bottleneck of the system when in-
creasing the contribution of high-bandwidth
nodes, thus alleviating the straggler problem.
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II. RELATED WORK

Significant research effort has been made on gra-
dient compression for communication optimization in
Federated Learning in recent years. Gradient compres-
sion techniques can be broadly categorized into two
classes: gradient sparsification and gradient quantiza-
tion including fixed quantization and adaptive quanti-
zation. This section reviews recent studies on gradient
quantization that are closely related to this work.

A. Fixed Gradient Quantization

Fixed gradient quantization reduces communication
overhead by representing gradients using fewer bits.
Gupta et al. [4] introduced a stochastic rounding ap-
proach to quantize gradients to 16 bits, demonstrating
strong performance on neural network training tasks
using the MNIST and CIFAR-10 datasets. Alistarh et
al. [5] introduced a randomized quantization mecha-
nism that dynamically adjusts the quantization levels
of gradient values, achieving a better balance between
communication efficiency and model performance.
Similarly, TernGrad method [6] leverages gradient
sparsity by ignoring smaller gradient values, thereby
further reducing the transmission volume while signif-
icantly decreasing communication overhead without
compromising model accuracy. Bernstein et al. [7]
proposed a method that transmits only the gradient
signs (SignSGD) and aggregates gradient information
across distributed nodes using a majority vote mecha-
nism. However, in heterogeneous networks, variations
in bandwidth and latency among nodes may lead to
synchronization issues, potentially undermining the
effectiveness of the voting mechanism.

Fixed quantization methods are widely used in dis-
tributed training but encounter significant challenges
in WAN environments. Due to the heterogeneous net-
work conditions of federated learning nodes, such as
varying bandwidth, latency and packet loss rates, they
often lead to inefficient utilization of computational
and communication resources.

B. Adaptive Gradient Quantization

Adaptive Gradient Quantization (AGQ) dynami-
cally adjusts quantization strategies according to the
varying demands of different training phases, thereby
achieving more efficient communication optimization.
Samuel et al. [8] introduced a stochastic rounding
technique that effectively enhances communication ef-
ficiency by rounding both positive and negative entries
of the gradient vector to the nearest power of two. Sun
et al. [9] proposed the Layer-wise Adaptive Quantiza-
tion (LAQ) method, which not only quantizes gradi-
ents but also compresses the transmitted gradient data
by ignoring gradients with low information content
during each iteration, enabling adaptive optimization
of communication efficiency. Yu et al. [10] proposed
a heuristic gradient clipping strategy that incorporates
the concept of dual sampling, ingeniously combining
full-precision and low-precision gradients to minimize
communication costs. Ivkin et al. [11] developed a
ternary gradient method that represents each element
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TABLE I

SYMBOLS AND DEFINITIONS
Symbol  Definition
N; Number of DCs participating in training
M; Number of clients within data center 7.
T Upper limit of the number of training rounds
k Minimum batch-size during training process
D; Dataset used by DC ¢
D Global dataset, where D; € D
ng Number of gradients DCs send to the sever
w Model parameters, w € R4
wt Model parameters in ¢-th training round
wf Model parameters of DC ¢ in ¢-th training round
l(w,z)  Loss function with parameters w on sample z
b; Number of bits used for quantization in device ¢
bmin Min number of quantization bits used in training
thr Prediction threshold value of F'(w)
nt Learning rate applied in the ¢-th round
1 Constant used to enforce global parameter

synchronization in fixed training intervals
g Gradient calculated as g = Vi(w, 2)
Original gradient in DC 4 in ¢-th training round
Quantized gradient in DC 7 in ¢-th training round
g Globally aggregated quantized gradient

across all DCs in ¢-th training round

Qs(9) Quantization function of gradient g at level s

B; Bandwidth between DC ¢ and PS

Bhin Minimum bandwidth between DCs and PS

qi Quantization ratio used by DC 1

Gmin Minimum quantization ratio in the training process
A Gradient step size

M? Variance upper bound of the gradient

T Total communication time in one round

of the gradient using only three values -1, 0, 1, thereby
substantially improving communication efficiency in
distributed deep learning.

