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Edge computing in federated learning based on centralized architecture often faces communication constraints
in large clusters. Although there have been some efforts like computation-communication overlapping and fine-
granularity flow scheduling towards how to reduce the communication cost, this is still a matter of ongoing
research. Motivated by the underutilization of bandwidth among workers (edge devices) and the replication of
deep neural network (DNN) model distributions in data-parallel federated learning, we propose OWL, a novel
worker-assisted server bandwidth optimization method. OWL partitions numerous computation branches into
groups based on the model’s network topology, allowing for overlapping model distribution and computation
among workers, thereby leveraging idle communication resources on the workers to compensate for server
bandwidth. To address the issue of model distribution congestion on the server, we formulate group partition
as an optimization problem, which proves to be NP-hard. We tackle this problem through a divide-and-conquer
approach employing an approximation grouping algorithm and a deploying algorithm. Finally, we evaluate the
performance of OWL through simulations and a comprehensive real-world case study involving model training on
OWL and deployment on edge systems. Experimental results demonstrate that OWL reduces overall training time
by up to 20%-69% and improves scalability by over 9.5% compared to state-of-the-art overlapping approaches.

1. Introduction

Deep learning (DL), a subfield of machine learning (ML), has demon-
strated remarkable success across various applications, including super-
resolution [1], object detection [2,3], recommendation system [4], In-
ternet of Things [5,6] and Large Language Model (LLM) [7,8]. In DL,
deep neural network (DNN) [9] models achieve high accuracy through
the use of deeply layered structures with many parameters [10]. Train-
ing large DNN models typically requires numerous accelerators (such as
GPUs) and a substantial amount of training data, along with prolonged
runtime [11], which poses a significant cost barrier for researchers.
For example, training a GPT-3 model [12] on 1024 A100 GPUs is es-
timated to take more than one month [13]. Meanwhile, the increasing
regulations on data privacy [14] restrict data from leaving the source.
However, as the storage and computational capabilities of the “work-
ers” i.e. edge devices within distributed networks grow, it is possible
to leverage enhanced local resources on each worker. This has led to a
growing interest in federated learning, which explores training statisti-
cal models directly on remote workers.

* Principal corresponding authors.

In recent years, federated learning methods have been increasingly
adopted by major service providers [15] and play a critical role in
supporting privacy-sensitive applications where the training data are
distributed among workers. One widely adopted framework for feder-
ated learning is the conventional centralized architecture [16]. In this
architecture, a group of workers independently trains locally collected
datasets and exchanges model parameter updates, typically represented
as gradients, through a centralized server. The conventional central-
ized architecture effectively decentralizes the computational burden of
model training to the workers, resulting in substantial reductions in
training time. However, communication has become a critical bottle-
neck over the issue of model distribution congestion within the server [17].

Researchers have dedicated considerable effort to mitigating the con-
sequences of congestion in model distribution. On one hand, several
techniques have been developed to address this issue by reducing the
communication overhead through methods such as Gradient Quanti-
zation [18-20] and Sparsification [21-23], which aim to make DNN
models smaller. However, these approaches often result in compro-
mised model accuracy as they involve a fundamental trade-off between
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(c) The architecture of a nonlinear DNN
topologies

Fig. 1. Nonlinear DNN base and network architecture.

model size and accuracy [24,25]. On the other hand, the introduction of
computation-communication overlapping has been proposed to regulate
model updates and alleviate model distribution congestion. Unfortu-
nately, due to the linear increase in latency with the cluster size, model
distribution becomes the bottleneck in distributed learning.

It is evident that recent advancements in DNNs have moved be-
yond linear topology, with a growing preference for nonlinear archi-
tectures [26]. Prominent examples, such as transformer-based language
models GPT-4 [27] and PaLM [28], and convolution-based visual mod-
els ResNet [29], and DeepLabv2 [30], all exhibit nonlinear character-
istics. Nonlinear DNN topology encompasses layers where the forward
computation is independent of certain other layers. This means that the
computation of some layers and the parameter communication of others
can occur simultaneously, capitalizing on the unused physical network
bandwidth among workers. Fig. 1b provides an illustration of this con-
cept, where the communication between /, and /5 is unrelated to the
computation of /,. This overlapping capability presents an opportunity
to alleviate communication bottlenecks by leveraging the idle physical
network resources of workers.

In this paper, we introduce OWL, a novel worker-assisted server
bandwidth optimization method for federated learning. In OWL, our
approach revolves around dividing the nonlinear DNN topology into
distinct segments and managing their deployment. By partitioning the
parameters and distributing them among workers, OWL enables concur-
rent forward computation and parameter pulling from other workers.
This overlapping procedure creates an efficient overlap between differ-
ent workers’ tasks. Notably, this optimization is predicated on the as-
sumption that the computation graph remains unchanged. Compared to
conventional centralized federated learning architecture, OWL offloads
the responsibility of model distribution to specific workers, effectively
mitigating model distribution congestion.

Within this new architecture, an essential question arises: how can we
schedule parameter communication and computation effectively to acceler-
ate training while maintaining training accuracy? This question presents
two key challenges: 1) how to allocate model parameters in a man-
ner that balances the communication overhead between the server and
workers, and 2) how to schedule layer computation to expedite training.
Addressing the first challenge, OWL employs an approximation group-
ing algorithm that efficiently groups parameters of similar sizes. As for
the second challenge, OWL utilizes a deploying algorithm that opti-
mally schedules forward computation and parameter communication
to minimize training time while preserving accuracy. By tackling these
challenges, OWL aims to enhance training efficiency without compro-
mising the quality of the training process.

In summary, this paper makes three contributions:

» We demonstrate the issue of model distribution congestion in tradi-
tional centralized federated learning (§2.2). Through careful mea-
surement, we found that model distribution significantly increases
communication latency, even with overlapping communication and

computation between the server and workers. We use examples
to demonstrate that the idle bandwidth between workers, coupled
with the nonlinear characteristics of DNN models in federated learn-
ing, offers a wider space for a qualitative leap in overlapping strate-
gies (82.3).

We propose OWL (§3), a novel worker-assisted server bandwidth
optimization method for federated learning. OWL decentralizes
model distribution to specific workers and achieves communication-
computation overlap among workers. We formulate a model dis-
tribution scheduling problem (§4.1) that is proven to be NP-hard
(84.2). To address this, we design an approximation Grouping al-
gorithm (84.3) and a Deploying algorithm (§4.4) that minimizes
overall training time. We also provide implementation details of
OWL (8§5).

