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ABSTRACT

Deep learning recommendation models (DLRM) rely on large em-
bedding tables to manage categorical sparse features. Expanding
such embedding tables can significantly enhance model perfor-
mance, but at the cost of increased GPU/CPU/memory usage. Mean-
while, tech companies have built extensive cloud-based services to
accelerate training DLRM models at scale. In this paper, we conduct
a deep investigation of the DLRM training platforms at ANTGROUP
and reveal two critical challenges: low resource utilization due to
suboptimal configurations by users and the tendency to encounter
abnormalities due to an unstable cloud environment. To overcome
them, we introduce DLROVER, an elastic training framework for
DLRMs designed to increase resource utilization and handle the
instability of a cloud environment. DLROVER develops a resource-
performance model by considering the unique characteristics of
DLRMs and a three-stage heuristic strategy to automatically allo-
cate and dynamically adjust resources for DLRM training jobs for
higher resource utilization. Further, DLROVER develops multiple
mechanisms to ensure efficient and reliable execution of DLRM
training jobs. Our extensive evaluation shows that DLROVER re-
duces job completion times by 31%, increases the job completion
rate by 6%, enhances CPU usage by 15%, and improves memory
utilization by 20%, compared to state-of-the-art resource scheduling
frameworks. DLROVER has been widely deployed at ANTGROUP
and processes thousands of DLRM training jobs on a daily basis.
DLROVER is open-sourced and has been adopted by 10+ companies.
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1 INTRODUCTION

Deep learning based recommendation models (DLRM) are prevalent
in recommendation scenarios [18, 26, 33, 46, 51, 79]. For example,
Meta uses DLRMs for advertisement recommendation to optimize
ad content for individual users, aiming to maximize click-through
rates and advertising revenue [41]. The training of DLRMs at Meta,
Amazon, Alibaba, and ANTGROUP can account for over 50% of the
total Al training cycles in cloud data centers [8, 15, 20, 36].

A typical DLRM uses embedding tables to manage sparse cate-
gorical features (e.g., User IDs) and several deep neural networks
(DNNs) to improve the generalization of the models (§2.1). As the
accuracy of a DLRM often improves with larger embeddings, which
incorporate more feature data points, the size of DLRM embeddings
has been steadily expanding, reaching up to terabytes with billions
of embedding vectors [8, 35, 78]. Tech companies build extensive
cloud-based services to accelerate training these models at scale,
e.g., with thousands of computing nodes [48, 61, 66]. Unfortunately,
we observed from our cloud-based cluster that the resource uti-
lization of over 80% DLRM training jobs is under 50%, indicating
a significant underutilization and waste of computation resources.
Moreover, we observed that high instability in cloud environments
leads DLRM training to: 1) experience a high failure rate and 2)
frequently encounter abnormalities (e.g., stragglers) (§2.2).
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Figure 1: (a) The operator’s time proportion in multiple
DLRM training jobs. (b) The memory demand of one job.

In this paper, we focus on developing a highly resource-efficient
and reliable DLRM training system, especially in a cloud environ-
ment, where failures are common and resource availability varies
dynamically. Such a training system should be capable of training a
multitude of DLRMs (e.g., 1,000s) concurrently with the following
key goals: maximizing resource utilization (e.g., CPU and mem-
ory), achieving rapid training speeds, and ensuring fault tolerance.
Achieving these stringent goals requires the training system to accu-
rately allocate computational resources to individual DLRM training
jobs and schedule these jobs in the cloud elastically and robustly.
However, the unique characteristics of DLRMs, in combination
with the dynamic nature of the cloud, make resource allocation and
scheduling for DLRM training jobs extremely challenging.

Unlike traditional compute-intensive deep learning (DL) models
used in computer vision (CV) and natural language processing
(NLP), DLRM training incurs massive I/O operations in addition
to its compute-intensive operations (e.g., matrix multiplication for
DNN ). These I/Os are largely due to frequent lookups to embedding
tables, consuming 30-48% of the training time (see Fig. 1(a)). Existing
schedulers [45, 57, 58], without considering such a unique blend of
/O and computation operations in the DLRM training, fall short in
ensuring optimal resource utilization and training efficiency.

Another unique characteristic of DLRMs lies in that their embed-
ding tables are notably memory-intensive. DLRMs can easily demand
tens of terabytes of memory (§2.1). As user-targeted applications
evolve, the size of embedding tables keeps increasing [40, 68]. For
example, the memory usage of a typical DLRM job can surge to
over 2.3TB within just 15 hours (see Fig. 1(b)). Consequently, there
is a significant risk of hitting out-of-memory (OOM) for a DLRM
job if the allocated resources cannot quickly adjust to its increased
memory demand. We observed that, in the production environment
of ANTGRoUP, thousands of jobs (5% - 8%) had been derailed due
to OOM, leading to compromised user satisfaction and suboptimal
cluster performance.

The high instability of the cloud environment necessitates fre-
quent scaling resources to adapt to the ever-changing cloud [19, 34,
75]. To achieve this, traditional DL schedulers, like [45, 57], require
stopping a job and then restarting it with adjusted resources. This
stop-and-restart process often takes up to tens of minutes (§2.2),
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highlighting the need for a more efficient approach. Additionally,
model training with elastic training frameworks may result in in-
consistent model accuracies due to stale gradients being submitted
[16] or disruption of training data (§2.2).

To tackle these challenges, we introduce DLROVER-RM, a cloud-
based deep learning training system designed for DLRMs. DLROVER-
RM takes the runtime training information into account for ac-
curately allocating and elastically scheduling resources for train-
ing jobs along with a bunch of novel mechanisms, including dy-
namic data sharding, flash-checkpoint, seamless migration, and pre-
adjustment-based, OOM prevention. Together, DLROVER-RM attains
exceptional throughput, high resource utilization, and robust fault
tolerance. In summary, we have made the following contributions:

1) We build a resource-performance model by considering I/O
overhead and computation demands during DLRM training. With
this model, we design a three-stage algorithm that can dynamically
allocate resources during the whole cycle of DLRM training and
significantly reduce the job completion time.

2) We invent a dynamic data sharding mechanism to maintain
the model quality when scaling or a job failure happens in the
cloud. We further develop seamless migration and flash-checkpoint
strategies to reduce the overhead of scaling jobs. We also develop
an OOM-prediction mechanism to prevent OOM.

3) We implement DLROVER-RM as a cloud-native auto-configuration

service and open-source all technical implementations. Thereby,
end-users can train DLRM jobs in the production environment
without concern for resource configuration and job failures.

4) We thoroughly evaluate DLROVER-RM with thousands of jobs
collected from months of various DLRM training workloads in a
production environment equipped with more than 62K CPU and
3.24PB memory. The evaluation shows that DLROVER-RM improves
the CPU utilization by 21.0% to 27.6% and memory utilization by
17.3% to 31.6%, and reduces job completion time by 30.9% without
compromising model accuracy.