In cross-organizational federated learning in WANSs,
dynamic network heterogeneity exacerbates the strag-
gler problem, where certain nodes become system
bottlenecks due to network limitations, negatively
impacting overall FL performance [12], [13], [14].
Existing methods fail to adequately account for the
need for personalized quantization strategies in dy-
namic and heterogeneous network environments and
utilize available bandwidth of individual nodes when
making quantization adjustment.

As shown above, existing studies exhibit limitations
in addressing the challenges posed by WAN het-
erogeneity, particularly in balancing communication
efficiency and model accuracy in dynamic environ-
ments. This motivates our work to take account the
node heterogeneity in dynamic network environments
and adaptively adjust gradient transmission strategies
based on network bandwidth to optimize FL perfor-
mance by balancing communication efficiency and
model accuracy.

III. PRELIMINARIES
A. Problem Formulation

In this section, we provide a detailed definition
of the problem to be addressed in the context of
cross-organizational federated learning and present the
corresponding system model. To facilitate understand-
ing, key notations used throughout this study are
summarized in Table 1.
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In a cross-organizational federated learning system,
all participating DCs use the same machine learning
model for training[15], [16]. These models share the
same loss function I(w, z), where w € R? represents
the model parameters (variables to be optimized), z is
a sample randomly drawn from the dataset D.

Assume the system contains N DCs participating
in training, and DC; has a local dataset D;. These
datasets satisfy the following conditions:D; is a par-
tition of the global dataset D, that is: Ui\il D;, = D.
This indicates that the data held by all participants
together covers the entire global dataset. Different
data partitions D; and D; are mutually exclusive.
Specifically, for i # j, we have D; N D; = ().

Under this context, all DCs use their local datasets
D; to participate in training. However, the goal is to
collaboratively optimize a unified global model w. To
train this global model, the practical problem to solve
is as follows [17]:

min F(w) = E,.p[l(w, 2)]

w

ey

where F'(w) is the global objective function, rep-
resenting the expected loss over all samples z. The
goal is to minimize this expected loss by adjusting
the model parameters w.

In this work, since the data is stored in a distributed
manner and each data center holds an independent
subset D;, the PS cannot directly access the com-
plete global dataset D. Consequently, a distributed
optimization algorithm is required to minimize the ob-
jective function. In this paper, we employ Distributed
Stochastic Gradient Descent (SGD) [6] to find the
optimal parameters w* that minimize the objective
function F'(w) presented in Eq. (1).

In the ¢-th round of training, each data center DC}
computes the local gradient g using its local dataset
D; by the following formula [18]:

Y Vol 2)

z€D;

P = 2
gt | Dz| ( )
where |D;| represents the number of samples in the
local dataset at data center i, and V,,[(w}, z) denotes
the gradient of the loss function with respect to
the current model parameter w! for sample z. The
computation of local gradients is performed entirely
within each respective node to ensure that data privacy
is not compromised.

Due to the high communication cost between nodes
in distributed systems, the locally computed gradient
g: is quantized to reduce communication bandwidth
consumption. We design the random quantization
method in this work based on the approach presented
in [19], which is an advanced quantization technique.
The quantization process is represented by the func-
tion Q4(gi), and the quantized gradient is denoted as
g:. The specific implementation of the quantization
method will be discussed in subsequent sections.

After aggregating the quantized gradients g from
all data centers, the global aggregated gradient g,
% Zf\; g.. Through the aggregation operation, the
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computational contributions of all data centers in the
distributed system are integrated into the global gra-
dient g;. The cross-organizational federated learning
system utilizes the globally aggregated gradient g;
received by the parameter server to update the global
model parameter. The update formula for the model
parameters is as follows:

3)

In federated learning systems, the training process
typically concludes when the loss function value
F(wr) of the model reaches a predefined threshold
thr. This threshold is used to measure whether the
performance of the global model meets expectations.
Let 7/ represent the communication time between data
center DC); and PS during the ¢-th training round. To
improve communication efficiency during training and
ensure model performance, we need to minimize the
total communication time of the data center with the
longest communication time across all training rounds,
thereby reducing the impact of communication bottle-
necks. Mathematically the problem can formulated as
follows:

Wiyl = W — Nt - Gt

st. F(wr)<thr (4)

Because data centers typically possess substantial
computational power, local computation time can be
deemed negligible compared to communication time.