We conduct experiments using real traces (§6). We compare OWL
against the naive federated learning architecture and two state-of-
the-art overlapping DNN training systems. The experimental results
showcase the superior performance of OWL, with training speed
improvements of up to 20%-69%. Additionally, we present a real-
world case study involving the implementation of a face-recognized
punch clock trained using OWL (§7).

2. Background and motivation
2.1. Background on DNNs training in federated learning

DNN Topology. Modern DNNs have evolved to consist of up to hun-
dreds of layers, including input layers, hidden layers, and output layers.
Recent advances show that DNNs are usually composed together in a so-
phisticated non-linear neural network. Programming frameworks such
as TensorFlow/MXNet express DNN computation as a dataflow graph,
as the layers no longer form a chain, but contain branches, joins and un-
rolled loops [26,31,32]. As a result, there are many different potential
schedules for executing operators. If a DNN is organized in a directed
graph, where each node represents one layer of the neural network, and
the edges represent dependency among layers, nonlinear topologies in-
clude branches shown as Fig. 1.

Definition 1 (Branch). Given a set of layers £ = {/;},i = 1...T (specially,
/, and I/ represent the input layer and the output layer respectively),
N is the set of links. A link (/;,/;) € N represents that /; has to be
processed before /;, and /; feeds its output to /;. A branch of L is defined
as B=(l,,...,1,), where m < n. A branch of £ and N should meet the
conditions: 1) (;,1;,),Vi € [m,n); 2) (I1,1,) € N5 3) (I,..I7) € N; 4)
;1)) € N.Vi € (m,n), j & (m,n)

Fig. 1b shows the directed graph of the nonlinear Inception base
network [33] in Fig. 1a. The Inception network includes four branches:
(I, 13), (), Us,1g), and (17,13, g).
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Fig. 2. An example application of federated learning. The number of workers are 3, and the load is a partial dataflow graph of a model.

Based on the definition of the branch, we can formally define Non-
linear Base as follows:

Definition 2 (Nonlinear Base). Given a set of layers £ = {/;},i =1..T
(specially, /| and / represent the input layer and the output layer re-
spectively) and the set of links N'. We define the set of branches as
B={B,,B,,..., By}, and b; is the number of layers in branch B;.

Let £, ={I.1], ..

must belong to only one branch, thus we have

,li} } be the set of layers of branch B;. Each layer
J

L;=L m

m

(.

LinL;=0Vi#jAi=12,...mAj=12,....m @
Then we can formally define Nonlinear neural network as follows:

Definition 3 (Nonlinear neural network). Given a base set Base =
{base;},i =1...Z, a nonlinear neural network is defined as:

Nonlinear = (base|, base,, ..., base )

where the output of base; is the input of the base, ;. N onlinear includes
at least one nonlinear base network.

Fig. 1c shows a neural network including 4 linear or nonlinear bases.
Different kinds of base networks are linked with each other, making the
architecture complex.

An Overview of Federated Learning. The key idea of federated learn-
ing is to allow distributed workers to collaborate and train an DNN
model without sharing their private data, therefore preserving the data
privacy of participating parties. Federated Learning emerged as a solu-
tion to the challenges posed by both centralized and distributed learning
models. As shown in Fig. 2, the server maintains the latest parameter
updates. Once the server collects gradients from all workers, it proceeds
to update the model accordingly. Subsequently, the workers retrieve the
updated parameters from the server and engage in forward and back-
ward computations. The training process involves iterative execution of
the following three steps until the model achieves convergence: 1) Global
Model Distribution: The parameters residing in the server are distributed
across all workers. This step ensures that each worker possesses the lat-
est parameters before the next iteration. 2) Local Model Update: Within
this step, each worker with the same DNN load independently computes
gradients based on local data and allows for personalized model up-
dates. 3) Global Model Aggregation: The server aggregates the gradients
calculated by all workers and updates the model parameters through
ALL-Reduce.

Expensive Communication. The primary challenge of federated learn-
ing is the communication bottleneck, which arises from the limited

bandwidth available for communication. When the server receives a
substantial number of communication requests from workers, it can
severely impact system performance, potentially resulting in reduced ef-
ficiency during training. Several existing studies [34,35] have aimed to
optimize the current architecture by exploring different approaches. One
such method is communication and computation overlapping, which
helps alleviate the communication bottleneck [36][37]. The two key in-
dependencies present during the training process pave the way for two
types of overlap: 1) The parameter communication W is independent
of the forward computation L;, where i denotes the layer indices. 2)
The gradient communication G; is independent of the backward com-
putation B;. In this paper, we focus on the overlap between parameter
communication and forward computation. However, with the explosive
growth of DNN model parameters, the potential proliferation of workers,
and the enhanced capabilities of GPUs/TPUs, network communication
relying solely on server bandwidth may be several orders of magnitude
slower than local computation, even with overlapping methods. In the
following, we present a measurement study to illustrate the problem
that needs to be addressed and to validate the feasibility of our pro-
posed solution.

2.2. Measurement study

Measurement Setup. Each worker was equipped with a GeForce RTX-
3080 GPU and a 1Gbps Ethernet connection. The workers were intercon-
nected using a HUAWEI Ethernet switch S1700-24GR and operated on
Ubuntu Server 20.04 with Linux kernel 4.4.6. We trained four different
models using a method that overlaps communication and computation
between the server and workers: Inception V4 [33], DFN [38], Resnet50,
Resnet 101 [39]. All experiments were conducted using Pytorch 1.9.0.
Impact of Communication. The delay time percentage of the full train-
ing time is depicted in Fig. 3a as the number of workers increases. The
presence of homogeneous hardware results in similar training progress
across workers, and before each new epoch, the server must replicate
and send the updated parameters to each worker, leading to physical
network congestion on the server and creating performance bottlenecks.
The impact of communication on training time is illustrated in Fig. 3b,
where the average communication time and other time components
per training step are shown for the Inception V4, DFN, Resnet101 and
Resnet50 models. Note that the communication time here does not in-
clude the overlap time. It can be observed that communication time
significantly contributes to the overall training time, particularly with
the Inception V4 and Resnet101 load. In the case of DFN, although the
communication time is relatively shorter, it still accounts for a substan-
tial portion of the total training time, representing approximately 32%
of the effective time used for model training. This indicates that over-
lapping computation and communication solely between the server and
workers cannot cover the expensive communication overheads.
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Fig. 3. Communication bottleneck in federated learning.
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(b) Computation and communication overlap strategy with worker assistance but no scheduling branches
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(c) Computation and communication overlap strategy with worker assistance and scheduling branches

Fig. 4. Different schedule base on computation and communication overlap strategy for a dataflow graph.

