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ABSTRACT
Online deep learning (DL) training has become pivotal in powering
real-time applications. Yet tidal workload fluctuations leave GPU
clusters significantly underutilized during off-peak periods. This im-
balance not only wastes GPU capacity but also exacerbates scarcity
for other GPU-intensive jobs on cloud-native GPU cluster. Cluster-
wide resource leasing across different tenants enabled by elastic
scaling offers a promising opportunity to enhance GPU utilization
for cloud-native online DL training deployments in multi-tenant
GPU clusters. Existing solutions do not address the unique chal-
lenges associated with maintaining system stability during elastic
scaling for online DL training jobs, including prolonged disrup-
tions due to job reconstruction, failures arising from dependency-
unaware operation triggering, and the unreliable reclamation of
high-availability GPU resources.

In this paper, we introduce WeFlex, a resilience-aware elastic
scaling solution engineered for cloud-native online deep learning
jobs in multi-tenant GPU clusters. WeFlex enables online train-
ing jobs to lease idle GPUs for other GPU-intensive jobs during
low-demand periods while ensuring rapid reclamation as demand
surges. It significantly reduces the duration of training disruptions
through constructing a interruption mitigation pipeline, prevents
dependency-unaware operation failures via topology-aware pod
orchestration, and ensure reclamation of high-availability GPU re-
sources through right-of-return GPU leasing. Evaluations on 10,000-
plus scale GPU clusters in production demonstrate that WeFlex
significantly enhances GPU utilization while reliably maintaining
continuous training performance.
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1 INTRODUCTION
Online deep learning (DL) training has fundamentally transformed
online services, powering applications from personalized recom-
mendations to live video analysis. Unlike traditional offline DL
training, online DL training systems continuously update models
with streaming data, ensuring immediate responsiveness to evolv-
ing user behavior and content trends [25, 27]. This approach is
now essential for major internet platforms, with leading applica-
tions like WeChat Video processing billions of training samples
every day to keep models fresh. Such real-time online training jobs
are typically deployed on large-scale GPU clusters to meet their
intensive computational requirements [26].

In production environments, GPU clusters are typically orches-
trated using cloud-native platforms like Kubernetes (K8s)[14] in
multi-tenant settings, enabling resource allocation across various
services and user groups. Each DL job consists of multiple workers
or instances, with each worker deployed to a pod managed by the
cloud platform. In these systems, individual jobs submit indepen-
dent resource requests and are allocated dedicated GPU pools, each
exclusively reserved for a specific DL training job.

While these cloud-native multi-tenant platforms ensure robust
resource isolation and simplify management, it leads to significant
inefficiencies. A key characteristic of online training jobs is their
highly volatile traffic patterns. Such workload fluctuations and
multi-tenant resource demands are also prevalent in many data
management environments, including stream processing engines
and distributed databases[4, 15, 20]. Driven by regular user activity,
these jobs experience extreme daily fluctuations. Peak demand can
exceed off-peak levels by more than four times. For example, in
production systems like WeChat Video, a traditional "request-and-
keep" approach tailored for peak hours results in GPU clusters
operating at only around 40% utilization during off-peak hours,
leading to tens of millions of dollars in wasted capital annually.
Meanwhile, the scarcity of GPU resources forces GPU-intensive jobs
of other tenants (e.g., offline LLM training[24] or finetuning[28])
into prolonged queuing delays and prevents them from securing
sufficient GPU resources.

In order to mitigate the inherent challenge of low GPU utiliza-
tion in online DL training, cluster-wide resource leasing enabled
by elastic scaling can be explored. Online training jobs dynamically
scale up or down in response to a fluctuating GPU resource pool.
Idle GPU capacity, typically available during off-peak periods, is
temporarily allocated to other GPU-intensive jobs and reclaimed
when demand increases. However, current elastic scaling solutions
for deep learning workloads are either framework-specific or de-
signed primarily for stateless tasks like deep learning inference
services. They lack the capability to support widely diverse deep
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learning training frameworks on multi-tenant GPU clusters while
ensuring the continuous stability and service level objects (SLO) of
online training workloads.

In this paper, we present WeFlex, a resilience-aware elastic scal-
ing system tailored for cloud-native online deep learning training
on multi-tenant GPU clusters. In contrast to existing solutions that
are confined to specific DL training frameworks and stateless jobs,
WeFlex facilitates unified resource leasing and elastic scaling of
GPU capacity across multiple tenants’ GPU-intensive deep learning
workloads to enhance GPU utilization at cloud platform level. It
incorporates techniques such as interruption mitigation pipeline,
topology-aware pod orchestration, and right-of-return GPU leas-
ing to ensure the stability and robustness for the elastic scaling of
online training process.

The interruption mitigation pipeline is essential for minimizing
training disruptions during elastic scaling. Elastic scaling often
causes lengthy interruptions due to resource reclamation, check-
point downloads, and model weight redistribution. When resources
are reclaimed or reallocated, training instances typically require
state reconstruction and data redistribution, which can take tens of
minutes. During this downtime, real-time streaming data cannot
be processed, leading to stale model updates and reduced service
quality.WeFlex addresses this by performing in-situ resource adjust-
ment, bypassing Kubernetes’ default release-and-reclaim process.
With local loading and standby prelaunch, WeFlex avoids costly
steps such as image pulling and checkpoint downloading, ensuring
faster and smoother scaling.

To prevent failures from ignoring framework dependencies, We-
Flex introduces topology-aware pod orchestration. Existing cloud
platforms lack awareness of the internal topology and dependen-
cies in distributed frameworks like MPI, PyTorch, and Ray [17],
which complicates elastic scaling. When resources are adjusted,
the orchestrator may execute commands in the wrong order, often
causing job restarts to fail and leading to long interruptions. We-
Flex addresses this by parsing each framework’s dependency rules
and building a topology-aware orchestrator, ensuring that scaling
commands are executed in the correct order for training jobs.

To enable precise and reliable GPU reclamation, WeFlex intro-
duces right-of-return GPU leasing, combining resource tagging
with priority-based scheduling for deterministic allocation and re-
covery. Traditional cloud management treats GPUs as interchange-
able and lacks fine-grained device tracking, making it hard to ensure
that the original job receives the same number and quality of GPUs
after leasing. This can result in missing or lower-quality devices,
causing instability and degraded service quality. With right-of-
return leasing, WeFlex accurately tracks each GPU, ensuring timely
and quality-preserving reclamation during elastic scaling. While
WeFlex is motivated by the demands of large-scale online deep
learning training, its resilience-aware elastic scaling techniques
are also applicable to a broader range of data-intensive systems.
Cloud-native databases, large-scale stream processing engines, and
real-time analytics platforms face similar elasticity and SLO chal-
lenges [4, 15, 20], and can benefit from WeFlex’s platform-level
mechanisms for fine-grained resource leasing, dependency-aware
coordination, and stability preservation. Our contributions are as
follows.

• Leveraging production traces, we expose the inefficiencies in-
herent in separately managing cloud-native online DL training
and other GPU-intensive jobs on multi-tenant GPU clusters. In
particular, we observe a tidal traffic pattern that results in low
utilization of online training resources, while GPU-intensive jobs
of other tenants suffer from resource scarcity.

• Cluster-wide resource leasing enabled by elastic scaling is pro-
posed to enhance GPU utilization. Further investigation reveals
scaling-induced obstacles to sustaining stability and robustness
in online training, including training interruptions caused by
job reconstruction, dependency-unaware operation triggering
failures, and unreliable reclamation of GPU resources.