2 BACKGROUND AND MOTIVATION

In this section, we briefly introduce DLRMs and the DLRM train-
ing platform at ANTGROUP (§2.1). We then discuss the key issues
when training DLRMs and the challenges to address them through
investigating the unique characteristics of DLRMs and sharing the
observations from our DLRM system deployed at ANTGRoOUP (§2.2).

2.1 DLRM Training at AntGroup

At AntGroup, DLRMs are extensively applied to scenarios such as
service/content search, marketing vouchers, Tab3 video recommen-
dation, and advertising [23, 74]. Within our cloud-based cluster,
DLRM training jobs account for more than 70% of the total training
jobs daily, consuming a significant amount of the cluster resources.
Optimizing DLRM training holds substantial importance for the
effective utilization of the cluster resources.

Overview of DLRM. Fig. 2 illustrates a typical model architecture
of DLRMs: First, it integrates fully connected deep neural networks
(DNNS) to capture continuous dense features like timestamps. Fur-
ther, it uses embedding tables to transform various categorical
sparse features, such as user and video IDs, into low-dimensional
dense representations. These embedding tables represent the sparse



part of DLRMs, while the rest of the models (e.g., DNNs) repre-
sent the dense part. DLRMs take both sparse categorical and dense
features as inputs for model training.
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Figure 2: A typical DLRM architecture consists of neural
networks, which make up the dense part, combined with
memory-intensive embedding tables, forming the sparse
part. The portion within the dashed box highlights exam-
ples of embedding table lookup in forward propagation of
DLRM.

As illustrated in Fig. 2, each categorical feature has its own em-
bedding table. A data point, or an instance, for a categorical feature
is mapped to a specific row in this table where its embedding vector
is stored. For instance, consider a user with ID 3, representing an
instance of the "User IDs" feature. The embedding for this user is
located at the index (hash(3) mod M) within the "User IDs" embed-
ding table, which consists of M rows. Embedding vectors that are
being accessed undergo an integration process into a singular dense
vector through element-wise pooling operations. These operations
typically use either the sum or maximum value of the vectors. This
pooled embedding vector is further concatenated with the inter-
mediate output derived from the dense features. This combined
output forms the input for the subsequent DNN layers. In practice,
a DLRM might comprise thousands of embedding tables, with some
tables having millions of rows [27].

Table 1: DLRM training cost comparison between the
hybrid(GPU-CPU) and CPU-only approach on AWS.

. . Unit Samples/ | CPU | GPU
Model | Device | Time | p ;. Price | Util | Util
Wide& CPU 1.41h | 0.53usd/h | 3.4m/usd | ~33% [——
Deep Hybrid | 0.98h | 3.59usd/h | 1.9m/usd | =~ 26% | =~ 3%
CPU 1.53h | 0.53usd/h | 3.1m/usd | ~34% [——0
DeepFM -
Hybrid | 0.95h | 3.59usd/h | 2.1m/usd | =~ 28% | ~ 4%

At AntGroup, we use the parameter server (PS) architecture [31]
for DLRM training as it serves as a de facto framework for this
purpose [8, 21, 25, 38, 77].

Hardware Selection: CPU-only. In practice, there are two ap-
proaches in training recommendation models: 1) a CPU-only ap-
proach by exclusively using CPUs; 2) a CPU-GPU hybrid approach

4132

by employing CPUs for handling the embedding data while GPUs
for executing data-parallel neural networks [9]. While the CPU-
GPU approach is the preferred choice for companies like Meta
[8, 27], we lean toward the CPU-only approach due to the follow-
ing reasons: First, CPU resources are more readily accessible and
cost-effective compared to GPUs in a production environment — our
clusters have an abundance of CPU resources, e.g., over 200k cores,
whereas housing fewer than 1,000 high-performance GPU cards.
Further, given the scarcity of GPU resources, it is desired to maxi-
mize their utilization. However, DLRM training involves intensive
1/O operations, including 1) transferring embedding data between
CPUs and GPUs (up to 22% [9] of the total training time), and 2)
conducting a myriad of lookup operations to the embedding tables
(over 30% of the total training time). Such massive I/O operations
render GPUs underutilized. As shown in Table 1, when training the
two most common DLRM models at ANTGROUP [11, 54, 74, 74]: 1)
the average GPU utilization under the CPU-GPU hybrid approach
is lower than 3%, while 2) the CPU-only approach can train more
data at a unit price. Therefore, we use CPU to train DLRMs and
base the remaining discussion on the CPU-only approach.

Cloud Environment: Workload Consolidation. Table 2 shows
that at AntGroup, different types of jobs (i.e., training, serving, and
stream processing jobs) are running in the same cluster and sharing
the resources [52]. For isolation and security reasons, the DLRM
system is unaware of the resource usage by other services, as well
as the overall resource consumption of the cloud. That said, the
DLRM system has no direct control over the cluster resources and
has to request resources from the cluster resource scheduler when
scheduling or scaling out a DLRM training job.

Table 2: Statistic of Jobs at ANTGROUP

Job Type Count | vCPU | CPU Util | MEM
Training 62K 600K 20% 0.9PB
Stream Processing 43K 450K 15% 0.63PB
Inference Service 3K 300K 10% 0.41PB
Search Service 0.9K 200K 15% 1.2PB
Other 2K 50K 10% 0.1PB

2.2 Challenges of DLRM Training at AntGroup

By collecting significant training task data from the largest ma-
chine learning platform at AntGroup, we identified two primary
issues with DLRM training: low resource utilization and high cloud
instability. In this section, we provide a detailed analysis of these
two problems and highlight the challenges in addressing them.

Low Resource Utilization. As depicted in Fig. 3, over 80% of the
jobs in our cluster had CPU and memory utilization rates below 50%
back in 2021, resulting in a significant waste of cluster resources.
The core factor causing this is suboptimal configurations by users.
Specifically, in a typical cloud environment, cloud users need to
specify a fixed amount of resources before deploying their cloud-
based services [2, 57, 60]. Similarly, our previous training system
running in a cloud-based cluster also needed such inputs, i.e., re-
source configurations, from system users (e.g., ML engineers or data
scientists). Such resource configurations were used to guide the



training system for resource allocation during DLRM training. Users
typically resorted to a time-consuming trial-and-error approach to
determine these configurations — by manually (re-)running their
jobs multiple times with varying resource configurations in search
of the "optimal" one. Oftentimes, these user-provided configura-
tions tended to ask for "more-than-needed" resources to avoid job
failures during training, resulting in inefficient use of resources.
To overcome this, instead of relying on user-provided subopti-
mal resource configurations, we need an approach allowing the
DLRM system to automatically allocate and dynamically adjust
resources for training jobs for high resource utilization. Note that
for distributed training, resource adjustment includes changing the
number of nodes (horizontal scaling) and the resources of each node
(vertical scaling) [60]. This is nontrivial due to two main challenges:

e Timely Meeting Memory Demands. The memory require-
ment for storing embedding tables can surge up to 10s of ter-
abytes [27] in a short period. As shown in Fig. 1(b), the memory
usage of embedding tables in a typical DLRM model can spike to
more than 2.3TB within 15 hours. This renders DLRMs vulnera-
ble to out-of-memory (OOM) issues if memory allocation cannot
timely meet the model’s demands — we observed 5%-8% of jobs
suffering from OOM in our production environment, greatly
affecting the overall cluster resource efficiency.