Given that communication delays constitute the
primary bottleneck in cross-organizational federated
learning systems, the method proposed in this paper
focuses on minimizing communication delays. This
ensures that the federated learning system can achieve
efficient model training in distributed environments.

B. Hierarchical Federated Learning

Considering that data in cross-organization feder-
ated learning is not only distributed across different
DCs but may also follow a distributed learning struc-
ture within each organization, the combination of such
federated learning with edge computing systems rep-
resents a practical application scenario of hierarchical
federated learning [20], [21]. In this context, different
layers of the hierarchical structure correspond to vari-
ous levels of nodes within the edge computing system.

Lumin et al. [22] proposed an efficient distributed
training framework for FL. Based on the framework
of [22], we adopt the hierarchical training architecture
depicted in Figure 1. The upper layer consists of a
Global Parameter Server (GPS) and distributed DCs,
which are responsible for managing global model
parameters across organizations and coordinating the
training process. In the lower layer, each DC is further
divided into a Local Parameter Server (LPS) and
multiple Clients. The LPS acts as the coordinator
within the data center, aggregating computation results
from the clients and communicating with the GPS.

As is shown in Figure 1,the training process of
cross-organizational federated learning involves the



IFIP Networking 2025 - Limassol, Cyprus - 26-30 May 2025

Data Center N

Q,®

¥ Data Centerz \

@E ]
gu)s ®

@@
® (0]

& o

Fig. 1. Training Architecture of Hierarchical Cross-Organizational
FL

following steps: 1) Client servers calculate the gra-
dients based on their local datasets, ensuring that the
computation reflects the data available;

2) Once local gradients are computed, client servers
transmit them to the LPS;

3) Upon receiving the gradients, the LPS aggregates
them from all client servers;

4) The LPS sends the quantized gradients, derived
from local aggregation, to the GPS;

5) Upon reception, the GPS aggregates and applies
quantization to the gradients;

6) Following this, the LPS updates its local model
accordingly;

7) Client servers update their local models for
subsequent operations.

IV. GRADIENT QUANTIZATION LEVEL
DEDERMINATION

This section describes the core process of stochastic
gradient quantization andbandwidth-aware adjustment
mechanism used in our algorithm.

A. Stochastic Gradient Quantization Process

Assume that Q4(-) is the operator for the quan-
tization process, where s represents the quantization
level, indicating the discretized intervals of the ladder
values. For a non-zero vector g with quantization level
s, Vg € Rn,g # 0.

The quantization process Qs(g) is defined as [23]:

Qs(9:) = |lgllp - sign(g:) - £(gi 5) Q)

where g; ris the i-th component of the vector g, ||g||,
is the [, norm of the gradient g used to normalize
the magnitude of the gradient, sign(g;) is the sign
function of the gradient element g; used to retain
directional information of the gradient (positive or
negative), £(g;, s) is an independent random variable
used to perform stochastic quantization of the normal-
ized unsigned gradient value.
&(gi,s) maps the normalized gradient magnitude
|gﬁ‘p into the discrete quantization interva‘l d‘eﬁned as:
I+1 ; i gi

(gi,5) = l?, with pr.obablllty 5 el ©)
< otherwise

lg
£
where [ is the lower bound of the quantization interval,

satisfying 0 <[ < s and ”‘gﬂ‘p € [é, %] s represents
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the quantization level (number of intervals), which
determines the precision of the quantized values. Hléf\lp
is the normalized gradient magnitude, reflecting the
relative importance of the gradient component g;
within the overall gradient g.