Discussion. It is clear that the issue lies in the limited server bandwidth
and the need to infinitely replicate and send parameters. Fortunately,
the idle bandwidth between workers, coupled with the nonlinear char-
acteristics of DNN models in federated learning, can turn this situation
around, offering a wider space for a qualitative leap in overlapping
strategies.

2.3. Potential approach

Example. We use an example to demonstrate how the strategy of
overlapping computation and communication, enabled by worker-
assisted scheduling, affects the utilization of physical network band-
width in federated learning, thereby influencing training speed. This
example is a simple federated learning application, with its load de-
rived from a portion of the data flow graph of a toy neural net-
work, as illustrated in Fig. 2. This branching structure is common
in modern CNNs (see Fig. 1). We only shows the forward compu-
tation and omits the backward part. The computation performed in

the layer is labeled as L,,,, and the parameters transmitted for L,
are labeled as W,, where the value of x represents the layer in-
dex, and the quantity of x indicates the corresponding worker. To
elucidate the issue more clearly, assume the server and all workers
have equal network bandwidth (reasonable in scenarios with an ex-
plosive increase in workers), executing an L, or an W, requires
one unit of time (7). The latest updated parameters initially reside
on the server and must be transmitted to the workers before being
used.

There are many ways to allocate parameters and schedule layer
computation for Fig. 2. Fig. 4(a) shows an optimal example where com-
munication solely relies on server bandwidth, with no assistance from
workers, overlapping with the forward computation of load. We show
two examples enabled by worker-assisted scheduling: in Fig. 4(b), all
workers perform forward computation following the same layer exe-
cution sequence, from L;,L;,L;; to L;, Ly;, Ly77; in Fig. 4(c), the
workers utilize the nonlinear characteristics of DNNs to perform forward
computation with different layer execution sequences. As communica-
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Fig. 5. The OWL system.

tion is duplex and concurrent with GPU execution, each table’s 3 rows
give the timeline of actions for GPU computation, Transmission param-
eters from server to worker, and Transmission parameters from worker
to worker respectively, where T, =T, for T, =T}, ..., T,.

Let’s contrast Fig. 4(a) and Fig. 4(b) to see why parameters alloca-
tion affects training speed. Both (a) and (b) have the same execution
sequences. However the total execution time of (a) is 8 units time (7')
longer than that of (b). It can be observed that the idle bandwidth of
the workers compensates for part of the server’s bandwidth and over-
laps with its communication as seen during the 7, interval.

We contrast Fig. 4(b) and Fig. 4(c) to see why layer computation
scheduling affects training speed. Both (b) and (c) use the idle band-
width of the workers to compensate for the server. However, due to
further communication overlap in (c), it takes 4 units of time (7") shorter
than (b). Certain time intervals in (c), such as T3, T}, Ty, and T, exhibit
not only the overlap of worker-to-server and server-to-worker commu-
nication as in (b) but also direct communication overlap among workers
themselves. This significantly improves communication efficiency. For
instance, during the T3 interval, W;, W,, and W, are transmitted to
their respective workers simultaneously. Subsequently, during the T,
interval, L,;, L,, and L,y can be computed simultaneously, benefiting
from the nonlinear characteristics of modern DNNs.

Our approach. Since parameters allocation and layer computation
scheduling critically affect training speed, we derive a training plan (aka
which parameters are transmitted and when via leverage the features of
nonlinear DNN load and available bandwidth between workers) assum-
ing a given dataflow graph as well as a corresponding worker-assisted
scheduling (84). Specifically, the training plan optimizes computation
and communication overlap by obtaining parameters of each layer from
the server as early as possible and having the worker share the obtained
parameters as much as possible.

We search the space of possible parameters allocation and layer com-
putation scheduling to find a combination with the best training speed.
Instead of using manual heuristics to constrain and guide the search,
we adopt the Grouping Algorithm to search for a good combination of
parameter allocation and layer computation scheduling. Grouping Algo-
rithm has been used for NP-hard combinatorial problems and scheduling
in parallel systems. We chose Grouping Algorithm among other search
heuristics (e.g. colony systems, genetic algorithms and M-GRASP) be-
cause it is fast: Grouping Algorithm can be parallelized and computed
efficiently on multicore CPUs. However, real-world model configura-
tions and physical deployments can introduce additional complexities.
For example, the number of branches may not match the number of
workers, and GPUs might be deployed in rack servers where intra-rack
bandwidth is typically larger than inter-rack bandwidth. When work-
ers and servers span multiple racks in cloud-based training, significant
delays can occur. Several studies have focused on designing parameter
servers that are aware of the physical network topology. For instance,

SwitchML [40] designed a system that supports multiple racks by hierar-
chically composing several instances of switch logic. However, no prior
research has fully leveraged available bandwidth to achieve commu-
nication overlap among workers. We utilize deploying algorithm that
optimally schedules forward computation and parameter communica-
tion to minimize training time while preserving accuracy.

3. Design overview

The OWL system (see Fig. 5) follows a centralized architecture. It
consists of a server and multiple racks (a standardized frame or cabinet
used for mounting and organizing computing equipment) each of which
contains homogeneous GPUs (i.e., workers). On each rack, it has a Rack
State Monitor to estimate the forward/backward computation time of
each layer on the GPU. It also has a Deploy Executor to execute the
deploy setting.

On the server-side, OWL has a System Monitor to estimate Training
Information including the inter-rack/intra-rack bandwidths and rack in-
formation like GPU numbers and rack numbers. The cores of OWL are
a Branch Group Generator and a Group Deployer. The branch group
generator collects the training information and runs the grouping algo-
rithm (details in §4.3) to partition each nonlinear base of the DNN into
groups with the branch as a unit. The group deployer takes the groups
information as input and runs deploying algorithm (details in §4.4) to
compute deploy setting that determines how to distribute the generated
groups to workers, with the objective of minimizing the overall training
time.

The workflow of OWL is as follows: when a training task arrives in
the OWL system, the rack state monitor estimates the forward/back-
ward computation time of each layer by running the forward/backward
on GPUs. Note that layer-wise training time is the main constraint which
is supposed to be smaller than the communication time in deployment.
After that, the system monitor estimates the training information and
sends it to the branch group generator. Then the branch group genera-
tor computes groups. The group deployer computes the deploy setting
taking the groups as input. Finally, deploy executors in workers execute
parameter communication and training in GPU.