Precisely Allocating CPU Resources. In DLRM training, ex-
tensive I/O operations impact both model training efficiency and
job CPU utilization. As shown in Fig. 1(a), the lookup operations
can account for 30%-48% of the training duration in a single itera-
tion. Conventional deep learning resource schedulers [45, 57, 58]
fall short of handling this unique training process, often over-
looking the lookup latency and allocating inappropriate CPU
resources for training jobs.

High Cloud Instability. Unlike a dedicated cluster (for a single-
purpose service), the cloud environment has a much higher job
failure rate [39, 69]. Statistically, we observed that the daily failure
rate for a simple job (e.g., hosted in a single Kubernetes pod) in our
cloud-based cluster is 1.5% due to network errors, node malfunction,
etc. The failure rate increases exponentially for a more complex
distributed job with hundreds of components. For example, the
daily failure rate for a job with 50 pods increases dramatically to
1-(1- 0.015)50 = 53.03%. Moreover, in our cloud-based cluster,
different services co-exist, sharing the same cloud resources (§2.1).
Compared to other higher-priority services, e.g., online services,
DLRM training is typically labeled with a lower priority. When
higher-priority services encounter workload spikes, the cluster
scheduler preempts resources allocated to the DLRM system, re-
sulting in the failure of DLRM training jobs or the emergence of
stragglers (e.g., slow workers) due to insufficient resources.

To address this, our system needs the capability to 1) frequently
scale up/down training jobs to adapt to the changing cloud environ-
ment and 2) detect failed nodes and recover them swiftly. However,
this is also not trivial due to the following two main challenges:

¢ Ensuring Consistent Model Quality. Elastic training frame-
works can enhance training throughput by dynamically scal-
ing training jobs up or down. However, elasticity operations
(e.g., increasing/decreasing the number of worker nodes and/or
adding/shrinking computational resources to a worker) can also
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Figure 3: DLRM jobs’ resource utilization and pending time
derived from cluster traces in ANTGROUP.

lead to inconsistent job configurations (e.g., batch size and the
number of parallel workers) and/or changed data sequences. For
example, some slow workers may submit too many stale gra-
dients to PSes, causing instability in parameter updates; some
workers might miss specific data batches due to failures, or the
training data sequence could be disrupted during scaling opera-
tions (§5.1). These inconsistent configurations and disruptions
could further compromise the consistency of model training
quality [16, 32], especially in asynchronous training [12].

Providing Fast Elasticity. Swift scaling operations are essen-
tial for accelerating jobs (e.g., by allocating more resources) and
managing instability (e.g., by addressing slow workers in a job
group). Conventional DL schedulers [29, 45] involve a stop-and-
restart operation to scale up/down a job — by saving the job’s
checkpoint (to hard disks) and restarting the job with adjusted
resources/configurations, e.g., reallocating training data (to scale
workers) or re-partitioning the model (to scale PSes). The stop-
and-restart operation is very costly: First, checkpointing a job to
remote disk storage (RDS) typically takes 5-10 minutes [65]. Fur-
ther, the scheduler takes another 5-10 minutes to complete the
necessary preparation before restarting, including submitting
a new job YAML, requesting resources for the new pods, pulling
images from the registry, and re-establishing the code environ-
ment. Under conditions of resource scarcity (e.g., daytime [19]),
the duration can extend beyond 30 minutes. Last, loading the
checkpoint from RDS and restarting the training takes another
5-10 minutes. Altogether, the whole process could consume tens
of minutes, introducing high overhead for DLRM training (§5.2).

3 OVERVIEW OF DLROVER

In this section, we present the architecture overview of DLROVER
and highlight its key design objectives.

Design Objectives. DLROVER focuses on efficiently training a mul-
titude of DLRMs simultaneously in a dynamic, shared cloud en-
vironment. It dynamically schedules computational and memory
resources for DLRM training jobs to optimize training throughput
and resource utilization while mitigating the job failure rate. The
design objectives of DLROVER are to answer the two key questions:

1

e Automated Resource-Performance Optimization: How can
DLRoOVER accurately allocate resources for DLRM training jobs —

!n this work, "DLRover" and "DLRover-RM" are used interchangeably.
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Figure 4: Overview of DLRover and Model Training Workflow

without user-handcrafted configurations - to maximize training
throughput and minimize resource cost (§4)

e High Stability Assurance: How does DLROVER overcome the
dynamic nature of the cloud environment to achieve robust
execution of DLRM training jobs with low job failure rate and
high fault tolerance (§5)

Architecture Overview. DLROVER is based on the parameter server
architecture (see §2.1) in our production cloud environment. As

illustrated in Fig. 4, DLROVER consists of two main components:

1) a cluster-level central coordinator, called cluster brain; and 2) a

group of job-level distributed training agents, called job master:

e The cluster brain comprises two subcomponents: the optimizer
and config database (config DB). The optimizer receives the run-
time profiles (e.g., CPU and memory utilization) of training jobs
from each profiler periodically. With such information, the opti-
mizer creates resource plans and sends them to the corresponding
executors. Meanwhile, the config DB stores the information as
the historical job traces.

Each job master also comprises two subcomponents: the pro-
filer and executor. The profiler monitors and collects runtime
information for each job (i.e., from its workers and PSes) in a
fixed interval and reports it to the optimizer of the cluster brain.
The executor feeds data shards (e.g., a slice of training data) to
the job’s workers (e.g., hosted in pods) for training.

Life Cycle of Training. As detailed in Fig. 4, upon submission of
a job by the user, the cluster brain quickly learns the job’s charac-
teristics — by leveraging relevant historical data from the config DB
- and then generates an initialization (warm-starting) resource plan
with the relative configuration (e.g., the number of CPU for each
worker/PS) and similarity information (e.g., time series informa-
tion)( @ ). Note that, at this moment, we choose a reasonable con-
figuration near the optimal configuration (hence, with fewer scaling
operations and shorter scaling times for auto-scaling) instead of
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pursuing an optimal configuration. Subsequently, the cluster brain
sends the warm-starting resource plan to the respective job master
for job initialization.

During job running, the profiler profiles the job’s runtime statis-
tics and reports them back to the optimizer periodically. With such
updated runtime information, the optimizer can generate a refined
resource plan, upon which the executor dynamically adjusts the
number of workers and/or PSes, and their resource configurations
accordingly, i.e., the execution plan ( @).

DLRovVER further provides a set of reliable instability handling
mechanisms to ensure the robust execution of training jobs ( €)).
For failed/slow workers, DLROVER implements a dynamic data
sharding mechanism to redistribute missed data and rebalance
workloads between workers (§5.1). For failed/slow PSes, DLROVER
devises a seamless migration with in-memory checkpoint, named
flash-checkpoint, to minimize the overhead in failure recovery and
job migration (§5.2). We will look closer at this three-stage job life
cycle of DLROVER ( @ - @ ) in our three-stage algorithm (§4.3).