From a theoretical perspective, the introduction
of quantization methods serves as a compression
technique aimed at reducing communication costs.
However, without proving its fairness, the validity
and correctness of optimization algorithms under such
compression cannot be guaranteed.

B. Quantization Level Determination

To effectively control communication data volume
in a federated learning system, we need to dynami-
cally determines an appropriate quantization level s;
for each DC:. s; determines the discretization degree
of the gradients and the precision of data representa-
tion, which directly impacts the quantization bit-width
b; of each gradient component during communication.
BA-DAGQ adjusts s; in real-time to accommodate
bandwidth variations across various DCs and the GPS,
with the objective of ensuring uniform data transmis-
sion times between the GPS and each DC, all while
preserving the overall training accuracy at a global
level. Let ng be the number of gradients.

To achieve the same communication time 7' across
all DCs, it is sufficient to set b; of DC; to satisfy
T, = blgﬂ That is b; = % Because T; > 1, we
set T; = « for all 4, which is determined by system
requirement. So we have

O[Bi
Ng

b =1 1, 1<i<N. (7

In gradient quantization, an unsigned gradient can
be discretized into 2s; + 1 signed values. The required
bit-width b; satisfies:

CYBZ‘

Mg

b =[—1] = [logy(2s; + 1)]. (8)

which demonstrates a direct connection between the
gradient discretization precision and the communica-
tion cost. The quantization level s; can be determined
by Eq.(10):

aB
ng

SZ:2|— -1

—1. 9

In a WAN environment, because bandwidth B;
varies dynamically and communication links are
asymmetric, each DC measures its uplink and down-
link band-width separately.

To accurately capture bandwidth variation trends
and adjust the quantization strategy accordingly, the
BA-DAGQ system incorporates a lightweight band-
width measurement model called the Probe Gap
Model (PGM). The probing packet mechanism of
PGM can be periodically triggered to capture real-
time bandwidth changes.
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V. ALGORITHM DESCRIPTION

A. Framework of BA-DAGQ

The BA-DAGQ framework employs a three-tier
parameter server architecture, where the upper layer
consists of the GPS and multiple DCs. The lower layer
includes the LPS and Client Servers within each DC,
taking a single LPS as an example, the framework of
BA-DAGAQ is illustrated in Figure 2. Client Servers

Aggregation and
global model update

GPS

Updating Wi ﬂ Broadcasting w}

Updating . Updating w}, |

e

Measuring Quantization o

B, B ey (g |
bandwith o

LPS

adcasting w/ Broadcasting w,

..............

Client Sever 1

Client Sever j

Fig. 2. Framework of BA-DAGQ

compute local gradients and upload them to the re-
spective LPS in their DC. The LPS then aggregates the
received gradients and applies the quantization method
described in Chapter 4 to the aggregated gradients.
The quantized gradients are subsequently sent to the
GPS, which performs further global aggregation and
quantization of the gradients, generating the updated
global model parameters and transmitting them back
to the LPS. The LPS retrieves the updated global
gradients from the GPS, utilizes them to update the
local model parameters, and subsequently broadcasts
the updated model parameters to the Client Servers,
which then employ these parameters to update their
respective local models.

Communication is carried out over an LAN within
each DC and the WAN environment between DC and
GPS. Given the higher bidirectional bandwidth within
DC, the communication cost between the LPS and
Client Servers is not within the scope of optimization
in this work. The primary focus of BA-DAGQ is to op-
timize the communication efficiency by dynamically
adjusting the quantization bit-width to accommodate
varying bandwidth conditions.

B. Algorithm of Client Servers, LPS and GPS

Algorithm 1 illustrates the workflow of client
servers in the BA-DAGQ framework. Client servers
retrieve initial model parameters from their LPS and
partition the local dataset into mini-batches. During
training, they compute gradients locally, upload them
to the LPS, and update their model parameters using
the aggregated results from the LPS for the next
training round. This process ensures decentralized gra-
dient computation and model updates in a hierarchical
structure.
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Algorithm 1 BA-DAGQ (Client Server j in DCq)
Input: 7'k, D; N
Output: Updated local model parameters w,’,

1: Pull parameters wg from LPS of DC 1;
D < Divide D; into mini-batches of size k;
for ¢ in upper limit do

for d € D do B B

Compute local gradient: g <« g +

ﬁ Zzed vwzl(wg> Z);

end for

Upload g;’ to LPS;

Pull updated parameters wj,; from LPS;

Update local parameters: wy’,; < wj1;
end for

S0 2D

—_

Algorithm 2 BA-DAGQ (LPS %)

Input: 7', by, .

