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Abstract
High resource utilization is significant for cloud vendors. To
achieve this, a common practice is to co-locate low-priority
batch workloads (typically Spark-based analytics) with high-
priority online services, while strictly maintaining Service
Level Objectives (SLOs). This paper presents an empirical
study of co-location and overcommitment in a production-
scale datacenter. Specifically, within Ant Group, online ser-
vices utilize only 22.0% of available CPU resources. By care-
fully overcommitting resources to deploy batch workloads,
the system harvests an additional 26.8% of CPU capacity.

Despite this increased density, we observe that batch work-
loads remain inefficient, with a useful computation ratio of
only 67%. We identify the root causes of this low “effective
utilization” as four types of idleness: (1) slot idle, arising from
coarse-grained resource management in Spark; (2) gap idle,
caused by hardware heterogeneity and interference; and (3/4)
start/stop idles, resulting from the high latency of launching
and destroying analytic instances. To address these inefficien-
cies, we propose Quark, a novel framework that integrates
serverless paradigms into batch analytics. Quark eliminates
these idles through fine-grained resource allocation, hetero-
geneity and skew-aware scheduling, and rapid instance provi-
sioning. Experimental results show that Quark increases clus-
ter utilization by about 37.37% and reduces the proportion of
long-tail jobs from 15% to 2%. Quark has been deployed at
scale within Ant Group, processing 350,000 offline query jobs
daily across a deployment footprint of 600,000 CPU cores,
processing between 7,500 TB and 10,000 TB of data daily,
and saving more than 100,000 CPU cores.

1 Introduction
Cloud providers strive to maximize resource utilization while
strictly adhering to users’ SLOs [56]. In modern cloud
infrastructure, two primary strategies drive resource effi-
ciency: overcommitment and co-location. Overcommitment
enables providers to allocate aggregate resources exceed-
ing a machine’s physical capacity, leveraging the statistical
probability that tenants will not reach peak usage simultane-
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batch 21.2% 33.3% 26.8%
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Figure 1: Co-location CPU Utilization in a Ant Group’s
Cloud Cluster. Maintaining roughly 60% resource utilization
achieves a practical trade-off between meeting online service
SLOs and maximizing efficiency in clusters.

ously [13, 94, 100]. Complementing this, co-location sched-
ules diverse workloads, combining latency-sensitive online
services with resource-intensive offline analytics, onto the
same physical nodes. This exploits complementary usage pat-
terns to maximize utilization without a proportional increase
in hardware, a common practice among major providers like
Google [35, 78, 92], Alibaba [19, 40], and ByteDance [98].

Ant Group also adopts these strategies to optimize its uti-
lization. Our cloud overcommits resources such that total allo-
cations exceed physical capacity, managing diverse workloads
within a unified resource pool. As shown in Figure 1, a single
node hosts a hierarchy of four distinct workload tiers. At the
highest priority are System processes (cluster management
daemonsets like etcd) and Prod services (latency-sensitive mi-
croservices or serverless functions [17,39,85]), which receive
guaranteed resource allocations. Co-located alongside these
are Mid-tier real-time tasks (not latency-critical but require
stable and reserved resources, e.g., Flink [5]) and Batch work-
loads (opportunistic Spark jobs [12, 104]). Mid and Batch
workloads run exclusively on overcommitted resources and
are treated as best-effort; during contention, they are liable to
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Figure 2: Gap Between Allocated and Actual Compute
Resources in Batch Workloads. Light blue region represents
utilization for actual compute tasks. Light coral region indi-
cates idle time or non-effective computation. 1 CU indicates
1 CPU core and 4GB memory for a 1-hour period.

be throttled or evicted. Despite their lower priority, these work-
loads exhibit pronounced diurnal patterns, allowing effective
co-location to significantly boost overall cluster utilization.
However, based on large-scale production deployments and
an in-depth analysis of existing solutions, we demonstrate
that the current coarse-grained job model [6, 8] for batch
processing is structurally inefficient for co-location.
Inefficiency in Batch Workloads. In Ant Group, the vast
majority of batch workloads are processed using Apache
Spark [104]. We execute over 350,000 Spark jobs daily, pro-
cessing between 7,500 TB and 10,000 TB of data. This
scale reflects a broader industry trend, where 80% of the
Fortune 500 rely on Spark for large-scale data process-
ing [11,26,29,97,102]. As shown in Figure 2, we analyze one
month of resource usage in a production cluster, contrasting
the resources requested by batch tasks against those effec-
tively consumed (i.e., for computation). Our analysis reveals
that 33% of allocated resources were wasted on non-effective
states (e.g., waiting, initialization). Given the hyperscale of
Ant Group, minimizing this hardware waste is critical.