4. Model distribution optimization
4.1. Problem formulation

4.1.1. Nonlinear neural network modeling

We consider a nonlinear neural network N, = (N].N,, ..., N ).
For every base network N;, M; is the branch number of N; and B; =
(B, B;, s ng_} denotes the branches of N;. Noted that linear base
network can be considered as a one branch nonlinear base network. B;

should meet the condition:
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Correspondingly, the data size of branch B is d;.

4.1.2. Cluster modeling

We focus on the GPU rack server in this paper. A rack is a kind of
GPU server. The difference between the conventional GPU server and
the rack server is that the bandwidth between racks and in racks is
different. Bandwidth in racks often goes with PCle or an independent
switch that has a higher speed. To formulate the communication time
in rack architecture, we consider a rack cluster R = {R,...,Rc}. For
eachrack R;, R; = {g;, ’g;, } denotes GPUs in rack R;. A GPU repre-
sents a worker.

Bandwidth between racks and inside a rack is different in the
rack architecture. We notate bandwidth between racks as By,,, =
{B}) .. }:i.j € R, where B’ denotes the bandwidth between rack i

Inter
and rack j. Similarly, B;,,,, = {B}mm, ,B;’:ﬂa}.
4.1.3. Load constraints

In this section, we will focus on one nonlinear base network N,.
To simplify the representation, we eliminate the subscript r. In our
proposed potential method for federated learning, a complete training
process includes 6 phases: pulling part of the parameters from the server,
pulling the remaining parameters from the worker, forward computa-
tion, backward computation, pushing gradients, and model update. In
our proposed method, gradients pushing, the backward computation,
and model update for the nonlinear neural network is the same as the
conventional linear neural networks. So we notate the time over the
three phases as E. To formulate the full training time, we denote the
communication time of group c as T,; and the forward computation time
of group i as T}w. We focus on overlapping forward computation with
communication in nonlinear neural networks.

Our idea is to group branches. We can consider the original approach
as a particular case, where each branch forms a group. In this way, the
overlap of branch communication and computation is difficult to con-
trol. The imbalance of proportions and the large number of time-sharing
will increase the control cost greatly, which is obviously meaningless.
However, due to the often unbalanced branch partition in DNN, this
grouping strategy is usually suboptimal. We then prove that this is NP-
hard and propose our algorithm.

The grouped branches can be further represented as:

G=1{61,G5,--.Gp} 4
Thus we have the constraint:

D

Us =5 ®)

i=1

GNG =0 Vit jrni=12,....DAj=12,....D ©6)

Firstly we need to represent the communication time. The communi-
cation time for node a in rack R, to node b in rack R, is formulated
as:

i d;
Ti(a.b)= ="
Ba,b
d;
B?’b Ra # Rb (7)
= jirer
R, Ra = Rb

Intra

where d; is the model size of the group i and B, is the bandwidth
between node a and node b. In our architecture, B, can be band-
width of inter-racks or bandwidth of intra-racks, depending on which
rack node a and b belongs to. Given a ¢ layers nonlinear neural net-
work N,,;, a federated learning deployment setting can be formulated
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as a set of deployment ways for all groups. We analyze the potential ap-
proach illustrated in the example in Section §2.3. One group is pulled
from the server while others are pulled from other workers. So we can
notate deploy set D for all w workers as D = {D;,D,,...,Dy,}. And
D;= ((u"l, Ui), (u;, Ué), ey (u;V, U;/V)), where u; represents which worker
or server that worker i communicates with and U} denotes which group
that worker i pulls from worker u; Noted that although worker i can
pull parameters of group U; from worker uj., worker u; must pull param-

eters of group Uj. from server first. So we have 2 constraints:

=

{u;}=§,VRkeR/\VjeRk (8)
i=1
. i
j< m,Vv; =v, 9

Eq. (8) makes sure that a valid deploy covers all parameters in one
model. Eq. (9) makes sure that a worker can pull parameters from other
workers if and only if the worker pulls parameters from the server first.

Based on the notation for groups and clusters, we can represent the
full training time in OWL. The full training time consists of three parts.
The first part is the parameter communication time in the first group
(e.g., the time interval T in Fig. 4(c)). The communication in this part is
between servers and workers. This part cannot be overlapped with com-
putation since there is no parameter for any computation. The second
part contains several groups. The time is the parameter communication
time from the second group to the last group (e.g., the time interval 7,
to Ty in Fig. 4(c)). In this part, the communication is between workers.
The communication in one group is independent of the computation in
its previous group so that the communication can be overlapped with
the computation. The third part is the forward computation time in the
last group (e.g., the time interval T in Fig. 4(c)). The computation in
this part cannot be overlapped with any communication since there is
no communication in the part. The three parts of the full training time
are notated as E|, E; and Ej. Based on the notations. The three parts
of worker i are formulated as:

gorlo_h
1~ tp™ B
L,server

Ei‘ETj‘gik?é (10)
h = = 3 server

Jj=1 j=1 "k
i _pd
Eg—T/.w

We also have
T/‘stT,ip l<i<g 11

Constraint Eq. (11) ensures the right execution sequences of the pa-
rameter communication in partition k + 1 and the forward computation
in partition k.

We have the overall training time E:

w
E=)E
i=1

W (12)
= Y(Ei + Ej + E} + E})
i=1

4.1.4. The problem

The goal of the problem in this paper is to minimize the overall train-
ing time of nonlinear neural networks, given a nonlinear neural network
N,,;’s model architecture, the layer-wise computation time of N,;, the
rack architecture, and the inter-rack and intra-rack bandwidth. Hence,
the overall training time E is the objective function. The decision vari-
ables are the packed set of branches of all nonlinear base networks /3/,
and the deployment setting set D. In summary, we have the following
Model Distribution Scheduling (MDS) problem:
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Problem 1 (MDS). Given N, R, n, B, B;,,, and By,,,,, determine D
and G, subject to constraints (6)(8)(9)(11), to minimize E.

4.2. Problem analysis
Theorem 1. MDS Problem is NP-hard.

Proof 1. We provide the sketch of the proof. We prove it by reducing
the minimum weighted set cover problem, which is known to be NP-
complete. By minimizing the training time E, we must find a group
partition where the weighted subsets of E have a relatively close sum-
mation, which will make the overlap fully. As a result, the MDS problem
is equivalent to an optimal weighted set cover problem: to select a min-
imum number of sets from {E|, E,, ..., E,} that covers all elements in
the E.