4 EXPLORING OPTIMAL CONFIGURATIONS

In this section, we present how DLROVER accurately allocates re-
sources for DLRM training. It first builds a resource-performance
model for DLRM training (§4.1). Then it formulates the optimizing
objective (§4.2). Finally, it proposes a novel three-stage algorithm
to guide resource allocation (§4.3).

4.1 Resource-Performance Modeling

Throughput Modeling. The throughput of a DLRM training job
represents the number of samples processed per unit of time. To
model and predict the throughput, we divide one iteration time
Titer into two parts: computation time T¢omp and communication
time Teomm. Let w denote the number of workers. Each worker




consumes a mini-batch of data with size m per iteration. Then, we
formally model the throughput, denoted as ¥, as follows:

w-m

\Ilthp = (1)

Teomp + Tecomm
Note that the batch size m remains unchanged during training.
Computation Time Modeling. The computation time T¢omyp in-
cludes two parts: the workers compute gradients (Ty,44) and then
the PSes update parameters using corresponding gradients (T, q)-
In each iteration, the gradient computation workload is pro-
portional to the number of samples processed (m). The gradient
computation rate is proportional to the number of parallel comput-
ing CPU cores in each worker (A,,). Since the gradient update time
(i-e., Tyrqq) can be calculated as the workload divided by the rate,
we formulate T, 44 as:

m
Tgrad (agrad’ ﬁgrad) = Qgrad * /1_ + ﬁgrad )
w
where agqq and By, qq are learnable parameters representing how

Tyraq scales with m and A,, linearly.

The parameter updating workload is proportional to the number
of workers (w) as each worker computes one copy of the gradient
and submits it to the PSes. The workload is also inversely propor-
tional to the number of PSes (p) as all the PSes share these gradients.
The update rate is proportional to the number of parallel computing

CPU cores in each PS (). Therefore, we formulate T;,,4 as follows:

Tupd (aupdﬂﬁupd) = Qupd - S + )Bupd (3
pAp
where a4 and ;4 are learnable parameters representing how
Tyupa scales with p and 1, linearly.
Communication Time Modeling. Communication time T¢omm
includes two parts: 1) Workers pull parameters from PSes and push
gradients to PSes to synchronize parameters (i.e., Tsync); 2) Workers
lookup embeddings from PSes for gradient computation (i.e., Tepp)-
For parameter synchronization, the network traffic (the amount
of network communication data) between workers and PSes is
twice the size of the model parameters (M) because both pulling
and pushing operations transfer one copy of the data with size M.
The network bandwidth B is shared by w workers. The pushing-
and-pulling workload is divided by the number of PSes p as the
model parameters and gradients are distributed across all PSes.
Therefore, we formulate Tsyn, as:

We @
B/w
where async and Bsync are learnable parameters representing how
Tsync scales with w and p linearly. Here, the model size M and
network bandwidth B are considered constants during a short time.
For embedding lookups, the network traffic is proportional to
the samples m and the dimensions of the embedding table D, and it
is shared by all PSes as the embedding table are distributed across
PSes. Therefore, we formulate T,,,;, as:

Tsync (w,p) = Async * Bsync

m
Temb (@embs Bemb) = %emb - + Bemb (5)
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where a,,,,, and f. ., are learnable parameters representing how
Temp scales with m and p linearly. Here, the embedding table di-
mension D is fixed (hence being a constant) in the initialization of
the embedding table.

Finally, we formally model throughput ¥;, with a function ¥
represented by the tuple of learnable parameters as follows:

\Pthp = '}-(agrad’ :Bgradv Aupd> ﬁupd’ Aembs Pemb Async, ﬁsynC)

(6)

4.2 Optimization Formulation

Given the resource-performance model in Eqn. 6, we formulate
our optimization objective based on the "Resource Cost" (i.e., for
additional allocated resources) and the "Throughput Gain" (i.e., from
additional allocated resources) when scaling DLRM training jobs.
The goal of our optimization is to minimize the "Resource Cost"
while maximizing the "Throughput Gain".

Resource Cost Function (RC). The resource scaling set, denoted
as A, represents the additional allocated resources to speed up a
training job (e.g., the number of CPUs). Each type of resource in
the set is denoted as a, (ie., A = {ag, a1, ..., ar }). Let Money(a,)
denote the expense a user should spend to allocate resource a,.
The "Resource Cost" can be formulated as the sum of all resources’
expenses (e.g., CPU and memory) :

RC(A) = Z ar X Money(ay)

a,€eA

(7)

Throughput Gain Function (TG). We denote "Throughput Gain"
as the increased throughput that benefits from additional allocated
resources. To illustrate, if we add 2 CPUs to a worker, the throughput
might increase by 10 samples per second, namely the throughput
gain. However, increasing workers’ resources, especially in cloud
environments, practically comes with overheads (e.g., the time
required to start a new worker equipped with 32 CPUs and 128GB
of memory). Therefore, we formulate the Throughput Gain as:

TG(A) = A¥;pp — Overhead(A) (8)

Here, A¥;p, represents the ideal increase in throughput if we ne-
glect scaling overheads. Overhead(A) is the wasted training time
caused by scaling the job with A. This is estimated through statis-
tical analysis based on the resource information of historical jobs
within the cluster (e.g., the time required to start a worker/PS).

Multi-Objective Optimization. Given the two functions Eqn. 7
& 8, our goal is to find an optimal resource allocation set A, which
minimizes the "Resource Cost" while maximizing the "Throughput
Gain". We formulate the optimization problem as follows:

) ©)

Objective: arg mjn( RC(A),

TG(A)

Given that Equ.9 is neither linear nor convex, the problem can-
not be solved using linear programming or convex optimization
techniques and is NP-hard in general. To address this, we develop
a heuristic auto-scaling algorithm (see §4.3).



4.3 3-Stage Auto-Scaling Optimization

Intuition. Given a DLRM training job, we first profile its runtime
information for fitting the resource-performance model (Eqn. 6).
Based on the model, DLROVER generates an optimal resource plan
with an auto-scaling algorithm, aiming to achieve the optimization
objective (Eqn. 9) (i.e., Scaling Stage @ in Fig. 4).

To make the job training more robust in practice, we design a
pre-scaling stage (stage @) to warm-starting the job and a post-
scaling stage (stage @) ) to handle the cloud instability. Specifically,
compared to scaling the training job from scratch (i.e., cold start),
users hope to see the submitted job performing well upon sub-
mission rather than waiting through a prolonged scaling process.
Thus, we introduce a pre-scaling stage to allocate suitable start-up
configurations. On the other hand, even provided with optimal re-
sources, training jobs still encounter performance degradation (e.g.,
stragglers) due to cloud instability. Consequently, we introduce a
post-scaling stage to ensure smooth training in the cloud.