We deconstruct this resource wastage into four types of idle-
ness intrinsic to the current architecture. First, Slot Idle arises
from Spark’s coarse-grained allocation strategy, where an ex-
ecutor’s resources remain fixed throughout its lifetime. This
rigidity fails to adapt to the varying resource demands of dif-
ferent stages, leading to significant over-provisioning. Second,
Gap Idle occurs when interference from high-priority work-
loads or hardware heterogeneity induces straggler tasks. Due
to the bulk-synchronous nature of batch jobs, these stragglers
delay the commit of entire stages, leaving other resources
idle while waiting. Finally, Start & Stop Idles stem from the
heavy initialization costs, such as JVM bootstrapping and
SparkEnv [10] setup. To mitigate frequent startup overheads,
the system retains executors for a timeout period before ex-
iting, which inherently results in idle resource holding. Con-
sequently, while overcommitment and co-location have im-
proved cluster utilization in Ant Group, Figure 3 shows that a
substantial portion of these resources is wasted.
Our Solution: Serverless Paradigm for Batch Work-
loads. We identify the root cause of the inefficiencies as
a fundamental mismatch: traditional data analytics engines
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Compute:67%

Figure 3: Breakdown of Batch Workloads’ Utilization.

(like Spark) operate with long-running, pre-occupied, coarse-
grained resource allocations, while co-located environments
are dynamic, favoring fine-grained, on-demand provision-
ing. To bridge this gap, we advocate for applying server-
less paradigms to batch workloads. By transitioning from
long-lived executors to task-level resource management, we
align resource consumption with actual computational de-
mand. While prior efforts have explored ephemeral execu-
tors [41, 43, 44, 95, 105], they often overlook the practical
impediments to deploying such models at hyperscale, particu-
larly regarding startup latency and scheduling overhead.

Realizing this vision in a production cluster presents three
technical challenges. First, minimizing slot idle through task-
level scheduling dramatically increases the pressure on the
control plane; replacing thousands of coarse-grained execu-
tors with hundreds of thousands of individual tasks exacer-
bates scheduling complexity by orders of magnitude. Second,
to address gap idle, the scheduler must account for the noise
inherent in co-location. Online service interference and hard-
ware heterogeneity create uneven computational power, caus-
ing stragglers that block stage completion. Finally, while on-
demand provisioning resolves stop idle, it threatens to worsen
start idle; without optimization, the cumulative latency of
launching a fresh Java-based Spark instance for every task
negates the efficiency gains.

We propose Quark, a novel analytics framework that funda-
mentally restructures batch processing by adopting a server-
less paradigm where resources are provisioned and released
at the granularity of individual tasks. Quark resolves the chal-
lenges through three key techniques. First, to ensure control
plane scalability, we design a scalable resource control mech-
anism that regulates task parallelism via a Slots Ring and
enforces global overcommitment limits through a Quota Man-
ager, all orchestrated asynchronously to maximize throughput.
Second, to mitigate hardware heterogeneity and interference,
we introduce an interference-aware scheduler that converts
raw node metrics into uniform capacity scores, enabling a
variance-optimal placement algorithm that synchronizes task
completion times. Finally, to resolve high cold start overheads,
Quark employs fast task provisioning, which combines state
reuse via fork() with state pre-prepare and lazy-load strate-
gies, bypassing JVM initialization and removing non-critical
dependencies (of Spark) from the critical path.
Deployment and Results. To the best of our knowledge,
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Quark is the first reported commercial system to achieve near-
zero resource waste for batch workloads in overcommitment
and co-location scenarios. In the TPC-H benchmark, Quark
reduced average resource consumption by 56.01%. In mi-
crobenchmark tests, the average task execution time decreased
by 18% to 33%, the ratio of long-tail tasks dropped by 2.75×,
and task startup overhead was reduced by 89.7%. In produc-
tion environment tests, resource consumption decreased by
37.37%, the proportion of long-tail tasks fell from 15% to
2%, and the longest-to-shortest task time ratio dropped from
20× to 8×. The system has been deployed in a 600,000-core
cluster, processing between 7,500 TB and 10,000 TB of data
daily, and saving more than 100,000 CPU cores.
Research Contributions. First, it characterizes resource in-
efficiency in co-located batch workloads by identifying and
quantifying distinct forms of idleness that prior work has not
fully explored. Second, it proposes a serverless-based ana-
lytic framework that resolves critical challenges in scalability,
heterogeneity, and latency through novel resource control and
scheduling designs. Finally, it validates the system through
a large-scale production deployment, offering practical opti-
mizations and operational experiences that demonstrate its
reliability and efficiency.