MDS is NP-hard, it is unrealistic to find a globally optimal solution
within polynomial time. We can divide the MDS problem into two sub-
problems: the Grouping Problem and the Deploy problem:

Problem 2 (Grouping). Given N
different branches of N, jinears
equal as possible.

nl> R, n, B, BIntra and BInterr group the
making the size of different groups as

Problem 3 (Deploying). Given G, R, n, B, By,,,, and By,,,., generate D
to minimize E.

Accordingly, we develop two sub-algorithms, specifically, a Group-
ing Algorithm and a Deploying Algorithm, to solve the above two sub-
problems, respectively.

4.3. Branches grouping operation

We consider one of the nonlinear base networks V,. The Grouping
Algorithm must find a proper group set G, that every element of G,
takes a similar communication time, hence different workers can get the
same communication time to minimize the synchronous waiting time.
In other words, for a nonlinear base networks N, and its parameter set
D" ={d}.d},... ’dzrw,}’ we should find a group set G, = {G[, ), ... ,g;)r}.
Every group in G, will have a similar size. We will describe how to
decide the number of groups and deploy models in different workers to
accelerate training next.

Algorithm 1 The Grouping Algorithm.

1: Input: a nonlinear base networks N, ; The parameter set of N,: D", the size
of D': M,.

: Output: All possible grouped branches set G

: Sort(D")

s fori=1,2,..,M, do

Initialize G

for j=1,2,..,M, do
Put the j* element in D’: d’ into the smallest group in G
Recompute the size of elements in §

> sort D" in descending order

N

The grouping algorithm is a greedy algorithm that always puts the
largest branch into the smallest group. In the MDS scenario, we con-
sider it to be more intuitive and efficient compared to other search
algorithms. For instance, ant colony systems have high complexity, ge-
netic algorithms require more prior knowledge, and M-GRASP incurs
greater overhead due to its iterative nature.

Given the parameter set D" and the desirable number of groups D, it
first sorts the parameter set D" (line 3). Sort the parameter set D", which
has a time complexity of O(M, log M,.). Then, for every possible D,, we
initialize the G as D, empty sets (line 5). The inner loop (line 6) iterates
through the current groups (at most M, groups) including the external
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loop, the total time complexity is O(Mf). We try to put the largest ele-
ments in D" into the set with the smallest sum of elements in G (line 7)
and recompute the size of the element in G for the next iteration (line
8). The algorithm ends when all branches are grouped. Thus, the over-
all time complexity of Algorithm 1 is O(Mr2 + M, log M,) dominated by
O(Mrz). Moreover, the memory required to store the group G is pro-
portional to the number of parameters M,, so the space complexity is
O(M,).

Theorem 2. The approximation ratio of the grouping algorithm is % - #.

Proof 2. We denote OPT as the maximal group size of the optimal
grouped set. Based on pigeonhole principle that all M, branches must
belong to D, groups, we have two claims that: 1) OPT > ZZ’I D!/D,,
which indicates that all grouping algorithms are not better than OPT;
and 2) Suppose sorted set D" and i > j, which indicates that if set
is sorted, at least two branches will be grouped in one group. Then,
OPT > d;)r + dZ),H - Let L be the largest group size in G and d; be the
last branch assigned to the largest group g, . Since the grouping al-
gorithm assigns d; to G, , all groups must be assigned at least L — d;
parameters. Hence, we have (Z,]Zi dj)—d; > D"(L- d;), which implies

M, M

EitdD—dp _ X4 1 1 1
_Ar i=1"1i k — i=1 1 (1 — - —
L-d] < 5 ==5, +d; (1 D,)ZOPT+2OPT(1 Dr)—

OPT(% - ﬁ).

4.4. OWL deploying algorithm

We need to decide the group size and deploy the model parameters
on workers. We consider the nonlinear base networks W,. To calculate
the full training time of different group sizes D,, we should first decide
on the deployment setting. Decentralized and centralized deployment
are shown in Fig. 6. Centralized deployment allows peer-to-peer com-
munication to accelerate parameter communication. The process will
be: (1) Central workers pull parameters from the server. In one rack,
different Central workers pull different parts of parameters. (2) Cen-
tral workers do Broadcast that pushes parameters to workers in their
communication group. (3) Different communication groups do AllGather
that share their updated parameters with other communication groups.
At the same time, workers can do forward computation based on up-
dated parameters from the server. During this process, workers overlap
computation and communication with other workers. (4) Workers do
forward computation based on parameters from other workers. Cen-
tralized deployment utilizes the intra-rack bandwidth to accelerate pa-
rameter communication. Decentralized deployment preserves every link
between workers and servers. Each worker pulls parameters from the
server and overlaps communication and computation with other work-
ers. To calculate the training time of different deployment settings, we
model the communication process.

We first consider the centralized setting. The size of parameters to be
pulled from the server will be the full parameters: Zf\i; d]. After that,

My -
the remaining parameters » - % - ZZE d! will be pulled from other
workers. To simplify the calculaiion, we make an assumption that the
bandwidths between racks are the same which is notated as B;,,,,.. Based
on the notation proposed in section 4.1, we can formulate the training
time in a centralized setting:

M
M, gr n- 214 Eﬂjr dr
i=1%i D, =1
tee = + ,M,.<n 13)
Blnter Blmra

As for the decentralized setting, each worker will pull a group from
the server. So » - ZZ’I d] /M, parameters are transferred. We can for-
mulate the training time in the decentralized setting:
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(a) Centralized

+ | Server

(b) Decentralized

Fig. 6. Centralized and decentralized parameter communication over rack server.
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We denote 2L2er a5 g to represent the bandwidth decay inter racks.

Intra
Note that in our assumption, By, < By, So it is easy to find that
t../ts. < 1. Based on the analysis above, we will choose the centralized
setting because it is faster. To decide the size of the group D, and the

deployment settings, we design a Deploying Algorithm.

Algorithm 2 The Deploying Algorithm.

: Input: the number of GPUs n, parameter set of N,: D";

: Output: deploy setting

: Grouping

: fori=1,2,..,ndo

Part n GPUs in i communication groups equally.