Algorithm 1: Warm-Starting

Input: Historical Configurations O, Incoming Job 7,
Exponential Smoothing Function &,
Smoothing Factor p (0 < pp < 1)

Output: Warm-Starting Resource Allocation A¥~1

Identify Top-K Similar Jobs of 7 With MetaData:
{A0 AL ...,Ak’l} « top-k similar job configuration in D;

[

Initialize Smoothing for Configuration:
Rank {AO, Al Ak_l} with similarity;
Initialize smoothed configuration: A = A0
fori=1tok—-1do
Apply & to get the smoothed configuration A’:
Al — i x AT+ (1 - p) x AL
end

IN)

©w

o e

®

return AK—1;

@ Pre-scaling Stage: Warm-Starting.

As shown in Algorithm 1, we adopt a warm-starting algorithm
to identify a suitable start-up resource configuration. We first use
the job’s features (e.g., model metadata) to collect top-k similar jobs.
Specifically, given historical job configurations stored in the Con-
figuration Database D, the algorithm first calculates the similarity
in each type of feature and then gets the top-k similar job config-
urations where the configuration of i-th similar job is denoted as
Al (AK=1 s the job configuration with highest similarity). We first
initialize the target configuration set as A° = A, Subsequently, we
use the Exponential Smoothing Function & to generate the smoothed
configuration A in an iterative manner. Formally, for each Af, we
calculate A’ as follows:

E A = px AP+ (1 - p) x AT (10)

where the smoothing factor y balances the influence of historical
configurations, determining the weight between the job’s config-
uration A’ and the result of last iteration A'~!. Lastly, we use the
final iteration result A*~! as the start-up job configuration.

@ Scaling Stage: Auto-Scaling,.
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We aim to auto-scale training jobs in this stage according to our
resource-performance model (Eqn. 6). Auto-scaling includes three
steps: 1) online model fitting, 2) job-level resource plan candidate
generation, and 3) cluster-level weighted greedy selection.
Online Model Fitting. As detailed in §4.1, we represent the through-
put of a training job by a group of @ and f§ parameters (e.g., @grad
Bgraa)- To build our resource-performance model, these parame-
ters can be fitted based on runtime profiles. DLROVER continuously
monitors the time taken for each iteration Tjzer to measure the
throughput ¥, as in Eqn.1. At a fixed interval, DLROVER refines
the groups of & and § using the accumulated data, minimizing the
root mean squared logarithmic error (RMSLE) between the theoret-
ical model and the actual data (by employing Non-Negative Least
Squares (NNLS)[4]). Note that all parameters («, ) are bound to
remain non-negative.

Job-Level Resource Plan Candidates Generation. After model
fitting, we learn the function 7 as Eqn. 6 representing the relation
between resource allocation A and throughput ¥;p,,. We utilize
NSGA-II [3] to generate resource allocation plans that meet the
Pareto Frontier. The Pareto Frontier represents the set of all optimal
allocations that cannot be improved on one dimension without
worsening another. For example, we can not increase "Throughput
Gain" without increasing the "Resource Cost". NSGA-II is an evolu-
tionary algorithm known for its rapid convergence to the Pareto
Frontier in low-dimensional multi-objective problems.
Cluster-Level Weighted Greedy Selection. With all the opti-
mization plan candidates for each job, we employ weighted greedy
selection to determine the final execution plan for each job. We
denote the "Resource Efficiency” for allocating resources A/ to a spe-
cific job j as RE(A/). RE(A’) is a function of the "Throughput Gain"
we get from the allocation, normalized by its associated "Resource
Cost", mathematically represented as:

TG(A))
RC(AY)

To determine a set of efficient cluster-wide resource allocations,
we maximize the weighted benefit sum of each job:

RE(A) = (11)

Weighted Greedy:  arg max Z RE(A)-WGA)  (12)
Al e
subject to: ZAj <S
e

(13)

Here, ] represents the jobs needing reallocation; S denotes the
total resources; WG(A/) denotes the priority value determined by
a range of priority algorithms tailored to the cluster’s preference.
In our cluster, we use the remaining time for each training job
(represented by the remaining samples divided by the throughput)
to calculate the weight WG(AY) as follows:

; 1
WG(A) = — - 5 (14)
(d)él’/ \P?hp * 6)

Here, <I>{g p represents the number of the remaining samples to

be trained in the job j. As p — 0, WG(A/) smoothly approaches 1
for every job j, which means we consider the weights of all jobs



to be equal. When p — oo, WG(A/) can prioritize jobs with a
shorter completion time. In contrast, as p — —oco, WG(A/) prioritize
jobs with longer completion time. A cluster operator may select a
suitable value for p, based on practical priorities. At ANTGROUP,
we choose p = 2.5 as a reasonable value to complete shorter jobs
quicker and release the resources. Additionally, € denotes a very
small value used to prevent division by zero.

©® Post-scaling Stage: Instability Handling.

During the auto-scaling phase (stage @ ), we assume that the
job is interference-free. Yet, in practical cloud environments, this
assumption might not hold as discussed in §2.2. Therefore, DLROVER
involes many techniques to handle various cloud instabilities in the
post-scaling stage (stage @ ). We highlight some key instability
issues and the techniques adopted by DLROVER to address them in
the following (with more details in §5).

Worker Stragglers. In heterogeneous clusters, certain worker
pods may be assigned to physical machines with slow hardware
(i.e., low-frequency CPU and/or low-speed memory) or be hindered
by high-priority pods due to resource contention. These worker
stragglers can result in submitting stale model gradients to the
parameter servers, leading to decreased model accuracy and longer
training time [16]. To address this, DLROVER implements a dynamic
data sharding mechanism to minimize the discrepancy in iteration
rounds among workers (see §5.1).

PS Stragglers. Our DLRM jobs run on the TensorFlow framework,
which determines parameter allocation based on tensors or multi-
dimensional arrays. The size of tensor-based parameters assigned
to PSes can differ substantially, resulting in unbalanced workloads
[7]. Consequently, PSes performing large matrix multiplications
with more allocated parameters experience significantly higher
CPU loads, resulting in the PS stragglers. To address this, we adopt
DeepRec [6] to ensure that the embedding parameters are evenly
distributed across the new set of PS nodes.

Scaling Overhead. As formulated in Eqn. 8, scaling overhead plays
an important role in workload migration. To speed up the migration
process, DLROVER introduces a seamless migration mechanism to
mitigate the scaling overhead (see §5.2).

Out of Memory Problem. Uneven allocation and high memory
consumption from large embedding tables can lead to out-of-memory
problems in PSes. To address this, DLROVER invents a OOM predition
mechanism (see §5.3).

5 HANDLING INSTABILITY

DLRovVER’s design draws upon the collective insights and practices
from the realm of distributed/training systems. In this section, we
focus on the key mechanisms developed by DLROVER to enhance
the performance and reliability of the DLRM training system.

5.1 Dynamic Data Sharding

DLRoVER introduces a dynamic data sharding mechanism that
enables fine-grained data serving by partitioning training data
into numerous small shards of various sizes. These data shards can
be on-demand, dynamically assigned/reassigned to 1) slow work-
ers (i.e., stragglers) to balance their paces of data processing and
model updates with their peers for consistent model quality; and 2)
new/healthy workers for fast elasticity or fault tolerance.
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Figure 5: Dynamic data sharding.