2 Demystifying the Reality of Cloud Utilization
We begin by profiling the overcommitment behavior and co-
location workload characteristics in actual clusters. We then
conduct an in-depth performance analysis of Spark, identify-
ing critical bottlenecks that inform Quark’s design.

2.1 Clusters and Resource Strategies
Clusters Characteristics. In Ant Group, millions of servers
are deployed to host tens of thousands of services (different
types), serving billions of users. To ensure data locality and
stability, servers are distributed across 6 data center regions in
different cities. As illustrated in Figure 4, the hardware within
these clusters is highly heterogeneous, comprising multiple
generations of servers from various hardware vendors. This
diversity stems from staggered data center construction dates,
the standard 4-year hardware warranty cycle, and the strate-
gic need to ensure supply chain security. This practice of
multi-generation server deployment is consistent with pat-
terns reported in prior work [23, 25, 67].
Workload Placement. Ant Group supports a diverse ecosys-
tem across finance, payments, and digital services. The ap-
plications of Ant Group include backend applications (mi-
croservices and serverless at 48.45%, AI agent at 3.95% and
packages at 2.3%), web applications at 40.38%, big data at
4.43% (one platform supports all Spark SQL queries) and
terminal applications. These applications are co-located in
Ant Group and operate in accordance with a set of placement
policies and specific allocate strategies.
(1) Placement Policy. As shown in Table 1, the placement
policy follows a hierarchical overcommitment resource policy
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Figure 4: Servers Distribution in Ant Group. C1-C6 repre-
sents different clusters, and S1-S11 different types of servers.

and throttling and eviction scheduling policies. Surplus capac-
ity is allocated to lower-priority workloads when utilization
of high-priority ones is low. Should their demand increase,
lower-priority workloads may be throttled or evicted to guar-
antee Quality of Service (QoS) for higher-priority workloads.

Table 1: Three-Layer Co-location of Workloads.
Type Resource Policy Scheduling Policy
Prod Strictly Guaranteed Never throttled or evicted
Mid Best-Effort Can be throttled
Batch No Guarantee First to be throttled or evicted

(2) Allocation Strategies. When allocating resources, the
scheduler determines the number and specifications of con-
tainers that can be deployed on each node based on the Place-
ment Policy and a set of rules. Table 2 summarizes the alloca-
tion strategies for each workload. Intuitively, the ratio of prod
and mid workloads is determined by pre-defined parameters,
while batch is mainly determined by the remaining resources.

Table 2: Allocation Strategies.
Type Allocate Ratio

Prod
min(NodeAllocatable * prodMaxCPUUsageRatio /

prodCPUPredicatedUsage, HardLimit(Prod))

Mid
min(NodeAllocatable * midMaxCPUUsageRatio /

midCPUPredicatedUsage, HardLimit(Mid))

Batch
min(NodeAllocatable * (1 - NodeUsageReserved)

- NodeUsageExceptBatch, HardLimit(Batch))
NodeAllocatable: Total CPU cores in node.
{prod, mid}MaxCPUUsageRatio: Max CPU utilization allowed.
{prod, mid}CPUPredicatedUsage: Actual CPU usage.
NodeUsageReserved: Reserved resources.
HardLimit: Upper limit.
NodeUsageExceptBatch: Per-node resource usage except batch.

In Ant Group, the prodMaxCPUUsageRatio is 30%. Ex-
ceeding this threshold will incur two limitations: First, la-
tency will increase and compromise the SLOs of online ser-
vices. Second, it is essential to have capacity availability when
needed during critical events such as cluster disaster recov-
ery or unexpected workload spikes. There are few mid-type
businesses, so the midMaxCPUUsageRatio is set to 10%.