Train one minibatch > Train one iteration
Profile > Training time for every possible D,
: Set D, as the value that has the smallest training time

. Generate deploy setting

O WNO U A WN R

The deploying algorithm (see Algorithm 2) tries to find the best de-
ployment setting for workers. At the beginning of training, workers need
to run a grouping algorithm for all possible values of D, (line 3). Then
for every possible group, we part the GPUs inside a rack (line 5). For
every possible D,, the algorithm runs once (line 6) and profiles the train-
ing time (line 6). Then we set D, as the value with the smallest training
time (line 7) and generate the deployment setting. Note that the model
size in the training process is not changed, and bandwidth changes can
be ignored in our private cloud environment. Therefore, the algorithm
runs only once at the beginning of the training process. The training
and profiling operations involve running one iteration of model train-
ing, and the complexity depends on the specific model structure and
size. In a simplified case, assume that each possible D, undergoes one
training and profiling. Thus, the time complexity of Algorithm 2 is ap-
proximately O(n - Mrz), since the grouping algorithm is called in each
iteration. Space Complexity which the memory usage includes storing
the parameters for each GPU and the different deployment settings. The
memory consumption mainly depends on the parameter set size and the
number of GPUs, so the space complexity is O(n - M,.)

5. Implementation

We implement the OWL system. The system is deployed on a one-
hundred-node GPU cluster. We extend Pytorch RPC APIs to link workers
and accelerate communication.

Communication Backbone: We implement OWL using TensorPipe
backbone which addresses some of the limitations of Gloo. Compared
with Gloo, asynchronous communication and different transports like

TCP, NVLink and InfiniBand are supported. Distributed RPC framework
provides lots of APIs for us to extend. The machine only transmits ref-
erences (called RRef) to remote objects without copying the real data
around. By doing that, system construction will be easy, and memory
can be greatly saved.

Servers: Servers are responsible for reducing gradients from workers
and broadcasting updated parameters. So Group Generator in server
holds all RPC RRef of workers. Every time Servers need to broadcast
parameters, servers try to make a non-blocking RPC call by torch.dis-
tributed.rpc.rpc_async(). The asynchronous call will generate threads
background, and RPC messages are sent in parallel to different work-
ers. We implement The Grouping Algorithm in Branch Group Generator.
System Monitor extends torch.profiler library to profile Training Infor-
mation. The background thread created by System Monitor is blocked
until Rack State Monitor sends messages of the full system.

Workers: We design two threads to implement the overlap on work-
ers in Deploy Executor. One thread is responsible for computation
based on partial parameters. Another thread is responsible for communi-
cation, which makes RPC calls to run the collect function on the server.
The alternating access of the model makes overlap between nodes. Be-
sides, a semaphore locks the parameters to avoid parameters being
accessed when updates and communication tokens of deployment de-
cisions are needed. When the communication thread created by Deploy
Executor begins to receive part of parameters from Group Deployer,
semaphore locks the model, lest a crash happen. Rack State Monitor
also extends torch.profiler library to profile the exact training time of
each layer.

6. Evaluation

In this section, we evaluate the performance of OWL with the aim to
answer the following questions:

How does OWL compare to existing federated learning systems for
modern DNNs with nonlinear characteristics? (§6.2)

How do the external factors, e.g., the value of « and the device
settings, affect the performance? (§6.3)

How do the internal factors, e.g., the grouping algorithm and the
deploying algorithm, affect the performance? (§6.4)

To what extent can OWL scale? (§6.5)

6.1. Methodology

Testbed. We conduct experiments on a GPU cluster. The cluster contains
100 worker candidates, equipped with one GeForce RTX-3080 GPU with
10GB VRAM, 3.70 GHz i9-10900X Intel CPU, 64GB RAM, and 10Gbps
Ethernet. We set up an additional one with the same configuration as the
server. All machines are connected with one HUAWEI Ethernet switch
$1700-24GR and run Ubuntu Server 20.04 with Linux kernel 4.4.6. To
achieve high performance, machines use Cuda 11.1 library in the for-
ward and backward computation. By default, the device setting contains
2 GPU*50 racks, and « is 0.5.
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Fig. 7. Comparing OWL with

Neural Network Models and Dataset. For the neural network models,
we employ two well-known neural networks: 1) DFN [38], a simple con-
volutional neural network designed to test different fusion of networks
with 25.41M parameters; and 2) Inception V4 [33], an improved ver-
sion of GoogLeNet [41] designed to extract information more efficiently
with 42.68M parameters. Our experiments focus on the image classifica-
tion applications where deep learning is most successfully applied. We
adopt a well-known image classification dataset CIFAR10 [20], which
contains 50K training images of 10 classes.

Baseline. We compare OWL against three state-of-the-art distributed
neural network training systems and an offline optimal scheme serv-
ing as the performance upper bound: 1) Naive [16], naive federated
learning(FL) architecture introduces a federated learning architecture
that makes a naive data-parallel implement; 2) Overlap, default over-
lap FL [42] optimizes Naive by introducing a layer by layer overlap with
communication and computation; 3) IPart [43], a layer packed overlap
FL takes up set up time into consideration and packs some layers to make
a full overlap; and 4) OOS, the offline optimal scheme is computed using
dynamic programming with complete workload and bandwidth infor-
mation. It outputs the optimal overlapping strategy. The offline optimal
serves as an upper bound on the performance of training speed of an
omniscient policy with complete knowledge of the future workload.
Evaluation Metrics. We evaluate the performance of the five commu-
nication approaches mentioned above on training time. We define a
normalized training time (denoted as T (x)) by computing the ratio be-
tween the measured training time (denoted as T (x)) to the measured
training time of Naive FL (denoted as T, ie., T(x) = %) This metric in-
dicates how close the system x approximates the optimal performance.
By normalizing the training time, we can enhance comparability and
draw conclusions easily.

6.2. Overall performance

In order to answer the question of how OWL performs compared with
the baselines (Naive, Overlap, and IPart), we investigate the overall per-
formance that aggregates a combination of different factors. Then we
zoom in on the individual factors to explain the performance improve-
ments in detail.