Data Sharding of DLRoVER. Traditionally, training data are (stati-
cally) partitioned and distributed among workers at the beginning
of job training. In contrast, DLROVER splits the dataset into numer-
ous, much smaller, and variably-sized shards (e.g., 64, 128, or 256 data
batches), each labeled with a unique index; DLROVER then manages
the data serving by delivering such fine-grained data shards to the
corresponding worker on-demand during a worker’s life cycle.
Specifically, as illustrated in Fig. 5, data shards are organized
within a shards queue. Upon initiating job training, a worker fetches
the required data shard (by its index) from this queue. Note that
workers are initially assigned comparable workloads, as determined
by the quantity of data shards and the number of data samples
within them over a fixed time interval. Throughout the training
process, workers dispatch heartbeat packets at regular intervals to
the job master (Fig. 4), which include the number of data samples
they have processed, named progress offset. These heartbeat pack-
ets and the progress offsets serve three critical functions: 1) They
signal that the worker is operational and active. Conversely, this
mechanism is employed to identify workers that have failed. 2) The
job master uses the progress offset to gauge the worker’s training
progress and determine if it is falling behind - i.e., identifying any
straggler if the offset is noticeably lesser than its peers. 3) Upon
completion of the designated data shard, the worker sends its final
progress offset to the job master, indicating the completion of that
shard’s processing. Subsequently, the worker acquires a new shard
from the shards queue to proceed with the training.
Failure Recovery. Once the job master does not receive the heart-
beat package from a worker for a reasonably long time, it is identi-
fied as a failure event. In the event of a worker failure (highlighted
in red in Fig. 5), the job master re-joins the unfinished data shard(s)
of the failed worker to the shards queue, awaiting redistribution to
another healthy worker. This mechanism simply ensures that the
training job consumes the training data without any data omission
or duplication, guaranteeing the model’s consistent quality.
Handling Stragglers. Throughout job training, the job master
also keeps track of the progress offsets each worker provides. A
worker is labeled a straggler if it lags significantly behind its peers
(highlighted in orange in Fig. 5). In such cases, the system mitigates
the issue by reassigning the slower worker a smaller workload,
such as providing a data shard with fewer batches (e.g., scaling



down from a shard with 256 batches to one with 128). This way,
the system can dynamically tailor the volume of data samples a
slower worker has to process before it submits its gradients to the
PSes. Consequently, it enables the straggling worker to align its
gradient submission rate with others, preventing the submission of
stale gradients and maintaining consistent model quality.

Fast Elasticity. Partitioning data into smaller data shards and
adopting the shards queue ultimately gives rise to the benefit of
enabling fast elasticity because any new worker - i.e., after a stop-
and-restart with adjusted CPU/memory resources — can simply
retrieve a data shard from the shards queue without the process of
data re-partitioning and redistribution among all workers.

5.2 Seamless Migration

DLRoVER develops a seamless migration mechanism to minimize re-
source scaling overhead during training by strategically overlapping
the scaling progress with ongoing training activities. This approach
effectively reduces training downtime associated with worker/PS
initialization and delays in allocating new resources. To further
reduce the scaling overhead, DLROVER invents a flash-checkpoint
mechanism, which accelerates checkpointing through the use of
shared memory and asynchronous data persistence.
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Figure 6: Seamless Migration.

Seamless Migration. Scaling resources up/down conventionally
involves a stop-and-restart operation: As shown in Fig. 6, the migra-
tion progress (w/o DLROVER) @ stops the workers/PSes and check-
points the model parameters in (remote) persistent storage (e.g., the
RDS at ANTGRoUP); @ deploys and initializes new PSes and work-
ers based on the updated resource plans — including adjusting the
number of worker/PS pods and/or their allocated resources, pulling
images of worker/PS pods, and launching the new worker/PS pods;
and @ finally loads the checkpoints from the persistent storage
and resumes the training job. While being straightforward, the
stop-and-restart operation results in nontrivial pending time (e.g.,
up to tens of minutes), especially in the cloud environment (§2.2).

We observe that such a synchronous stop-and-restart operation
can be decoupled into two parallel ones. Initially, rather than begin-
ning with step @, DLROVER starts initializing and deploying new
workers and PSes (i.e., @) while allowing the "old" workers/PSes
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to proceed with the ongoing training job. Once all the new work-
ers/PSes are ready to use, DLROVER performs steps @ and @, during
which training jobs must be paused. To further speed up the critical
path (© and ®), DLRoOVER invents the flash-checkpoint approach.
Flash-checkpoint. In the production environment of ANTGROUP,
the RDS services are commonly shared among various internal
services, each allocated a limited bandwidth. This, unfortunately,
prolongs the critical path of DLRover’s migration (O and ®). Unlike
checkpointing for fault tolerance, which focuses on data persis-
tence, checkpointing during the migration (of workers and PSes in
DLRoVER) should emphasize speed over strong persistence. This in-
sight motivates DLROVER to leverage a distributed caching service
(at AntGroup [5]) to enhance migration efficiency, called flash-
checkpoint. During migration, DLROVER checkpoints (D) or loads
(®) model parameters via the caching service. As the bandwidth
and access speed of the caching service is much faster than the RDS,
the checkpointing process takes much less time (e.g., less than 1 sec-
ond for a 20GB model). Further, the caching service facilitates data
sharing between new and old workers/PSes when they are located
on the same physical node, eliminating network transmission.
Note that DLROVER has a separate RDS-based checkpointing
mechanism for job-level and system-level fault tolerance (i.e., to
recover a job or the system from failures). The flash-checkpoint
mechanism, though separately, enhances the RDS-based check-
pointing by flushing model parameters from the caching system to
the RDS asynchronously (i.e., more update-to-date checkpoints).

5.3 OOM Prevention

DLRoVER employs a prediction mechanism for preventing out-of-
memory (OOM) via modeling the dynamics of memory usage. After
modeling the memory usage, DLROVER can use it to predict memory
usage and check if PSes would exceed the memory capacity before
the job completion (e.g., 10,000 steps to complete). If an OOM error
is estimated to occur within the job completion step, DLROVER
scales the PSes with larger memory capacity. We omit the thorough
analysis due to space limitations, please refer to our technical report
[62] for more details.

6 EVALUATION

Evaluation Environments. We thoroughly evaluated DLROVER
using both a small-scale (and more controlled) cluster and produc-
tion environment at ANTGROUP. 1) The small-scale cloud-based
cluster has 20 CPU servers, each equipped with two 16-core Intel
Xeon E5-2682 @2.5GHz CPU and 192GB RAM. All experiments
were conducted on a Kubernetes-managed cluster. 2) We further
evaluated DLRoOVER by deploying it in our production environment.
The cloud-based cluster provides ~1.6 million CPU cores, 3.24 PB
of memory, and 344 PB of disk storage. Different types of jobs
(e.g., training, serving, and stream processing) are sharing these
cloud-based resources.