• We present WeFlex, an elastic scaling solution featuring sophisti-
cated stability-preservation mechanisms for cloud-native online
training. In detail, WeFlex incorporates interruption mitigation
pipeline, topology-aware pod orchestration, and right-of-return
GPU leasing to collectively mitigate stability challenges inherent
in elastic scaling.

• WeFlex is validated and deployed on large-scale production clus-
ters comprising 10,000-plus GPUs, demonstrating its effective-
ness in improving resource utilization and ensuring the robust-
ness of online training jobs.

2 BACKGROUND AND MOTIVATION
In this section, we introduce online DL training in corporations
like Tencent and WeChat, and motivate the design of WeFlex for
elastic scaling of cloud-native online DL training.
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Figure 1: The summarized software stack of cloud-native DL
training cluster in production, highlighting WeFlex’s posi-
tion in software stack.

2.1 Software Stack of Cloud-Native DL Training
As depicted in Figure 1, the software-hardware stack for cloud-
native DL training is reshaping organizational structures and work-
flows across enterprises.

Application Layer.Breakthroughs inDL algorithms have driven
rapid advances in recommendation, video/picture processing and
natural language processing systems. At corporations like Tencent,
applications span from news recommendations to video process-
ing. For instance, customer service teams leverage real-time online
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training with DLRM[18] on streaming user data to dynamically
improve the effect of video and news recommendations in WeChat.

Algorithm and Framework Layer. To support efficient and
scalable training, algorithm teams develop business-specific DL
models using frameworks such as PyTorch. Large-scale distributed
training is enabled by communication and synchronization libraries
like Horovod, Ray, and MPI, facilitating seamless scaling across
extensive GPU clusters.

Cloud Platform Layer. The platform layer, typically built on
Kubernetes, orchestrates GPU clusters at scale, supporting diverse
frameworks and algorithmic needs across teams. It manages re-
source allocation, robust job scheduling, and load balancing while
ensuring reliable, stable resource provisioning to upper layers. This
maximizes hardware utilization, reduces operational complexity,
and guarantees continuous, real-time DL service delivery.

2.2 Why Elastic Scaling for Online DL Training?
DL training jobs in production environments differ significantly
from jobs on testbed, introducing unique resource management
challenges in multi-tenant GPU clusters.
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Figure 2: GPU utilization of online training jobs, based on
the average usage of 1000 GPUs allocated to four online train-
ing jobs in WeChat, is measured over a 48-hour period from
March 24 to 25, 2025. Utilization fluctuates between 39% dur-
ing off-peak hours and 92% during peak hours.

Workload fluctuation in online DL training. Online training
workloads, similar to other web or DL inference services, are highly
dynamic and closely mirror user activity. Streaming data volumes
for training can vary dramatically throughout the day, resulting in
sharply defined peak and off-peak periods. To accommodate peak
traffic, GPU resources must be overprovisioned, which in turn leads
to considerable underutilization during off-peak periods. We plot
the GPU utilization in one of our online training jobs with 2-minute
intervals for two days time as shown in Figure 2.

Resource scarcity for other GPU-intensive workloads.GPU
clusters used for deep learning training in production environ-
ments typically support multiple tenants, including online and
other GPU-intensive training workloads, simultaneously within
a cloud-native platform. A notable observation is that many of
these GPU-intensive jobs encounter insufficient resource request
fulfillment. As depicted in Figure 3, the hourly average resource
request fulfillment ratio for these jobs, corresponding to the same
day as in Figure 2, reveals that a significant proportion of jobs
(up to 100%) fail to fully satisfy their resource requirements. The
overall resource request fulfillment ratio averages only about 40%,
which has a detrimental effect on the completion times of other

GPU-intensive jobs. This challenge is not solely attributable to
cluster-wide resource scarcity. In fact, during off-peak periods, the
average GPU utilization for online training is only 40%, indicating
a significant amount of idle GPU capacity across the entire cluster.
This under-utilization creates an opportunity for resource leasing
between workloads from different tenants.

Resource leasing across tenants enabled by elastic scaling.
To better accommodate the dynamic fluctuations in cluster capacity
and optimize the utilization of loaned online training resources,
WeFlex employs elastic scaling. While elastic scaling has been in-
corporated into certain ML frameworks, relying solely on specific
frameworks for resource leasing across diverse business units and
algorithm teams is impractical. Thus, elastic scaling should be uni-
formly initiated and managed on the cloud platform. Elastic scaling
enhances the efficiency of resource leasing by enabling online train-
ing jobs to scale in during off-peak periods, thereby releasing idle
GPU resources, rather than adhering to a "request-and-keep" ap-
proach. With the temporarily freed resources, other GPU-intensive
jobs can dynamically scale up, utilizing additional workers and
GPUs to expedite job completion. This allows online training jobs
to avoid holding excess GPUs during low-demand periods, reducing
capital expenditures. Simultaneously, other jobs can temporarily
lease these GPUs at a lower cost and priority.
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Figure 3: Resource fulfillment ratio over a 48-hour period for
all newly submitted jobs on the cloud platform in WeChat.
The y-axis shows, on an hourly basis, the ratio of GPUs ac-
tually allocated by the cloud platform to those requested by
applications. Data are aggregated per hour across all tenants
and span two consecutive days. A low fulfillment ratio indi-
cates that submitted jobs were unable to acquire their full
requested capacity, resulting in either queuing under gang
scheduling until additional GPUs became available [11] or
running with fewer resources than requested. Both situa-
tions lead to increased overall completion time.

2.3 Associated Challenges of Resource Leasing
While resource leasing enabled by elastic scaling can significantly
boost resource utilization for online training, concurrently shorten-
ing queuing delays and expediting job completion for other GPU-
intensive workloads, it also introduces potential scalability chal-
lenges in distributed training systems. With our production traces,
there are three associated issues affecting the stability of online
training jobs.

𝑪1 : Elastic scaling of GPU resources would significantly
disrupt ongoing online training jobs. In online DL training
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scenarios, performing GPU resource leasing through elastic scal-
ing frequently necessitates restarting or reconfiguring training
processes, causing significant training disruptions. For instance,
distributed training frameworks like MPI require consistent clus-
ter configurations. Changes in GPU capacity during scaling affect
critical parameters such as rank assignments and world size of MPI-
based solution. TorchElastic automatically detect resource capacity
changes, immediately restarting all instances to rebuild collective
communication groups and reloading model weights from check-
points. These inherently necessitate interrupting and restarting the
ongoing training processes.

In production, the cloud-native platform uniformly manages the
restart procedure across diverse training frameworks. This process
encompasses several time-intensive steps, including Kubernetes’
GPU resource release-and-reclaim mechanism, re-downloading
checkpoints (often tens to hundreds of gigabytes), pulling container
images, and redistributing model parameters. Even frameworks
designed to avoid full restarts must pause training requests and
synchronize model weights, a procedure nearly as costly. Empiri-
cally, the duration of this scaling operation typically ranges from 10
to over 40 minutes, depending on workload scale, model complexity,
and storage throughput. As shown in Figure 4, adjusting GPU alloca-
tions in two jobs within WeChat results in streaming-data training
interruptions lasting approximately 20–30 minutes. Such prolonged
interruptions can lead to substantial losses of real-time streaming
data, potentially affecting tens of millions of user-generated data
points. The consequent data loss significantly impacts model con-
vergence, recommendation accuracy, and overall service effective-
ness, presenting an unacceptable risk for production-scale online
training workloads.