Fig. 7 shows the speedup of DFN and Inception v4 network work-
loads running on different numbers of workers relative to the Naive
FL baseline (set to 1 always). OOS represents the complete overlap of
communication and computation (without communication delay, one
is almost a subset of the other) to illustrate the ideal situation. This
setup makes the performance of our OWL more intuitive. Please note
that our comparison of speedup is conducted under consistent training
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existing schemes on training time.

throughput, without affecting accuracy, to ensure clearer results. We
can see that the OWL outperforms Naive FL, Overlap FL and IPart meth-
ods on speedup by 63-69%, 27-30%, and 20-24% when the number of
workers is 100, respectively. We can also observe that OWL is closer
to the ideal situation which the gap is within 10% of the OOS. Recall
that the performance of OOS cannot be achieved in practice because
the full overlap is achieved and the setup time of communication is hid-
den. This reveals little room exists for OWL algorithms without future
knowledge to improve. These results validate the superiority of OWL on
training speed compared with baseline. Interestingly, the gap between
OWL and the baseline widens as the number of worker nodes increases
and closer to OOS, indicating that the workers in OWL compensate for
the server’s communication pressure, thereby improving performance.
Notably, this increasing trend is more pronounced in the Inception V4
workload shown in Fig. 7b compared to the DNF workload in Fig. 7a.
This is due to the more branches of neural network topology of Inception
V4 workload, which further highlights the superiority of our algorithm.

Fig. 8a shows the training time breakdown of baselines and OWL
when the number of workers is 100. We can observe that the average
communication time percentage of OWL is 12% which is significantly
smaller than that of baseline. Fig. 8b shows the GPU memory utiliza-
tion. We can observe that the average percentage of GPU memory used
per unit time of OWL is 83% which is significantly higher than that
of baseline. This illustrates where the performance gains of OWL are
from, i.e., worker-assisted compensation for server communication de-
lays and better achieving communication and computation overlap. At
the same time, overlapping communication between workers further
improves speed. Our experiment with the other models shows similar
results.

6.3. Parameter sensitivity analysis

In this section, we explore OWL’s external factors such as device
setting and the « to better understand their impact on the performance
of the system.

6.3.1. «a sensitivity

In this experiment, we evaluate the performance of OWL with differ-
ent values of a. Fig. 9a and Fig. 9b show the normalized training speed
of OWL running over different values of @ compared with Ipart. There
are two key takeaways from these results.

First, we see that OWL outperforms Ipart across all values of «, with a
16.7%-29% training time reduction, respectively. These results illustrate
the steady high performance of OWL compared to Ipart methods.

Second, we can find that the gap in the training time between OWL
and Ipart widens as the value of a decreases. For instance, the perfor-
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Fig. 9. The normalized training time over different values of a.

mance gap of Ipart is within 19% of our OWL when a equals 1, while
the gap becomes 29% when « equals 0.2 shown in Fig. 9b. Fig. 9a show
similar trends with a relatively smaller gap. This is because when the
value of a decreases, the gap between intra-rack bandwidth and inter-
rack bandwidth becomes larger. Our method utilizes the fast intra-rack
bandwidth so has a better performance.

6.3.2. Device setting sensitivity

Next, we evaluate the performance of Naive FL, Overlap FL, IPart,
and OWL under different device settings.

Fig. 10a shows the normalized training speedup of four methods
under different device settings. The experiment results validate the supe-
riority of OWL in terms of training speed again. We also can see that, as
the number of devices increases, the training speedup of OWL increases.
This is because the large size of the cluster makes the parameter commu-
nication a bottleneck while our method greatly utilizes spare bandwidth.

One more interesting observation is that when the size of the cluster
is roughly the same, the larger number of racks, the smaller the train-
ing speed up. For example, compared to Naive FL, the average training
speedup is 58% when there are 8 GPU * 10 racks and it becomes 43%
when there are 4 GPU * 20 racks. This is because the total bandwidth
inside a rack is fixed. If there are more GPUs inside a rack, the average
communication time will be larger.

6.4. Component analysis study

We further explore OWL’s internal components to understand their
contributions to system performance. We implemented two breakdown

10

versions of OWL to take a closer look at the contribution of each compo-
nent: 1) OWL-A has a grouping algorithm but does not enable a deploy-
ing algorithm, an unbalanced deploy setting is replaced; and 2) OWL-B
has the deploying algorithm but does not enable grouping algorithm, a
random grouping is replaced.

Fig. 10b shows the comparison results on inception V4 and DFS net-
works. As shown, the training time reduction brought by both OWL-A
and OWL-B is significant. For example, in the inception V4 network, the
average training time per minibatch of OWL, OWL-A, and OWL-B are
1, 1.09, and 1.14, respectively. It means that more than 14% of train-
ing time will be incurred by disabling the grouping algorithm, and 9%
of training time will be incurred by disabling the deploying algorithm.
We can observe a similar training time increase in DFS networks. These
results indicate the importance of both the grouping algorithm and the
deploying algorithm. OWL is able to combine the advantages to achieve
better performance than using only one of them.

6.5. Scalability

Fig. 11a and Fig. 11b show the average training time per minibatch
of inception V4 and DFN networks by experiments run over the differ-
ent numbers of workers without any racks, respectively. We have the
following two observations.

First, we can observe that, for both two neural network topologies,
our proposed OWL outperforms all three baselines with a training time
and the gap becomes larger as the worker number increases. Further-
more, OWL demonstrates a performance advantage over the suboptimal
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IPart in complex neural network topologies. For instance, OWL outper-
forms IPart by 21% in the Inception V4 workload, while 15% in DFN
workload when the number of workers is 100. Second, we can also see
that the average training time per minibatch increases slowly as the
number of workers increases. Specifically, in the Inception V4 workload,
the normalized training time per minibatch is 0.60 when the number of
workers is 50, and it becomes 0.63 when the number of workers is 100
with only 3% training time increasing. This indicates that our method
is applicable to larger models and a greater number of workers, demon-
strating excellent scalability.

7. Case study

We have developed a face-recognized punch clock for efficient time
tracking in our laboratory. This clock utilizes advanced techniques to
accurately recognize and localize individuals captured by the camera.
The deployment process of this clock is illustrated in Fig. 12. Initially,
we train the necessary models on our OWL system, optimizing them for
high performance. Subsequently, these trained models are deployed on
edge systems such as laptops and mobile phones. Once deployed, indi-
viduals can conveniently punch in and out using the face recognition
capabilities of these models, ensuring accurate and efficient time track-
ing.