According to these strategies, Figure 5 illustrates the CPU
allocation ratios across different clusters. The ratios of Prod
workload range from 94.6% to 121.3% and Mid workload
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Figure 6: A Spark Job’s Execution Flow. An example with
two stages whose tasks are distributed across two executors.

range from 7% to 23.1%. Batch are not assigned a fixed
allocation ratio; however, it is required that the aggregate
CPU utilization of all workloads on a node remain below
60% to avoid interference with prod. Figure 1 shows each
type workload in Ant Group. In a co-located context with
limited resource quotas, heterogeneity, and low priority, we
need to consider how to efficiently run batch workloads.

2.2 Inefficient Co-location Job Model
We operate batch workloads on Spark [11], the de facto stan-
dard for big data processing. In Spark, each job is represented
as a directed acyclic graph (DAG), and each DAG consists
of multiple stages. A stage contains parallel tasks that per-
form the same work, and those tasks are scheduled to run on
executors. In this paper, we will follow the same convention
[8] to use the terms including job, stage, and task. Figure 6
illustrates an execution flow example across multiple nodes
in the cluster. Through real-world deployments, we identify
four types of idle or non-productive costs (uniformly referred
to as idle) that significantly impact resource efficiency.

(1) Start Idle. Starting an executor is a complex, resource-
intensive process in Spark. The startup procedure begins when
the driver [8] requests executors from the cluster manager
(e.g., Kubernetes), which launches pods on worker nodes.
A pod is a basic scheduling unit in the cloud. After a pod
is allocated, the JVM executor starts, initializes the RPC
environment, and registers with the driver. It then creates
SparkEnv [10], starts services such as the BlockManager and
BlockTransferService, initializes memory and shuffle subsys-
tems, and localizes driver-distributed jars and broadcast vari-
ables. Once BlockManager has registered, the driver marks
the executor ready and begins sending LaunchTask RPCs.

(2) Slot Idle. An executor operates with fixed resource lim-
its during its lifetime. When tasks at different stages require
different resources, the executor must be provisioned to meet

the peak demand for the entire job. This over-provisioning
leads to resource wastage during less demanding stages. Ad-
justing resource allocation by replacing or restarting executors
incurs significant performance penalties, primarily due to task
rescheduling overhead and the potential loss of intermediate
data. Previous work focuses mainly on predicting optimal re-
source configurations [18, 83] and reducing the granularity of
resource allocation [97]. These approaches are hard to handle
real-time resource requirement variation of different stages.

(3) Gap Idle. Spark adheres to the Bulk-Synchronous Par-
allel (BSP) model [46], requiring all tasks within a stage
to complete before the next stage can commence. Conse-
quently, slow tasks (stragglers) cause resource waste, with
a few executors doing left work while others idle, delaying
the entire job. Many studies have reported various straggler
factors [2, 32, 53, 70]. In Ant Group, we focus on two cluster-
related impacts. First is the co-location: batch workloads
utilize overcommitted resources, and will be evicted when
higher-priority workloads (e.g., system, production, mid-tier)
contend for resources. Second, hardware heterogeneity within
the cluster presents challenges. Servers in Ant Group fol-
low 4-year replacement cycles and are sourced from multiple
OEMs for supply-chain reasons. This heterogeneity results
in uneven computing power across the cluster (Figure 4),
causing unaligned tasks finish time within the same stage.

(4) Stop Idle. In Spark, an executor is a long-lived Java
process, while a task runs as a thread within it. Executors
do not terminate upon task completion. They persist un-
til the driver requests their release from the cluster man-
ager at application termination. When dynamic allocation
feature is enabled, idle executors exceeding the configured
executorIdleTimeout are decommissioned. Executor startup
is slow (start idle), setting the executorIdleTimeout too
low will increase latency and resource churn. The default
executorIdleTimeout is 60 seconds, but it is often extended
to several (or tens of) minutes in production environments.