0

500

1000

1500

2000

2500

3000

10:00 11:00 12:00 13:00 14:00 15:00 16:00 17:00 18:00 19:00 20:00

D
at

a 
R

at
e 

fo
r 

T
ra

in
in

g
(1

w
 r

ec
or

d
s/

m
in

)

Timeline of 10 Hours

One Training Job in WeChat Channel

One Training Job in WeChat Video
Up to 30 Minutes Interruption  

Figure 4: Interruption of online training jobs caused by
restarting jobs. The y-axis indicates the number of train-
ing records processed per minute. The monitored training
data flow spans a duration of 10 hours. Both jobs experienced
restarts at approximately 15:00, resulting in interruptions
lasting around 20–30 minutes. During interruptions, stream-
ing data could not be consumed by training jobs. Given the
buffer queue’s capacity limit of 20 million records (approxi-
mately two minutes’ worth of data), any interruption exceed-
ing this threshold leads to data loss due to buffer overflow.

𝑪2 : Effective elastic scaling for online training in cloud
platforms requires topology-aware coordination to prevent
premature command execution. Distributed DL training frame-
works typically deploy multiple training pods, each with distinct
roles (e.g., coordinator and workers), and enforce stringent syn-
chronization requirements. For example, MPI-based training jobs

necessitate that the coordinator pod waits until all worker pods are
fully initialized before issuing collective commands (e.g., mpirun).
In contrast, frameworks such as PyTorch and Ray[17] require the
coordinator pod to be launched first, followed by worker pods that
actively register. Without topology awareness, cloud platforms may
inadvertently trigger commands prematurely, resulting in operation
failures. Additionally, during resource reclamation or elastic scaling,
cloud platforms may mistakenly reclaim critical pods, such as a
coordinator pod. Premature removal of these essential instances
can immediately halt the entire training process, leaving allocated
resources unusable and necessitating manual intervention or costly
restarts. To address this issue, it is crucial for cloud platforms to in-
tegrate framework-specific dependencies and topology awareness
into their orchestration, ensuring stable and efficient elastic scaling
while maintaining stability.
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Figure 5: Production traces of GPU availability over two
weeks and one month. High-Availability refers to GPUs re-
maining fully available (100%) throughout the monitored
intervals, mid-availability refers to GPUs maintaining avail-
ability duration between 97% and 100%, while low-availability
GPUs were available less than 97% of monitoring duration.

𝑪3 : Reliable reclamation of GPUs after temporary leasing.
Effective GPU leasing in production environments imposes two
stringent requirements. First, all GPUs loaned to other tenants
must be promptly and fully reclaimed by the originating job during
scale-up, thereby preventing scenarios where resources become
unavailable due to further preemption or reassignment. Second, the
quality of reclaimed resources must be preserved: high-availability
GPUs originally allocated to online training jobs must be returned
in kind, rather than substituted with lower-availability devices. As
evidenced by Figure 5, although 70% of GPUs maintain perfect
availability over two weeks and 58% over a month, GPU failure
rates remain substantially higher than those of CPUs. To mitigate
this risk, production and algorithm teams have traditionally relied
on manual whitelists of high-availability GPUs to safeguard the
stability of online training jobs. These factors underscore the critical
need for precise and dependable reclamation of both the quantity
and quality of GPUs throughout dynamic leasing and scaling cycles.

However, native Kubernetes scheduling mechanisms lack the
ability to distinguish device provenance and treat all resources of
equivalent priority as interchangeable, providing no assurance that
the originally entrusted and equivalently provisioned GPUs will be
returned to their initial owners. Addressing this challenge requires
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a more sophisticated GPU tracking and resource management sys-
tem capable of enforcing robust right-of-return semantics, thereby
ensuring stable and predictable resource availability for critical
online training workloads.

2.4 Position and Distinctive Features of WeFlex
WeFlex can be distinguished from other solutions in three key as-
pects. 1) First, WeFlex is a cloud platform-level solution that
operates independently of particular DL framework for improving
GPU utilization, which supports diverse business units and algo-
rithm teams that typically use their own customized DL frameworks.
In contrast, systems like Horovod Elastic[9] and TorchElastic[22],
despite offering elastic scaling mechanisms, are tightly integrated
with particular DL frameworks. This inherent coupling restricts
users by confining them to associated software stacks. 2) Second,
WeFlex introduces cluster-wide resource leasing as a novel di-
mension and aims to loan GPU resources between online train-
ing and other jobs in multi-tenant GPU cluster, an aspect rarely
explored in existing systems. Recent solutions exploit shared DL
infrastructure such as Mudi [3], twine[29], Gandiva[32], Pollux[23]
and AntMan[33], their scope typically remains confined to cluster
scheduling and co-locating varied workloads rather than resource
elasticity or leasing across tenants. Instead, WeFlex does not focus
on job scheduling or packing strategies to minimize job comple-
tion time. 3) Third, WeFlex focuses on resilience-aware elastic
scaling solution for online training stability. Recent studies such as
Lyra [13], FaPES [34], Faro[10] and Primus [2] successfully achieved
elastic scaling for stateless DL inference workloads through dy-
namic replica adjustment and proxy-based service management.
However, their solutions can’t be employed directly in online train-
ing, where on-the-fly scaling involves challenges such as prolonged
training disruptions due to job reconfiguration or reconstruction,
failures caused by dependency-unaware operation, and unreliable
reclamation of high-availability GPU resources.

While WeFlex is motivated by the requirements of online deep
learning training, its underlying design principles are broadly ap-
plicable to a wide spectrum of systems including distributed data-
intensive systems. WeFlex delivers resilience-aware elastic resource
provisioning, characterized by sophisticated GPU resource man-
agement, minimized service interruptions, and dependency-aware
orchestration. These features are critical to multi-tenant environ-
ments including cloud-native databases, data lakes, and real-time
analytics platforms, and are applicable to a broad range of systems
facing challenges in elastic scaling, tenant fairness, and distributed
orchestration.

3 THE DESIGN OF WEFLEX
In this section, we present an overview that highlights the novel
components and workflow in WeFlex for ensuring stability when
employing elastic scaling for online training.

3.1 Overall Architecture.
WeFlex is deployed on top of a cloud-native GPU cluster managed
by Kubernetes where each physical GPU device is a fundamental
lending unit. As depicted in Figure 6, WeFlex’s architecture inte-
grates three principal modules to realize resilience-aware elastic

scaling. Specifically, the right-of-return GPU leasing module or-
chestrates GPU allocation and pod placement during scaling events,
ensuring timely reclamation of high-availability GPUs and suffi-
cient transient resources after temporary loans. Complementing
this, the interruption mitigation pipeline proactively manages on-
line training job launches through mechanisms such as in-situ pod
restarts, which reclaim original nodes and leverage cached data, as
well as prelaunch operations on standby nodes to minimize startup
delays when original nodes are unavailable. Topology-aware pod
orchestrator governs high-level control operations (e.g., start, termi-
nate) on DL training pods, enforcing dependency-driven readiness
checks so commands never execute prematurely and risk failure.