Output: Updated parameters w; ,; broadcast to client
servers

1: Measure B; between DCi and GPS using a
lightweight probing algorithm (e.g., IGI);

2: Transmit B, to the GPS for further processing;

3: Retrieve the minimum quantization bits By, and
the initial parameters w; from the GPS;

4: Broadcast w; to all client servers in DC ¢;

5: fort=1to T do

6: for j =1to M, do

7: Collect g;’ from lient server j;

8: end for

9: Aggregate  gradients at LPS:g! —
1 ZMl gij.
M; j=1Jt >

10: Calculate quantization level s; using: s; <
2bi=1 — 1, b+ ’mein ) % ;

11: Quantize the aggregated gradient: gi
Qs(91); )

12: Upload g; and B; to GPS;

13: if £ mod § = 0 then

14: Pull w4, from GPS;

15: Update parameters at LPS: w} 11 & Weta;

16: else

17: Retrieve the updated parameters w1 and
the minimum quantization bits from the GPS;

18: Subsequently, update the parameters at the
LPS using the formula: w;,; < wi — 1 - g3;

19: end if

20: Broadcast w}; to all client servers in DC 4;

21: end for

Algorithm 2 shows how the LPS operates within
a DC to manage bandwidth measurements between
the DC and GPS and dynamically adjust quantization
levels based on the available bandwidth: It collects
gradients from client servers, aggregates them, and
performs gradient quantization before sending the data
to the GPS. It also updates local model parameters
based on the GPS feedback and broadcasts them back
to the client servers. This process balances local com-
putation and global synchronization while adapting to
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network heterogeneity.

Algorithm 3 provides a detailed description of the
training process carried out by the GPS in the BA-
DAGQ framework. At the beginning of training, the
GPS employs the IGI algorithm to assess the available
bandwidth between itself and each DC, and it con-
tinuously updates this bandwidth information during
the entire training process. The GPS initializes model
parameters and broadcasts them to all LPSs, while
continuously measuring bandwidth across all DCs.
During training, it collects quantized gradients from
LPS, computes the global gradient, and updates the
global model parameters. Quantized updates are then
sent back to LPSs. Periodic synchronization of global
parameters ensures consistency across all data centers
while adapting to bandwidth constraints to optimize
communication and computation.

Algorithm 3 BA-DAGQ (GPS)

Input: T (total iterations), N (number of LPS), bpin
(minimum quantization bits)
Output: Updated global parameters w; 41
1: Measure bandwidth B, (from GPS to each DC 7)
using a lightweight probing algorithm;
2: Collect B; from all LPS (bandwidth from LPS i
to GPS);
: Compute: By, + min(B;),

3 Bl < min(Bj);

4: Initialize w; with initial parameters;

5. Broadcast B, w; to all LPS;

6: fort =1to T do

7: for i =1to N do

8: Pull quantized gradients §i and B; from
LPS i;

9: end for

Update: By, < min(B;);

11: Aggregate global gradients: g; < + Zl NiE

12: Retrieve the global parameters as Eq.(3);

13: if t mod § = 0 then

14: Broadcast w1, Bmin to all LPS;

15: else

16: for i =1to N do

17: Calculate quantization level s; ;

18: Quantize global gradients for LPS 1:
gilt — Qs (.(h)? )

19: Push g; and By, to LPS ¢;

20: end for

21: end if

22; Update: B!, <+ min(B});

23: end for

C. Performance Analysis

Our three-layer BA-DAGQ adaptively adjusts the
number of quantization bits for gradients, striking for
a balance between communication cost and gradient
transmission accuracy.