Workloads. We employed three representative DLRM models at
ANTGROUP [11, 54, 74, 74]: 1) Model-X: Wide & Deep [13]; 2)
Model-Y: xDeepFM[33], and 3) Model-Z: DCN[63]. We measured
the performance of DLROVER on Criteo dataset [1]. All models were
implemented in TensorFlow 1.13, and each job had the same batch
size of 512 with 200,000 training steps.



Comparison Baselines. The evaluation covers two primary base-
lines: 1) w/o DLROVER: the general distributed framework (e.g.,
Kubeflow) used in the cloud [2] without DLROVER support. In this
baseline, each jobaAZs resources needed to be manually config-
ured. To show the effectiveness of DLROVER, we first well-tuned
the resource configuration of this baseline and compared it with
the support of DLROVER (i.e., w/ DLROVER). 2) The state-of-the-art
deep learning training job schedulers for CPU-only scenarios (i.e.,
as discussed in §2, DLROVER is designed for CPU-only hardware),
including Elastic Scheduler (short as ES) [43] and Optimus [45].
These schedulers are well-designed for traditional deep learning
models in NLP and CV. Note that, both ES and Optimus add or re-
move a fixed number of nodes each time, while ES only modulates
workers and Optimus adjusts PS or workers.

Metrics. We focus on four kinds of metrics. 1) Job Completion Time
(JCT): the end-to-end model training time (the shorter is better); 2)
Job Completion Rate (JCR): the proportion of successfully completed
jobs to the total jobs submitted within a defined timeframe. A higher
JCR indicates efficient job processing and a lower fault ratio; 3) CPU
Utilization Rate (CUR): the workload processed by the CPU within
a specified time period; and 4) Memory Utilization Rate (MUR): the
volume of system memory consumed during operations.

6.1 End-to-End System Performance

In this section, we demonstrate the end-to-end performance of DL-
RovER within the small-scale cluster, which eliminates the impact
of cloud instability and ensures a more fair comparison.

DLRover Nears Well-Tuned Configurations. To show the ef-
fectiveness of DLROVER, we manually tuned the resource configu-
rations for jobs without the support of DLROVER until they almost
reached the best throughput. Fig. 7 shows that DLROVER yields
comparable JCTs to well-tuned settings. For instance, the JCT for
model-X with DLROVER is 27.74 minutes - 1.4% higher than the well-
tuned counterpart. Note that manual tuning is a time-consuming
trial-and-error approach. For example, for Model-X, we re-run the
job for more than 10 times to achieve its optimal configuration. The
results demonstrate that DLROVER's three-stage algorithm (§4.3)
can accurately capture/allocate the resource demands for different
types of DLRM training jobs.

DLRover Beats Traditional Schedulers. Fig. 7 depicts that jobs
under DLROVER consistently achieve shorter JCT than ES and Opti-
mus. On average, there is a 17.7% or 28.5% improvement compared
with ES or Optimus. The results show that by considering the
unique lookup operations and memory demands in DLRMs, DL-
ROVER can effectively schedule DLRM training jobs to improve the
training efficiency with shorter JCT.

DLRover Preserves Model Convergence. In this experiment, we
used 90% of the Criteo dataset as the training set and the remaining
as the test set. As shown in Fig. 8, DLROVER does not compromise
the model performance (i.e., convergence and accuracy) compared
to jobs whose resource configurations are well-tuned. This veri-
fies that the proposed dynamic data sharding mechanism prevents
inconsistent model quality caused by elastic operations (§5.1).

In summary, DLROVER enhances the training efficiency of vari-
ous DLRM models by reducing JCT while maintaining model con-
vergence. In the following section, we conduct an in-depth analysis
of the separate effectiveness of the main components in DLROVER.
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Figure 7: DLRover achieves comparable JCT to well-tuned
configurations and reduces JCT compared with competitors.
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Figure 8: DLRover preserves the model performance (i.e., ac-
curacy and loss) on different DLRM training jobs.

6.2 Ablation Study

Warm-starting. To demonstrate the effectiveness of the warm-
starting algorithm (algorithm 1), we collected one month’s job
training data from a user within the production cluster. Fig. 9 shows
that DLROVER, with the warm-starting algorithm, provided initial
resource allocation very close to the final configuration. On aver-
age, the accuracy of DLROVER’s initial and final configurations for
workers and PSes are respectively 92% and 85%. It is because, based
on similarity analysis, DLROVER’s warm-starting algorithm extracts
the most matching jobs from the users’ historical task data to serve
as guidance; With a good initial resource configuration, DLROVER
reduces the number of scaling. Thus, we reduce the time of scaling
jobs from initial resource allocation to optimal resource allocation.
Based on the statistics from the production cluster logs, compared
to a cold-start approach (adjusting resources from zero), the scaling
time was reduced by an average of 26%.

Auto-Scaling. To evaluate the effectiveness of auto-scaling strate-
gies, we trained DLRMs from scratch (i.e., cold-started, thus remov-
ing the effect of DLROVER’s warm-starting) with different sched-
ulers. Every three minutes, schedulers adjusted the resources of
PSes or workers based on the runtime information. Fig. 10 shows
that, compared to ES and Optimus, DLROVER can achieve higher
throughput within the same time period. For instance, for model-X,
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DLRoVER achieves a throughput of 250 steps/second after running
for 12 minutes, while others still stay at the throughput of 100-150
steps/second. This is because DLROVER considers unique lookup
operations of DLRM training (in Eqn. 5).

5 1003 100

A

2 WWWW”\JWV\W

= 200 75 28 752

3 =

= ~Real —Predict —Acc ~Real —Predict —Acc =
7 15

h 50 21 50 &

2 3

g ]

E 25 14 25

o

=

= 20

06-01 06-08 06-15 06-22 06-29
Timeline of Training (Day)

(b) PS

06-01 06-08 06-15 06-22 06-29
Timeline of Training (Day)

(a) Worker

Figure 9: DLRover’s warm-starting strategy provides a re-
source allocation close to the final configuration.
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Figure 10: DLRover’s scheduling algorithm achieves higher
throughput in less time.

To further verify this, we validate the proposed throughput pre-
diction model (Eqn. 1). We sampled a set of training data points
under different resource setups (different (p, w, Cyy, Cp)). Then, we
use NNLS [4] to find as and fs that best fit the collected data points.
As shown in Fig. 11, our model can closely describe the relation-
ship between the training throughput and resource configurations.
We report coefficients in Eqn. 1 as: Agrad = 3.48, aypg = 2.36,
Alookup = 245, Async = 0.68, and 2.45 for the sum of j.
Instability Handling. In this study, we verify the capability of
DLRoOVER to handle instability in the cloud (e.g., straggler and hot
PSes). To simulate the worker/PS straggler cases, we randomly
selected a worker or PS and set the CPU cores to 3% of that in the
well-tuned resource configuration.