3.2 Elastic Scaling Workflow.
As shown in Figure 6, WeFlex’s design is centered around two key
workflows: a lightweight control-plane process for pod scheduling
and resource allocation, and a heavyweight execution-plane process
for job launch and reconstruction.

Upon detecting changes in online training workload, the sched-
uler at the cluster level consumes lease/reclaim directives from
the cloud platform that specify both the quantity and identities
of GPUs to be adjusted for each online training job (step a), de-
termine GPUs to be occupied/returned of other workloads (step
b) and issues virtual reassignment commands to the underlying
resource manager, seamlessly moving the chosen servers across
tenant boundaries (step c). If not enough devices can be reclaimed,
scheduler supplements from standby resource pool to ensure one-
to-one matching of leased and returned GPUs (step d). Once the
virtual reassignment is complete, WeFlex notifies the affected jobs
to perform reconfiguration or restart, thereby applying the updated
GPU assignments (step e).

Online training traffic follows highly regular tidal cycles, inter-
ruption mitigation pipeline employs in-situ resource adjust and
prelaunch mechanisms, enabling reclaimed or newly allocated
nodes to reuse existing environments and reduce job restart over-
head (step 1○). Upon receiving the actual scaling command, WeFlex
instructs its topology-aware orchestrator to poll each pod’s status
and confirm readiness for reconstruction (step 2○). Once all pods
are ready, dispatches rebuild or reconfiguration commands to the
online training containers (step 3○) and simultaneously signals the
workloads that had loaned the reclaimed GPUs to resume under
their new resource assignments (step 4○).

3.3 Interruption Mitigation Pipeline.
As shown in Figure 7, WeFlex constructs an interruption mitigation
pipeline to proactively mitigate the duration of training interrup-
tions with elastic scaling of containerized DL training jobs. Take
scaling up operation as an instance, restarting DL training job in-
volves multiple latency-sensitive operations, including GPU release
and reclaim, container image pulls, checkpoint downloads. By or-
chestrating in-place GPU capacity upgrades, proactive prelaunch,
and short-duration streaming data staging, WeFlex compresses
interruptions induced by the elastic-scaling window to seconds.

Transforming K8s for In-Situ Restart. In standard Kuber-
netes workflows, restarting a workload involves terminating all
associated pods. This action compels jobs to release their current
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GPU allocations back into the public shared resource pool, after
which they must reacquire resources. Consequently, GPUs previ-
ously occupied by the restarted workload might quickly become
allocated to other tenants, leading to unpredictable delays as jobs
wait for new GPU assignments, thereby extending interruptions.

To overcome these inefficiencies, WeFlex augments Kubernetes
with a custom control loop and node-level agent to deliver true in-
situ restarts. At the control-plane tier, aWeFlex operator watches for
targeted PodSpec edits(template.spec.containers[x].image),
and issues a strategic “hot-restart” patch via the standard Kuber-
netes API. This patch carries a lightweight annotation that flags the
affected container for in-place update rather than full pod recre-
ation. On each node, the WeFlex agent integrates with the con-
tainer runtime and the native Kubelet sync loop. When it detects
the hot-restart annotation, the agent gracefully terminates only
the specified container process and immediately spawns a new
instance with the updated image, all within the existing pod sand-
box. Crucially, it preserves: the UID of pod, network namespace (IP
address), existing volume mounts and ephemeral storage, shared-
memory regions (e.g., IPC namespaces), GPU device bindings, and
cgroup allocations. By sidestepping the default delete-then-create

cycle, WeFlex avoids relinquishing GPU allocations back to the
cluster pool and eliminates the overhead of re-mounting volumes
or re-initializing shared memory. The result is genuine hot-restart
semantics, characterized by in-place updates of container images,
persistent GPU-node bindings, and the elimination of the conven-
tional Kubernetes resource recycling and reacquisition procedures
associated with job restarts.

Local Loading Complemented by Standby Prelaunch. To
further shrink interruption windows caused by container image
pulling and checkpoint downloading, WeFlex first tries to bring
exactly the same GPU nodes back to the job that leased them. Sec-
tion 25 employs resource leasing strategies, tracking and recording
leased resources to ensure that reclaimed original GPU nodes pref-
erentially return to the online training jobs. These nodes still hold
the required container images and the most recent checkpoints on
their local disk, restarting jobs on them avoids massive network
transfer of image and checkpoint, thus incurring virtually zero
restart latency.

When some on-loaned GPU cannot be reclaimed, owing to hard-
ware failures or other unexpected issue, WeFlex falls back to a
public resource standby pool comprising dozens of spare nodes.
These spare nodes are proactively pre-warmed well before being
allocated to online training jobs. WeFlex launches a background
pipeline that pulls the relevant container images, downloads the
correct checkpoints, and redistributes models among GPUs well
ahead of anticipated scaling events. The duration required for these
prelaunch operations, defined as the prelaunch window (𝑊 ), is
carefully computed through the following formulas:

𝑇
pre
img = (1 − 𝜂cache) ×

𝑆img
min(𝐵net, , 𝐵reg)

(1)

𝑇
pre
ckpt = (1 − 𝜂ckpt) ×

𝑆ckpt
min(𝐵net, , 𝐵stor)

+
𝑆ckpt
𝐵gpu

(2)

𝑊 = 𝑇gpuadj +max(𝑇 pre
img, ,𝑇

pre
ckpt) (3)

Here, 𝜂cache and 𝜂ckpt represent local cache hit ratios for images
and checkpoints, respectively, derived from node-level metrics. 𝑆img
and 𝑆ckpt denote data sizes, while 𝐵net, 𝐵reg, and 𝐵stor correspond
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to network, registry, and storage throughputs, respectively. 𝐵gpu
refers to GPU interconnect bandwidth. By scheduling prelaunch
operations sufficiently ahead of anticipated scaling events (within
window𝑊 ), WeFlex ensures full preparation of all nodes. Regard-
less of whether resources are reclaimed from returned leases or
provisioned from the standby pool, each node arrives ready for im-
mediate use. As a result, interruption windows are both minimized
and predictable.

Short-Duration Streaming-Data Staging. As shown in Figure
7, even with in-situ restarts and pre-launching, a brief interruption
(tens of seconds) caused by pod restart remains unavoidable, po-
tentially causing loss of streaming inputs. To prevent data gaps,
WeFlex employs a lightweight staging buffer via message queue
(e.g., pulsar[1]). Incoming data for training job is replicated to a
dedicated staging topic for a duration𝑊stage, chosen to cover the
expected restart window plus a safety margin. Upon job relaunch,
the data pipeline drains the staging queue before resuming live
ingestion, replaying buffered records in original order. The queue’s
offset-tracking ensures exactly-once processing semantics, preserv-
ing training accuracy. By staging streaming data for the short restart
interval, WeFlex eliminates data loss and maintains end-to-end
training continuity.

3.4 Topology-Aware Instance Orchestration.
Elastic scaling is launched by the cloud platform. However, the
native platform lacks awareness of topology relationships among
instances of higher-level DL frameworks, potentially causing is-
sued commands to fail. To robustly handle startup and teardown
semantics specific to training frameworks during elastic scaling,
WeFlex introduces a topology-aware instance orchestrator at the
cloud platform level as shown in Figure 8. Its orchestration logic
comprises three clearly delineated stages: Directed Acyclic Graph
(DAG) construction from framework-provided dependency defini-
tions, continuous instance state monitoring, and condition-driven
command execution guided by DAG queries.