Specifically, let the total communication cost with-
out quantization be denoted as Cl,.,. When each
gradient component is quantized with b-bit precision,
the gradient accuracy is denoted as FP,. The total
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communication cost and gradient accuracy of the
BA-DAGQ method are represented by Cpa-pace and
Pga.pacg, respectively. Additionally, let IV, represent
the total number of global gradient components trans-
mitted per training round, and Q(g) denote the b-bit
quantization operation on gradient g.

e Communication Cost Analysis: In the non-
quantized case, each gradient component is quantized
with a bit-width of by, typically 32-bit floating-point.
The total communication cost is C.q = Ny - by. The
communication time is inversely proportional to the
communication bandwidth B;:Tiommpo-q = é‘:“
N, bf ’

The BA-DAGQ method dynamically adjusts the
quantization bit-width b; for different data cen-
ters. The total communication cost iS Cpapagp =
Zl 1 Ny - b;. Here, b; is the quantization bit-width
for the i-th data center. The communpication time is
calculated as:7¢omm BA-DAGQ = Max; EN? In this

context, BA-DAGQ dynamlcally adjusts b; such that
all TiommBAa-DAGQ Values remain consistent, thereby
eliminating communication bottlenecks.

The communication cost reduction of BA-DAGQ
compared to the non-quantized case is expressed as:

N
Ei:l Ny - b;
Ny -by
o)
If we assume that the average quantization bit-width

of BA-DAGQ is bayg, then Reduction Ratio will be
bave

1— 2,
b

Cvno-q - C'BA-DAGQ

=1-
Ona-q

Reduction =

. Cfradient accuracy analysis: In the BA-DAGQ
method, the quantization bit-width b; used by different
DCs determines their precision levels. The overall pre-

cision level is the weighted average of the quantlzatlon

precision across all DCs: Pga.pacp = M

For a fixed gradient quantization methoci 1f Bivea
denotes the gradient transmission precision under
fixed quantization, the precision improvement ratio of
the BA-DAGQ method compared to fixed quantization
can be expressed as:

Psa-paco — Phxed

(1)

Improvement =
Phrea

Therefore, the adaptive quantization bit adjustment
mechanism of BA-DAGQ addresses the communi-
cation bottleneck in heterogeneous network environ-
ments, improving the accuracy of gradient transmis-
sion while ensuring communication efficiency.

VI. SIMULATION EXPERIMENT AND RESULTS
ANALYSIS

A. Experimental Setup

In the experiment, we simulate the hierarchical PS
architecture mentioned in Section 3.2 using multiple
processes. By configuring different path bandwidths
between DCs and the GPS, we replicate a heteroge-
neous and dynamic wide-area network environment.
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1) Simulation Platform Setup: The platform used
for experimental evaluation is a server workstation
running the Windows 11 operating system, equipped
with an Intel Core 19 14900K processor and an
NVIDIA® GeForce® GTX 4060 Ti graphics card, with
128GB of memory. The operating system is the Win-
dows 11 Workstation version, and the simulation code
is implemented using the Pytorch 2.3.0 framework.

In the experiment, we designed a system consisting
of five DCs, each equipped with two client servers,
one LPS and GPS to simulate the environment of
cross-organizational federated learning training. To
more accurately reflect the heterogeneity and dy-
namic characteristics of the wide-area network, the
bandwidth between the DCs and the GPS was con-
strained to range from 60Mbps to 960Mbps. The
initial bandwidth for each DC was set to 60, 120,
240, 480, and 960Mbps. The bandwidth varied within
a specific range, with the differences implemented
through corresponding CPU waiting times.

2) Dataset and Model: This study conducted
experiments using three commonly used datasets:
Fashion-MNIST[24], CIFAR-100[25], and Mini-
ImageNet[26]. The Mini-ImageNet dataset was pre-
processed following the method described in [23] to
adapt it for classification tasks, dividing the data into
training, validation, and test sets. For the Fashion-
MNIST dataset, a custom-designed CNN consisting
of two 5x5 convolution layers, each followed by a
2x2 max pooling layer, followed by a fully connected
layer with 512 units and ReLU activation, and a
final softmax output layer. For the CIFAR-100 and
Mini-ImageNet datasets, the widely used ResNet[27]
architecture was selected for experiments, including
ResNet18 and ResNet101 versions.