As shown in Fig. 12, for the hot PS case, we observe that: 1)
DLROVER can reduce the JCT by 36.4% and 27.6% compared to the
"no intervention" and "traditional migration" methods, respectively.
2) Unlike "traditional migration", when stragglers are detected, DL-
ROVER enables continuous training (i.e., seamless migration), as
DLROVER restarts the job using an asynchronous approach that
does not interrupt the job’s training (§5.2) — saving about 5 min-
utes of the training time. 3) With the flash-checkpoint mechanism,
DLROVER saves 3 minutes in saving and loading checkpoints due
to DLROVER using shared memory to store checkpoints instead of
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Figure 11: Sampled data points and the fitted curves of the
throughput prediction model. Under the setups with vary-
ing numbers of workers and PS, DLRover accurately pre-
dicts the throughput when adjusting resource variables.

communicating with RDS - significantly reducing the communica-
tion overhead (§5.2). As shown in Fig. 13, for the worker straggler
case, we observe that 1) DLROVER can shorten the JCT by 48.5% and
37% compared to the "no intervention" and "traditional handing"
approaches, respectively. 2) Compared to "traditional handling”,
DLROVER can also rapidly handle the straggler (within 1 minute)
and recover the healthy training instead of restarting the job. This
is achieved by redistributing less data shard(s) to the straggler pod,
with the support of dynamic data sharding mechanism (§5).

CJHealthy training [JSeamless migration ClInitialization
EUnhealthy training ESave checkpoint ~ ClLoad checkpoint
4»— Hot PS appears
No Intervention 33
1
1
Traditional :- | | 29
Migration l |
! — Flash-checkpoint
DLRover | I I |21
5 15 25 35
Time(minutes)

Figure 12: When a hot PS occurs, three distinct strategies re-
sult in different JCT: The "no intervention" approach contin-
ues training under an unhealthy state. The "traditional mi-
gration" method employs a stop-and-restart strategy, while
DLROVER utilizes the mechanism of seamless migration and
flash-checkpoint, significantly reducing overhead (§5.2).

6.3 Production Adoption and Evaluation

DLRoOVER has been deployed in the cloud-based production clus-
ter at ANTGROUP since June 2022. We conduct a comprehensive



production evaluation to reveal the benefits of production adop-
tion of DLROVER at ANTGROUP. We omit this study due to space
limitations, please refer to our technical report [62] for more details.

7 RELATED WORK

Training of Deep Learning Recommendation. Existing DLRM
training systems focus on accelerating training speed and address-
ing memory pressure. For example, AIBox [77] and HierPS [76]
overlap training execution on CPUs and GPUs, while using SSDs
to store massive parameters of the model. Ekko [56] accelerates
DLRM training over wide-area networks. Adnan et al. [9] place
highly accessed embeddings on GPU memory to reduce communi-
cation time. Gupta et al. [21] compresses parameter gradients dur-
ing model synchronization and squeezes activations and gradients
across subnetworks during the forward and backward propagations.
TTRec [70] adopts tensor train decomposition to mitigate mem-
ory consumption. AdaEmbed [27] identifies the embedding rows
with larger importance to improve model accuracy. AutoShard [72],
DreamShard [73] and [14] seek the optimal embedding table shard-
ing strategy to mitigate the lookup imbalances across devices. In
contrast, the data sharding mechanism (§5.1) in DLROVER focuses
on training data serving. FSDP[44] provides an industry-grade so-
lution for large model data parallel training. Borg[60], Twine[57],
and especially Akkio[10] apply similar sharding implementations
to achieve good latency on data serving by leveraging data locality.
In contrast, DLROVER focuses on scheduling resources and provides
robust fault tolerance for model training in a cloud environment,
where failures are common and resource availability varies.
Automatic Resource Configuration. Automatic resource man-
agement is widely used in distributed data processing jobs on
Hadoop [55] and Spark [71], and machine learning jobs on Spark
MLIib [37]. For example, Huang et al. [24] introduce an approach
to configure the memory of large-scale ML on Spark automatically.
Angel-PTM [42] focuses on memory management optimization for
large-scale transformer models. Eigen and fastflow [30, 59] explores
resource efficiency optimization in large-scale public-cloud produc-
tion environments. Additionally, numerous endeavors have been
dedicated to the automated configuration of the number of work-
ers and parameter servers, such as Optimus, Pollux, and Tiresias
[17, 45, 49]. Pollux [49] dynamically adjusts the number of work-
ers and learning rate to improve the throughput for synchronous
SGD. Both Pollux and Tiresias must re-deploy all workers when
adjusting resources, resulting in a long transition time. To minimize
it, [43] starts new all-reduce operations only when new workers
are ready and proposes a heuristic scaling to search the optimal
number of workers. For asynchronous training with the parameter
server architecture, Optimus [45] dynamically adds one worker or
parameter server each time to maximize the cluster’s performance
without considering the transition time of elasticity. Regarding
a large-scaling training job, the transition cost is not trivial be-
cause the number of workers and parameters is huge. DLROVER is
designed to conduct elasticity in a more effective way with little
overhead. Furthermore, we plan to identify better configurations
for training jobs using LLM-based optimization techniques[28].
Elastic Deep Learning Training. There are deep learning frame-
works that support elastic training. For instance, for asynchronous
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Figure 13: When a straggler occurs, three distinct strate-
gies result in different JCT: The No Intervention approach
persists in training under an unhealthy state. The Tradi-
tional Handling method employs a ‘stop-and-restart‘ strat-
egy, while DLRover redistributes the data shard for the strag-
gler with the support of dynamic data sharding mechanism
(§5.1), avoiding the restart of the job.

training, the PS training of TensorFlow [7] supports scaling work-
ers at runtime. Using checkpoint, TensorFlow enables the elasticity
for parameter servers. For synchronous training, there are Elas-
tic DL [67], PyTorch-Elastic [47], and elastic Horovod [53]. These
systems typically restart the job by relaunching all pods [45, 49].
Users need to implement their dynamic data partition policy. The
re-partitioning may result in inconsistency of sample iterations
if the dataset is huge. In contrast, DLROVER has a dynamic data
sharding service and does not need to re-partition during elastic-
ity. DLROVER also ensures consistency when adjusting parameter
servers by checkpointing unused data shards and model parameters
leveraging memory storage like Gemini[64].

Straggler Mitigation. For a distributed asynchronous DLRM train-
ing job using parameter servers, the straggler could be a PS or
worker because of hardware heterogeneity [50] or unbalanced
data/parameter distribution [7]. Existing works simply replace the
slowest node with a new node to mitigate stragglers [22, 43, 45].
However, this introduces additional overhead. Existing frameworks
like Kubeflow [2] can only set the same CPU and memory for the
workers or PSes. In contrast, DLROVER can adjust the workload
and resources for various types of components on the fly based on
updated elasticity decisions.

8 CONCLUSION

We have presented DLROVER, a cloud-based DLRM training system.
In designing DLROVER, we have considered the unique character-
istics of DLRMs and the practical challenges in a cloud environ-
ment. DLROVER builds an accurate resource-performance model
incorporating various runtime training information and develops
a three-stage scheduling algorithm for elastic resource allocation
and adjustment for DLRM training jobs. Moreover, DLROVER offers
a bunch of novel mechanisms to handle high cloud instability. Our
evaluation demonstrates the effectiveness of DLROVER in reduced
job completion time and increased resource utilization.
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