DL Frameworks

Cloud Platform

Dependency Parser Status Polling Component

Command Executor

In-Memory DAG Pods with different roles

Submit Yaml-based File①

Parse File② Status Query③④Update Snapshot

⑤ Verify pre-requisite conditions   

Issue Command⑥

Figure 8: Topology-aware pod orchestration and framework
command execution.

Initially, WeFlex ingests a YAML-based dependency file provided
by each distributed DL training framework. This file explicitly
enumerates operational commands, the associated node roles (e.g.,
coordinator, worker), and the execution preconditions for each
command. Specifically, the dependency file includes: i) Commands:

discrete operational actions (e.g., running mpirun on the coordina-
tor node). ii) Roles: categories of nodes (e.g., coordinator, worker)
designated to execute the commands. iii) Preconditions: conditions
that must be satisfied prior to command execution (e.g., worker
pods achieving ready state in MPI-based frameworks, PyTorch and
Ray require coordinator pod to be launched before worker pods).

Upon ingestion, WeFlex validates the YAML schema and trans-
lates it into an in-memoryDAG. Each node in the DAG represents an
operational command. The Roles are associated metadata attached
to these command nodes, explicitly identifying which nodes in the
cluster should execute each command. Preconditions determine
the edges between DAG nodes, representing dependencies where
one command must precede another. An edge from command A to
command B indicates that command B can only be executed once all
preconditions represented by command A’s completion are fulfilled.
For example, the command to run mpirun on the coordinator node
would have an edge from the worker node initialization commands,
indicating that the coordinator node’s mpirun command can only
be executed after all worker nodes have successfully completed
their startup commands.

FollowingDAG construction,WeFlex deploys a continuous polling
component responsible for querying and tracking preconditions.
This component actively monitors live instance statuses via Ku-
bernetes API queries, filtering by specific role-based labels (e.g.,
role=worker, role=coordinator). Readiness and liveness states of
pods are efficiently aggregated into a regularly updated snapshot.
Any status transitions, such as pods moving from pending to ready,
prompt immediate updates to this snapshot.

When a command execution request is submitted, the polling
component consults the DAG to verify that all prerequisite condi-
tions (upstream dependencies) are satisfied. This verification lever-
ages both the dependency edges in the DAG and the latest status
snapshot, ensuring conditions such as "all worker nodes are ready"
are explicitly checked before command initiation. Command exe-
cution occurs strictly after DAG validation and status confirmation.
Commands are issued through idempotent Kubernetes exec op-
erations or Kubernetes jobs, depending on the specific command
semantics (e.g.,mpirun). Each execution step is meticulously logged
and incorporates retry mechanisms governed by a controlled back-
off policy to handle transient failures gracefully.

3.5 Right-of-Return GPU Leasing.
In WeChat’s production environment, workloads are classified as
either high-priority (HP) or low-priority (LP) jobs. Resources allo-
cated to HP jobs are strictly protected and cannot be preempted by
any other jobs, whereas GPU resources assigned to LP jobs remain
preemptible and may be reclaimed as needed to satisfy HP demands.
Elastic scaling introduces additional complexity to this resource
model. When an online training job (classified as HP) scales down,
its released high-availability GPUs can be temporarily leased to
jobs from other tenants, including both HP and LP jobs. To ensure
resource guarantees for the original owner, the leasing process is
subject to two critical requirements: first, all leased GPUs must
be promptly and completely reclaimed when the original HP job
scales up; second, the set of reclaimed devices must maintain both
the original hardware types and the proportion of HA GPUs before
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elastic scaling. To realize these guarantees, WeFlex integrates a
dynamic tagging-based GPU manager with a priority-aware sched-
uler, enabling efficient utilization of idle GPUs by low-priority jobs
while preserving resource stability.

Algorithm 1: Priority-based Pod Scheduling
Input: G: set of candidate GPUs;
Need: number of GPUs requested by the pod;
Prio ∈ {High, Low}: pod priority;
ReqRel ∈ {HA, MA, LA}: required reliability class;
IsReclaim: whether the scheduling is triggered by an online
training resource reclamation event;
Match(Pod,Owner): true iff pod belongs to Owner ;
PickGPUs(𝑛): prefer GPUs with cache image/checkpoint on
node;
FetchStandby(𝑘 , r): fetch 𝑘 GPUs with reliability ≥ r
Output: Chosen: set of Need GPUs, or current available

GPUs
1 Step 1 – Load GPU Metadata;
2 (RelMap, TagMap) ← LoadConfigMaps();
3 Step 2 – Collect Usable GPUs;
4 Usable← ∅;
5 foreach 𝑔 ∈ G do
6 if RelMap[𝑔] < ReqRel then
7 continue;

8 if 𝑔 ∉ dom(TagMap) then
9 Usable← Usable ∪ {𝑔};

10 else if Prio = Low then
11 Usable← Usable ∪ {𝑔};
12 else if Prio = High ∧Match(Pod TagMap[𝑔]) then
13 Usable← Usable ∪ {𝑔};

14 Step 3 – Allocate with Cache Priority or Supplement;
15 if |Usable| ≥ Need then
16 Chosen← PickGPUs(Usable Need);
17 return Chosen;
18 else
19 Shortfall← Need − |Usable|;
20 if IsReclaim then
21 Supplemented← FetchStandby(Shortfall ReqRel);
22 Chosen← Usable ∪ Supplemented;
23 return Chosen;
24 else
25 return Usable;

Dynamic Tagging-based GPU Manager. WeFlex dynamically
classifies GPUs at the granularity of individual devices rather than
whole nodes. Each GPU is uniquely identified by the tuple (nodeIP,
gpu_idx, gpu_type), capturing the device’s location and specific
hardware type (e.g., H20). The reliability tier classification, High-
Availability (HA, 100% uptime), Medium-Availability (MA, 97–100%
uptime), and Low-Availability (LA, below 97% uptime), is refreshed
every two weeks, ensuring an accurate reflection of the current

hardware condition. When an online training job scales down, We-
Flex tags HA and MA GPUs owned by the online training jobs.
Each tagged GPU receives a transient ownership identifier corre-
sponding to the releasing online training job, explicitly signaling
future reclamation intent. Untagged GPUs remain open for general
allocation. If a tagged GPU cannot be reclaimed due to hardware
failures or other unexpected issues, WeFlex supplements these with
replacement GPUs from the standby pool, matching the required
availability tier and GPU type. This ensures the stable proportion of
HA devices within online training jobs post elastic scaling. To main-
tain the standby resource pool’s stability during routine allocation
and reclamation, GPUs released to the platform are periodically
integrated back into standby pool.