To enhance both the usability and accuracy of our model, we have
chosen Inception V3 as the feature extractor and classifier for the col-
lected face samples. To ensure compatibility and optimize training per-
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formance, we resize the pictures to a resolution of 224x224 and train
the model on our 10-machine cluster. Both the Grouping Algorithm and
Deploying Algorithm employed in OWL have linear time complexity, en-
abling rapid deployment decision-making in a matter of milliseconds, as
demonstrated in the case study. Throughout the entire training process,
these algorithms are executed only once, resulting in minimal additional
overhead introduced by OWL. In comparison to the significant commu-
nication and training times, the overhead of OWL is negligible and can
be disregarded. Moreover, our measurements indicate an average band-
width usage of over 64.7%, indicating effective utilization of available
bandwidth and substantial improvement in overall training efficiency.
While the current training duration is relatively short due to limited
data, the results presented in §6 suggest that OWL maintains an accept-
able acceleration ratio as the data size increases, as depicted in Fig. 12.
We successfully deploy the trained model on a laptop within our labo-
ratory, and the rapid training system ensures ease of future updates and
maintenance.

8. Related work and discussion

Federated Learning Towards the Communication Perspective. Fed-
erated Learning faces a significant challenge: communication ineffi-
ciency [17]. Many studies [44-46] have focused on data-parallel fed-
erated learning to improve training efficiency, such as by reducing the
number of communication rounds and participating clients, or by re-
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(3) Detect face in real time

Fig. 12. The process of case study. (Photo has been informed and approved by the people in it and erased private information.)

ducing physical network burdens through techniques like sparsification
and quantization.

APF [47] adaptively freezes and unfreezes parameters to reduce com-
munication volume while preserving convergence. This method directly
manipulates individual model parameters, which negatively affect the
scaling efforts. FedRolex [48] uses a creative rolling extraction scheme
to address the above issue more efficiently. Although demonstrating
promising efficiency, width-based splitting schemes tend to result in
very slim client models, which can significantly lose basic features,
resulting in a drastic drop in model quality. FedPAQ [49] designs a peri-
odic averaging and quantization method to address the communication
bottleneck caused by a large number of devices uploading their local up-
dates to server. Following that, Fedscale [50] enhances the theoretical
guarantee of FedPAQ with a tuned server learning rate. However, this
approach suffers from a trade-off between reducing the communication
overhead and sacrificing the model performance. DFedAvgM [51] ex-
tends the centralized FedAvg [52] algorithm to a decentralized setting,
where workers are connected by an undirected graph and communicate
with their neighbors instead of a central server. This approach avoids
the communication congestion caused by using the ALL-Reduce method
on the server side, but it results in slower model convergence due to
local gradient aggregation at the worker. OWL successfully combines
the advantages of the aforementioned approaches by leveraging both
worker-to-worker and worker-to-server communications to accelerate
learning. Maoqiang Wu [53] proposed a differential privacy defense
mechanism that injects noise into shared intermediate data to prevent
attackers from recovering original data or inferring labels. The effec-
tiveness of this approach was validated through experiments on a real
satellite dataset. The results demonstrate that, with proper adjustment
of the noise scale, a balance can be achieved between privacy protec-
tion and training performance. Future work will focus on enhancing the
practicality of OWL by addressing privacy protection for parameters ex-
changed between workers.

Overlaps Computation and Communication. In distributed train-
ing, asynchronous background communication across stages and for-
ward/backward computation make overlap between minibatches possi-
ble. Many works focus on the overlap computation and communication
in PS [42,54] and other distributed architectures [55,36]. However,
these works overlap forward or backward computation with parame-
ter communication in one node, while our work focuses on the overlap
between different nodes.

Pipeline Parallelism. Pipeline parallelism is also a popular way to ac-
celerate training. Both forward [56] and backward [57] processes can
be pipelined. Naive pipelining can harm model convergence due to in-
consistent weight versions between the forward and backward passes of
a particular input [58]. To avoid this, existing techniques trade off mem-
ory footprint and throughput in different ways. Based on how a pipeline
parallel system handles the synchronization of DNN parameters among
input batches, the system falls into two categories: barrier synchronous
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parallel (BSP) systems and asynchronous parallel (ASP) systems. BSP
systems (e.g., GPipe [59]) let a set of training input batches work on the
same version of the model parameters, aggregate gradients computed
by these iterations and enforce a barrier that stops the pipeline to apply
the gradients to the model parameter. Gpipe splits minibatches into mi-
crobatches and performs forward passes followed by backward passes
for these microbatches. GPipe maintains a single-weight version, but
has periodic pipeline flushes where the pipeline is drained of inputs to
update weights; these flushes limit overall throughput as resources are
idle. ASP systems (e.g., PipeDream [60], XPipe [61] and PipeMare [62])
remove the sync barrier and let each input batch directly update the
model parameters. PipeDream is another implementation of the model
parallelism pipeline. PipeDream does not periodically flush the pipeline
but stores multiple weight versions, which increases throughput but
also increases the bandwidth bottleneck. Our approach is similar to the
currently popular large-scale training techniques known as 3D paral-
lelism [63,64], which combines data parallelism and pipeline paral-
lelism in a hybrid training model. However, in our case, the pipeline
transmits parameters.

Design for the specific DNN workload. Split-CNN [65] splits CNN lay-
ers into small patches and processes them independently before entering
subsequent stages, which reduces data communication. It also includes
a heterogeneous memory management system (HMMS) to utilize the
memory-friendly properties of Split-CNN. Andrei et al. [66] target op-
eration fusion between tensor operators and element-wise operators.
They proposed a data movement algorithm designed for BERT. [67] ac-
celerates the training of Transformer models by sub-graph parallelism
that provides a significant performance improvement over pure data
parallelism with a fixed number of resources. MPMoE [68] accelerates
Mixture-of-Experts (MoE) training by designing a pipeline parallelism
method that reduces communication latency through overlap with com-
putation operations. These training optimizations all focus on perfor-
mance bottlenecks for specific models. Sven [69] designs redundancy-
free data organization and load-balancing partitioning strategies that
mitigate redundant data communication for Temporal Graph Neural
Network (TGNN).

9. Conclusion

This paper presents OWL, a novel design that exploits worker-
assisted bandwidth in data-parallel federated learning to compensate for
limited server bandwidth. OWL achieves superior performance by opti-
mizing two dimensions: grouping branches of DNN topologies and de-
ploying the generated groups on rack GPUs. We achieve 20%-69% speed
up on different workloads. Moreover, we analyze the impact of the inter-
rack bandwidth decay ratio on system performance. The result shows
that both the grouping and the deploying algorithm are efficient. Com-
pared to state-of-the-art approaches, extensive evaluations show that
OWL significantly enhances scalability and accelerates training without
affecting training throughput or model accuracy. Of course, our method
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relies on the nonlinear topological structure of modern DNNs. The more
complex the DNN topology, the more effective our method is. Next, we
will study the application of large models in this regard.
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