For the experiments, the mini-batch size was ini-
tially set to 132, and the weights and biases were
initialized randomly using a Gaussian distribution
with a mean of 0 and a variance of 0.1. The learning
rate was set to 1 x 1072, For the Fashion-MNIST
dataset, the training process was conducted for a total
of 100 epochs, while for the CIFAR-100 and Mini-
ImageNet datasets. The constant § was configured
to 10, it represents the interval of global parameter
synchronization.

Fig. 3. Radar chart of communication times of different quantiza-
tion schemes

3) Comparative Schemes and Performance Met-
rics: This section introduces three comparative algo-
rithms to evaluate the effectiveness of the BA-DAGQ
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method: @Baseline method: A standard distributed
system without gradient quantization or any optimiza-
tion strategies. @ [28]: Utilizes 1-bit quantization for
each gradient to minimize transmission bandwidth
consumption. @ [6]: Employs a 2-bit quantization
scheme for gradients transmitted from DCs to the
GPS, while keeping the 32-bit parameters returned
by the GPS uncompressed. @ [5]: Reduces gradient
precision to 4-bit representations for efficient commu-
nication.

We use three metrics to measure the performance
of the BA-DAGQ method in cross-organizational fed-
erated learning: Mcommunication time variance; @
model Top-1 accuracy; @convergence time. The vari-
ance in communication time between different DCs
and the GPS indicates the varying communication
costs across DCs, providing insights into the extent of
the straggler problem. Model test accuracy represents
the ratio of correctly classified samples after inference
to the total number of samples in the test dataset, and
is typically used to measure the model’s generalization
ability. For convergence time, the convergence crite-
rion is set as follows: if the objective value changes by
less than 1% over 20 consecutive training epochs, the
model is considered converged. To ensure consistent
convergence results, the same initial model is used for
each algorithm in different experiments.

B. Experimental Results and Analysis

This section validates the BA-DAGQ method based
on the experimental settings described above. The
communication time variance between DCs and the
GPS during one training cycle was analyzed for dis-
tributed training across different datasets. As shown in
Figure VI-A2, it illustrates the logarithmic-scale radar
chart of the communication time variance.

The experimental results demonstrate that BA-
DAGQ achieves significantly lower communication
time variance on the Fashion-MNIST dataset. Com-
pared to the other four baseline methods, BA-DAGQ
reduces the communication time variance. Similar per-
formance improvements are observed on the CIFAR-
100 and Mini-ImageNet datasets.

During local model training using the BA-DAGQ
method, the communication times among DCs remain
highly consistent within each training cycle. This
demonstrates that BA-DAGQ’s bandwidth-adaptive
gradient quantization strategy effectively mitigates
the straggler issue. Moreover, the method exhibits
efficient utilization of bandwidth resources. Unlike
other approaches, where faster DCs experience idle
time waiting for stragglers, BA-DAGQ leverages the
surplus bandwidth on high-speed paths by transmitting
higher-precision gradients. Consequently, BA-DAGQ
method proves to be particularly suitable for cross-
organizational federated learning tasks in bandwidth-
constrained wide-area network environments.

Figure 4 illustrates the curves of model Top-1 accu-
racy over time, with the dataset and training networks
divided into three subplots. The experimental results
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Fig. 4. Comparison of Model Top-1 Accuracy Over Training Time

show that all curves exhibit an increase in model Top-
1 accuracy over time during training. However, in
each subplot, the red curve consistently lies above the
others, indicating that BA-DAGQ converges the fastest
among all quantization methods. Although in Figure
3(c), the growth rate of the 4-bit QSGD curve initially
resembles that of BA-DAGQ, ourmethod achieves the
same Top-1 accuracy more quickly than the 4-bit
QSGD and surpasses it in accuracy by the end of the
training. Furthermore, because BA-DAGQ transmits
less traffic over bandwidth-limited links, it places less
burden on the network compared to the other four
methods. Overall, the BA-DAGQ method significantly
reduces the communication time per epoch and mini-
mizes gradient precision loss.