Priority-based Pod Scheduling. The priority-based scheduler
leverages unified and dynamic metadata from the tagging-based
GPU manager to enforce both reliability and ownership constraints
within a single, cohesive scheduling operation, as outlined in Al-
gorithm 1. The scheduling process proceeds in several integrated
stages: It begins by loading the tagging map along with real-time
GPU availability data(line 1). Candidate GPUs are then selected
through a process that considers both the reliability tier, ensur-
ing only devices that satisfy the job’s availability requirements are
included, and ownership constraints. For lower-priority jobs, allo-
cation can utilize both unallocated GPUs and tagged GPUs that are
temporarily released by online training jobs, while these tagged
GPUs remain subject to immediate reclamation by their original
owners if necessary. In contrast, high-priority jobs are only per-
mitted to reclaim tagged GPUs if these devices were previously
released by themselves, which ensures the recoverability of re-
served resources for critical online training during scale-up(lines
5–13). Subsequently, the scheduler determines the final allocation
based on the operational context. When the number of available
GPUs exceeds the job’s request, preference is given to devices re-
siding on nodes that still cache the job’s checkpoint or image data,
thereby minimizing restart latency as discussed in Section 3.3 (lines
15–17). If available GPUs are insufficient and the scheduling action
is triggered by an online training resource reclamation event, the
scheduler supplements the allocation from the standby resource
pool, selecting devices that match the required reliability and hard-
ware type. For ordinary resource requests, the scheduler simply
returns the set of currently available GPUs. GPUs in the standby
pool are reserved exclusively to backfill scale-up reclaim operations
when the normally reclaimable devices are insufficient(lines 19–25).

PreemptionHandling for LP Tasks.When HP online training
scales up, WeFlex performs graceful reclaim to bound impact on
LP jobs. WeFlex issues a preemption notice with a short grace
period 𝜏grace (30–60 s) via the Kubernetes API. During 𝜏grace, LP jobs
flush lightweight state and, if supported, persist checkpoints/offsets.
After the timeout, only the selected LP pods are terminated and
their GPUs reclaimed, preserving device provenance (type and
availability tier) for right-of-return. Since LP jobs are offline/non-
real-time, brief interruptions are tolerated under QoS policy.

4 EVALUATION
This section presents a comprehensive evaluation of WeFlex’s per-
formance in WeChat’s production environment. Through the ex-
periments detailed here, we aim to address the following critical
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questions: i) To what extent does WeFlex’s resource leasing capabil-
ity, enabled by elastic scaling, improve GPU utilization efficiency?
(Section 4.3) ii) Compared to native elastic scaling of K8s, how effec-
tively does WeFlex preserve the stability and robustness of online
training workloads? (Section 4.4) iii) What mechanisms enable We-
Flex to sustain such stability and robustness during elastic scaling?
(Ablation studies in Section 4.5–4.7)

4.1 Experiment Setup
WeFlex is developed with about 50,000 lines of Go language. It
has been deployed into production for over one year to work with
Kubernetes in internal GPU cluster of Wechat. The production
environment comprises 10,000-plus GPUs, including Nvidia H20
GPUs, etc. By 2025, we have used WeFlex to support a wide range
of online training jobs, including real-time short video recommen-
dations, searching, and advertisement. More than one billion users
are using these services monthly. The number of GPU used in the
evaluation varies depending on the specific experiment and service
type, which are detailed in the context of each experiment. We also
implemented a YARN* baseline on Kubernetes in Section 4.4, Sec-
tion 4.5 that reproduces YARN’s[31] core mechanisms, including
priority and fairness preemption, node and rack aware placement,
node health awareness, and framework-level checkpoint and restart,
while do not include WeFlex-specific features such as interruption
mitigation pipeline.

4.2 Workloads Deployed on GPU Cluster
In our production GPU cluster, online training workloads predomi-
nantly consist of real-time training of recommendation models[12,
18, 30], for example, training a large-scale ranking model that is
routinely deployed in our live environment or training the Wide &
Deep model [5] on the Criteo Terabyte Click Logs in chronologi-
cal order. Other GPU-intensive workloads are also diverse but are
chiefly composed of offline training and fine-tuning jobs for various
models, such as large languagemodels and other deep learningmod-
els. The selections of distributed training frameworks are guided by
the unique requirements of each tenant or team, spanning options
such as PyTorch and TensorFlow, orchestration platforms like Ray,
or MPI-based solutions.

4.3 Improvement of Resource Usage
In this section, we assess WeFlex’s impact on resource utilization
from two perspectives: first, by measuring uplift in GPU utilization
for online training jobs after elastic scaling; and second, by quanti-
fying improvement in resource-request fulfillment ratio for other
workloads, demonstrating the GPUs released by online training
jobs are being fully leveraged.

4.3.1 Improvement of Cluster-Wide Resource Usage. As shown in
Figure 9, we quantify the effectiveness of WeFlex in addressing
workload imbalances and enhancing GPU utilization within a large-
scale production environment. Our evaluation spans GPU clus-
ters comprising approximately 10,000 GPUs, with cloud-native
online training jobs occupying roughly 48% of these GPUs, while
other GPU-intensive workloads (e.g., offline LLM inference and
fine-tuning tasks) utilize the remaining resources. We collected

GPU utilization data separately over a 24-hour period, comparing
scenarios with and without WeFlex integration.
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Figure 9: Improvement GPU usage for cloud-native online
training jobs and all other GPU-intensive jobs in WeChat by
employing resource leasing enabled by elastic scaling.

Figure 9(a) breaks down the utilization of GPUs serving online
training jobs prior to any resource reallocation. Nearly 30% of these
GPUs ran at low efficiency (utilization between 0.30 and 0.55), 65%
operated in the mid-range (0.55–0.80), and only 5% exceeded 0.80.
After enabling WeFlex’s resource-leasing mechanism, we observe
a roughly 25% uplift in average GPU utilization for online train-
ing, over 30% of those GPUs now reach or exceed 80% utilization.
Figure 9(b) shows the aggregate utilization across all workloads
including both online training and other workloads: since other
GPU-intensive generally sustain higher GPU occupancy, the cluster-
wide CDF shifts upward, about 15% of GPUs fall in the 0.30–0.55
band, 65% in the 0.55–0.80 band, and the remaining 20% above
0.80. After enabling WeFlex’s resource-leasing mechanism, overall
cluster utilization climbs by about 10%, demonstrating that GPUs
vacated during training troughs were promptly reallocated to other
GPU-intensive workloads rather than left idle. This confirms that
WeFlex both levels out utilization across workloads and maximizes
efficiency of the entire GPU fleet.
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Figure 10: Resource fulfillment ratio over a 48-hour period
for all submitted jobs on the cloud platform with resource
leasing of online training jobs.

4.3.2 Improvement of Cluster-Wide Resource Request Fulfillment
Ratio. Figure 10 presents a 48-hour record across all the jobs that
lease GPUs from online training workloads, in which we captured
every job’s GPU requests and quantified the corresponding alloca-
tions granted. It shows that GPU resources are in short supply: for
all these tenants on the cloud platform, the average fulfillment rate
for GPU requests lingers at only about 40%. In other words, if the
tenant requests 100 GPUs, only roughly 40 are granted immediately.

383



During the trough period for online training jobs, typically from
00:00 to 06:00, training traffic falls and many GPUs remain idle. We-
Flex therefore elastically scales down those training jobs and leases
the freed GPUs to other workloads. As a result, over the 00:00–06:00
window, request-to-allocation rate for other GPU-intensive jobs
jumps by roughly 25 percentage points, to around 65%, alleviating
resource shortages and improving utilization of GPU fleet.

4.4 Evaluations on Stability Preservation
In this section, we validate WeFlex’s effectiveness in maintaining
training stability during elastic scaling through two complementary
analyses. First, we dissect the breakdown of GPU hours over time
to quantify the duration of continuous training intervals unaffected
by scaling operations. Second, we assess the tenant perspective by
examining critical service metrics to confirm that scaling actions
introduce no adverse effects on application performance or model
quality. To empirically substantiate these findings, we conducted
small-scale experiments on WeChat’s video recommendation ser-
vice using a cluster of 50 servers, each equipped with eight H20
GPUs. Each scale-down operation releases half of the GPUs, while
a scale-up operation reclaims all of them.

4.4.1 GPU Hour Breakdown of Online Training. The breakdown
of GPU hours is shown in Figure 11. This evaluation spans 10
days, amounting to approximately 4,000 GPU hours (50 servers ×
8 GPUs/server × 10 days). GPU idle time is calculated based on
utilization: for instance, if training runs for 5 hours at 60% aver-
age GPU utilization, we attribute 3 hours to active training and 2
hours to idle time. Interruption time captures training pauses due
to scaling events (both up and down) or user-initiated job restarts.
GPU downtime specifically denotes periods when GPUs become
unavailable due to hardware issues, including overheating, device
failures, or NVLink disruptions. For the online training workload
of this service, tidal fluctuations in demand drive an average GPU
utilization of 61%. Accordingly, without any elastic scaling, normal
training occupies just 58% of total GPU time, while idle periods
account for roughly 37%. When we introduce Kubernetes’ native
scale-up/scale-down mechanism, overall utilization does improve,
but at a cost: each daily scaling event forces a job restart, producing
interruption periods that consume nearly 9% of GPU time. More-
over, because high-availability GPUs released during scale-down
are not always reclaimed, GPU downtime creeps up by about 1.5%.
Even so, the dramatic drop in idle time delivers an around 13%
increase in effective training time. While YARN* also reduces idle
time, its reliance on checkpoint/restart forces a full restart path,
leaving interruption time still high. Its node-health checks slightly
lower GPU downtime by avoiding faulty nodes, but without device-
level right of return, HA GPUs are not preserved across scaling
cycles. By contrast, integrating WeFlex to orchestrate elastic scal-
ing preserves nearly all of that utilization gain while dramatically
enhancing stability. Interruption time grows by only 1% over the
no-scaling baseline, and GPU downtime remains essentially flat. As
a result, “normal” training time soars to 81% of total GPU hours,
an improvement of 23% versus no scaling and 9% over native scal-
ing, demonstrating that WeFlex can reconcile high utilization with
minimal disruption.
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Figure 11: GPU hour breakdown for online training jobs.

4.4.2 Impact on Service Quality and Accuracy of Online Training
Model. As shown in Figure 12, we diverted a small portion of traffic
fromWeChat Video’s recommendation service to an online training
workload employing elastic scaling, aiming to evaluate the impact
of scaling operations on model performance and service quality.
The baseline was an online training model without elastic scaling.
We primarily assessed three key metrics: Overall Click-Through
Rate (CTR), indicating content attractiveness; User CTR(U-CTR),
reflecting individual user engagement; and Conversion Rate (CR),
measuring effectiveness of user behavioral guidance. Under native
elastic scaling and YARN*, frequent job restarts during scaling-up
and scaling-down periods led to interruptions lasting approximately
30 minutes each time. These disruptions prevented real-time train-
ing on fresh user data, resulting in significant degradations, U-CTR
dropped by roughly 5%, CTR by 7.5%, and CR by 5.5%. Compared
with naive scaling, YARN* shows no substantial improvement, as
slow checkpoint recovery and lack of GPU reusability remain un-
solved. In contrast, when employing WeFlex’s elastic scaling solu-
tion, its interruption mitigation pipeline substantially shortened
training interruptions brought by elastic scaling. Consequently, the
adverse impact on service metrics is negligible, showing minimal
deviation from the non-scaling baseline. This highlights WeFlex’s
capability to maintain robust service quality and model perfor-
mance even under dynamic scaling conditions.
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Figure 12: Impact on service metrics and model quality when
employing elastic scaling for online training.

4.5 Reduction of Interruption Duration
To evaluate the reduction in interruption duration, we monitored
the streaming training data throughput on WeChat’s video recom-
mendation service for 12 hours. The experiment was conducted on
a cluster of 64 servers, each equipped with eight H20 GPUs. During
each scale-down, half of the GPUs were released, and during each
scale-up, all loaned GPUs were reclaimed. As illustrated in Figure
13, without elastic scaling (red line), the online training workload
exhibits predictable tidal fluctuations while the data ingestion rate
remains stable. Under native elastic scaling (blue line) and YARN*
(green line), with a scale-down at 1:30 and a scale-up at 6:30, the
input throughput collapses to nearly zero for roughly 30 minutes
each time, halting the streaming training process. YARN* still fol-
lows a full restart path, leading to long interruption windows. In
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practice its behavior is close to the naive baseline. By contrast,
when employing the interruption-mitigation pipeline (orange line),
each scaling event induces only a brief disruption of a few tens of
seconds, during which incoming data can be buffered in message
queue. Once the restart completes, the accumulated backlog is re-
played, producing a short burst in the input rate during recovery.
This approach dramatically reduces the disturbance of elastic scal-
ing on online training and underscores the interruption-mitigation
pipeline’s role in preserving continuous service.
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Figure 13: Reducion of interruption duration.

4.6 Effect of Topology-aware Instance
Orchestration

To evaluate the impact of topology-aware job orchestration, we
conducted a command-execution test of the most widely used dis-
tributed training frameworks, such as MPI-based solution, PyTorch
Distributed Libray, Ray, and TensorFlow Distributed Libray, on 64
GPU servers (8 H20 GPUs per node) as shown in Table 1.

Table 1: Failure rate of command issued from cloud platform.

Distributed Framework Command Original Failure Rate Topology-aware Failure Rate
MPI mpirun 95% 0%
Ray ray start 92% 0%

PyTorch Distributed torchrun 97% 0%
Tensorflow Distributed start script 0% 0%

Issuing launch commands directly from the cloud management
plane is inherently blind to the actual state of each worker pod:
if an MPI mpirun command or PyTorch/Ray launcher is invoked
before all remote pods are up and registered, the job invariably
fails. In our measurements, over 90% of attempts with MPI-based
frameworks, PyTorch Distributed, and Ray were unsuccessful when
driven naively by the cloud platform. TensorFlow Distributed em-
beds its own readiness checks and coordination logic, so even com-
mands dispatched from the cloud plane consistently succeed. We-
Flex’s topology-aware instance orchestration performs comprehen-
sive preflight validation, verifying pod readiness and resource avail-
ability, before issuing any launch command. With these guarantees
in place, every cloud-initiated command across all four frameworks
was completed successfully, demonstrating that topology-aware or-
chestration eliminates the unpredictability of command execution.

4.7 Effect of Right-of-Return GPU Leasing
To validate the effectiveness of the Right-of-Return GPU leasing
policy, we conducted a two-month production trace of the stream-
ing training workload for WeChat’s video recommendation service
on a 64-server cluster, each provisioned with eight H20 GPUs. We

tracked the share of high-availability GPUs assigned to the job
under three configurations: no elastic scaling, GPU leasing without
Right-of-Return, and GPU leasing with Right-of-Return. As shown
in Figure 14, without elastic scaling, the job maintained a 74% share
of high availability GPUs, 4 percentage points above the average
for two weeks of the cluster shown in Figure 5. When leasing GPUs
without a Right-of-Return guarantee, the share of high-availability
GPUs gradually diminished until it aligned with the cluster average,
failing to meet the tenant’s reliable reclamation requirements. In
contrast, with Right-of-Return leasing policy enforced, the high-
availability share remained firmly at 74% throughout the trace,
demonstrating that the Right-of-Return GPU leasing mechanism
consistently preserves access to a stable portion of reliable GPU
resources with elastic scaling.
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Figure 14: Production trace inWeChat for ratio of GPUs differ
in availability.