The convergence time speedup of BA-DAGQ com-
pared to other quantization methods across three
datasets is shown in Figure 5. BA-DAGQ achieves
a 4.80x speedup over the baseline on the Fashion-
MNIST dataset, a 1.77x speedup on CIFAR-100
(ResNet101), and a 1.57x speedup on Mini-ImageNet
(ResNet18). When compared to other quantization
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methods, BA-DAGQ demonstrates acceleration fac-
tors ranging from 1.18x to 21.31x over 1-bit SGD,
1.19x to 7.10x over TernGrad, and 1.13x to 3.17x
over 4-bit QSGD. This remarkable performance im-
provement is attributed to BA-DAGQ’s ability to
reduce communication time and efficiently utilize
bandwidth resources, thereby achieving superior train-
ing performance and faster convergence within fewer
training cycles.

Table II summarizes the numerical results Table
1 summarizes the numerical results from training
various models on their respective datasets. The table
primarily compares the differences in Top-1 accuracy
and convergence time speedup between BA-DAGQ
and other quantization methods.

ni-TrmageNe _E
(ResNet18)

CIFAR-100 |
(ResNet101)

Fashion-MNIST | ]

(CNN)

Mi 0 4-bit QSGD

EEE BA-DAGQ

o 1 2
Convergence

3 a H
Time Speedup

Fig. 5. Results of convergence time speedup comparison

The experimental results demonstrate that BA-
DAGAQ exhibits superior performance across all three
datasets. By optimizing communication efficiency and
bandwidth utilization, it successfully reduces commu-
nication time while maintaining model performance,
providing a viable solution for achieving more effi-
cient cross-organizational federated learning in dis-
tributed training environments.

VII. CONCLUSION

In this paper, we proposed a bandwith-aware adap-
tive gradient quantization algorithm (BA-DAGQ) to
address the communication bottlenecks and hetero-
geneous bandwidth challenges in cross-organization
federated learning (FL) networks. BA-DAGQ enables
flexible gradient quantization across data centers ac-
cording to real-time available network bandwidth and
dynamic adjustment of discretization bit-width to syn-
chronize communication times to achieve a desirable
balance between communication cost and gradient
accuracy. We demonstrate the supriority of our BA-
DAGQ method to existing work through extensive
empirical evaluations on FL datasets and show that
BA-DAGQ can significantly reduce communication
overhead while maintaining high model accuracy.
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TABLE II
COMPARISON OF TOP-1 ACCURACY AND CONVERGENCE TIME ACROSS DIFFERENT METHODS

[ Training Dataset and Model | Quantization Method |

Top-1 Accuracy

[ Convergence Time Speedup |

Baseline 91.33% 1.00x

1-bit SGD 90.76%(-0.57%) 1.56 %

Fashion-MNIST (CNN) TernGrad 86.95%(-4.38%) 329X
4-bit QSGD 9T.12%(-0.21%) 317X

BA-DAGQ 91.48% (+0.15%) 4.80%

Baseline 75.41% 1.00x

T-bit SGD 40.32%(-35.09%) 0.37X

CIFAR-100 (ResNetl101) TernGrad 56.75%(-18.66%) 0.28%
4-bit QSGD 75.90%(+0.49%) 0.76 X

BA-DAGQ 77.86% (+2.45%) 1.77%

Baseline 67.95% 1.00%

T-bit SGD 61.83% (-6.12%) T.18%

Mini-ImageNet (ResNet18) TernGrad 62.76%(-5.19%) 1.32%
4-bit QSGD 65.13%(-2.82%) 0.9TX

BA-DAGQ 67.60%(-0.35%) 137X

fca.732d.c58c.6). The correcponding author is
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