4.8 Portability and Limitations of WeFlex
Although WeFlex is deployed within WeChat’s ecosystem, its un-
derlying techniques are broadly applicable to key challenges in
large-scale online services, such as mitigating disruptions caused
by scaling and enabling topology-aware instance orchestration.
Our solution is built upon widely adopted de facto frameworks
Kubernetes, ensuring seamless adaptability across diverse infras-
tructure environments. Moreover, the framework operates at the
cloud platform layer for resource provisioning, making it agnostic
to upper-layer deep learning training frameworks. This allows We-
Flex to support distributed training across various DL frameworks
without imposing restrictions on the application layer, further en-
hancing its flexibility and broad applicability.

WeFlex still offers considerable potential for further refinement.
First, although current analyses show that the remaining short-
lived interruptions exert minimal impact on overall service quality,
and most online training tenants accept this trade-off in exchange
for significantly improved GPU utilization and the economic gains
from leasing idle GPUs. These brief stalls have not yet been fully
eliminated, leaving room for further optimization. Second, to guar-
antee sufficient capacity for timely resource reclamation, WeFlex
maintains an idle standby resource pool. The capacity of this pool
is currently determined by empirical estimation, typically encom-
passing several dozen servers of a variety of types and dynamically
adjusted as necessary. Moving forward, WeFlex will incorporate
more detailed statistics on unreclaimed devices observed during
each scale-up event, enablingmore accurate prediction and adaptive
adjustment of standby pool requirements.
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5 RELATEDWORK
DL-Framework coupling elastic scaling. Distributed DL frame-
works such as Elastic Horovod [9], PyTorch Elastic [22] and Elas-
ticDL [35] provide built-in mechanisms for elastic scaling within in-
dividual training jobs. AntMan[33] deeply co-designs cluster sched-
ulers and DL frameworks to address GPU sharing challenges. It
offers fine-grained scaling by micromanaging computation and
GPU memory during training. However, these framework-specific
implementations typically restrict elasticity to single-framework
scenarios and lack effective support for multi-tenant GPU envi-
ronments as depicted in Figure 1. The core limitation is that dif-
ferent business and algorithm teams often adopt their customized
distributed training frameworks. Achieving elasticity at the DL
framework level would require extensive and impractical modifi-
cations across all frameworks. Therefore, providing elasticity at
the platform level, rather than relying on individual framework
adaptations, is essential for enabling efficient resource lending in
multi-tenant production clusters.

Resource platform support for elastic scaling. Existing so-
lutions such as Lyra [13], Primus [2], and native Kubernetes offer
elastic scaling mechanisms, primarily targeting stateless services
like inference tasks, whose replicas are independent and easily
scaled. [19] proposes an auto-scaling policy by considering both
cost and scaling efficiency. These approaches, however, do not ex-
plicitly address the challenges posed by online training workloads,
particularly the stringent stability requirements. Online training
jobs face substantially different challenges during resource scaling,
including prolonged interruptions, complex state synchronization,
and the risk of significant streaming data loss. To the best of our
knowledge, WeFlex is the first platform-layer solution that explic-
itly addresses elastic scaling for online DL training in multi-tenant
production environments.

Dynamic resource allocation on GPU cluster. Existing ap-
proaches extensively explore dynamic GPU allocation and sched-
uling policies to improve overall resource utilization and reduce
average job completion time (JCT). Tiresias [8] leverages a least-
attained-service approach to minimize average JCT, though it does
not explicitly support elastic scaling. Optimus [21] predicts training
durations by modeling loss convergence and employs heuristics
to minimize average JCT. Graphene [6] dynamically adjusts re-
source allocations to match time-varying job demands, aiming to
enhance cluster utilization. Synergy[16] performs multi-resource
workload-aware assignments across a set of jobs scheduled on
multi-tenant clusters. However, these methods primarily focus on
scheduling optimization rather than true elastic resource scaling
in multi-tenant GPU clusters. Specifically, they do not support sce-
narios involving resource lending or resource reclaiming among
tenants or workloads characterized by pronounced tidal patterns.
In contrast, WeFlex explicitly addresses these gaps by enabling
elastic, resilience-aware resource sharing tailored specifically for
continuous online DL training workloads.

Efforts of SLO Guarantee for GPU Sharing. Prior works
such as Mudi[3], FaPES[34], and AntMan[33] have also consid-
ered SLO-related issues, but they primarily focus on mitigating
interference among multiple workloads sharing the same GPU de-
vice. ElasticFlow[7] is an elastic serverless computing platform for

distributed training. It performs admission control based on a mini-
mum satisfactory share to guarantee deadlines. In contrast, WeFlex
specifically targets distinct challenges arising during the scaling of
online training workloads in production, such as scaling-induced
interruptions and reliable reclamation of high-availability GPUs.
Thus, these prior works are orthogonal to WeFlex and address
fundamentally different problems.

Elastic scaling in data management systems. Modern cloud-
native data management systems such as distributed databases,
stream processing engines, and real-time analytics platforms also
face challenges analogous to those in online deep learning training.
Systems like Oceanus [4], StreamOps [15], and MagicScaler [20]
report temporal and spatial workload imbalances, stringent SLO
requirements, and complex inter-component dependencies during
scaling.While existing elasticity mechanisms in these systems focus
on CPU and memory provisioning, the underlying principles (pre-
dictive scaling, fine-grained resource allocation, dependency-aware
orchestration) are directly relevant to GPU-intensive workloads.
WeFlex extends these concepts to the GPU domain, introducing
device-level right-of-return leasing, topology-aware orchestration
across distributed training frameworks, and interruption mitigation
pipelines. These techniques can be applied to a broader class of
data-intensive systems to enable stable, SLO-preserving elasticity
in multi-tenant environments.

6 CONCLUSION
We have presented WeFlex, a resilience-aware resource leasing sys-
tem that enables elastic scaling for cloud-native online training in
multi-tenant GPU clusters. The key idea is to exploit cluster-wide
elasticity, by loaning idle GPU capacity to other workloads during
off-peak hours, and job-level elasticity, by preserving the stability
of online training jobs across scale-up and scale-down events. We-
Flex addresses three core challenges of production online training:
prolonged training interruptions, dependency-unaware orchestra-
tion, and unreliable GPU reclamation. To meet these challenges, we
introduced an interruption-mitigation pipeline, a topology-aware
pod orchestrator, and a right-of-return GPU leasing mechanism
that ensures reliable and latency-bounded resource reclamation for
high-priority jobs.

Our evaluation on production clusters with over 10,000 GPUs
demonstrates that WeFlex not only improves the GPU clusters uti-
lization by about 25%, but also maintains stable convergence and
introduces no additional downtime or failure rate during dynamic
scaling. Meanwhile, the right-of-return mechanism enhances the
resource-fulfillment ratio for other GPU-intensive workloads by
around 25% during the scale-down phases of online training jobs.
Overall, WeFlex shows that carefully designed elastic scaling mech-
anisms can deliver substantial efficiency gains while preserving
robustness required for online training at scale, offering a practical
path toward more agile and resource-efficient cloud-native GPU
clusters in production.
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