2.3 Existing Approaches
Researchers have proposed a wide range of techniques, such
as workload co-location and data analytics, to address per-
formance and resource utilization issues in cloud infrastruc-
tures [3,19,23,25,29–31,40,41,43,44,49,66,74,75,78,84,92,
97,98,105], as shown in Table 3. Some of these works are ap-
plicable and have inspired parts of Quark’s design, which has
been adopted in large-scale production environments. How-
ever, others neglect the critical issues discussed in §2.2 or rely
on simplified assumptions that overlook the complexities of
large-scale systems and cannot address the identified idles.
(1) Spark Optimizations. Apache Spark is the most widely
used system for large-scale data processing and involves the
coordinated work of many components. There are many ef-
forts to improve its performance, including shuffle mecha-
nisms [26, 59, 81], native compilation [29, 102], resource op-
timization [79], configuration tuning [50, 61, 99, 110] and so
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Table 3: Comparison of Existing Approaches and Quark. ( is beneficial, G#is partly beneficial, and #is limited.)
Approaches Related work Slot Idle Gap Idle Start&Stop Idle

Spark Optimizations Wu et al. [97], ResourceProfile [7] G# # #
Cluster Management Bubble-up [64], Quasar [25], Paragon [23], Gsight [109], Jiagu [54] #  #
Serverless Analytics Starling [74], Caerus [105], Ditto [41], Jiffy [44], MinFlow [49], MetaQ [95]  # #
Quark(this paper) -    

on [22,65,72]. Some of the research efforts are orthogonal to,
yet complementary with, the issues discussed in §2.2. Further-
more, prior work has also discovered that there is an urgent
need to handle resource requirements variation of different
stages (e.g., Wu et al. [97] and ResourceProfile [7]). However,
these methods merely adjust resource configurations to align
executors more closely with the average resource utilization.
Although this yields certain improvements, the underlying
two-layer executor–tasks job model remains unchanged, and
the fundamental problem therefore persists.

(2) Cluster Management. Overcommitment and co-location
may lead to performance degradation and QoS violation, it is
a common practice to predict performance before scheduling
an instance to avoid QoS violation. For example, previous
works use modeling (e.g., Graph [33], Linear [60], RL [63],
Random Forest Regression [54]) to determine optimal place-
ment strategy [64,73,86,101,109]. Although this work offered
valuable insights and inspirations that informed the design of
Quark, there are still some issues that need to be addressed to
optimize gap idle. First, existing works [54, 101, 109] focus
on a single node, aiming to maximize instance deployment
density without violating instances’ QoS. However, batch
workloads following the BSP model require that all tasks
within the same stage have as uniform execution times as
possible. Second, it fails to differentiate features among prod,
mid, and batch workloads and the impact of heterogeneous
hardware, prediction accuracy is limited [24, 25].

(3) Serverless Analytics. The elasticity, free-of management,
and on-demand scalability of serverless have motivated the
effort in deploying distributed data analytics applications to
serverless platforms. We evaluate the potential of the existing
work [41,43–45,49,66,74,75,84,105] to provide fine-grained
resource control and reduce slot idleness. Our analysis reveals
two fundamental limitations in existing solutions: (1) Coarse-
grained resource allocation. Some prior serverless analytic
systems deploy function at executor scale [43, 45, 95], which
cannot adapt to stage-level variations and leaves slot idle
issues unresolved. (2) Overlook the complexities of large-
scale systems. Ditto [41] allows each task to be assigned to a
serverless function, but it neglects the task startup cost in real
systems. MetaQ [95] reports that it takes 17.78s ∼ 47.02s
to start a Spark engine. When the granularity of serverless
functions shifts from executor to task, the cumulative cold
start penalty will increase enormously. Some systems [74,
105] remain in the prototype phase and are difficult to deploy
at scale in practical scenarios, mainly due to challenges related
to control plane scalability, heterogeneity, and cold starts.

3 Quark Overview
To address the inefficiencies of co-location (i.e., four idles),
we propose Quark, a framework that re-architects batch work-
loads using a serverless paradigm. The core insight of Quark
is to transition from a coarse-grained and pre-allocated re-
source model to a fine-grained and on-demand model. Specifi-
cally, a task could request one core (or sub-core) when it starts
and release it immediately after completion. By utilizing the
individual task, rather than the heavy-weight executor, as the
basic unit of resource allocation, Quark allows the cluster to
effectively harvest transient overcommitment resources.

3.1 Challenges
However, adapting a heavy-weight analytics engine like Spark
to this fine-grained model introduces three challenges.
Challenge-1: Scheduling Scalability and Efficiency. The
transition from coarse-grained executors to fine-grained tasks
creates a massive surge in scheduling events, imposing severe
pressure on the control plane. Figure 7 shows the CDF of
task counts per stage; we observe that over 10% of stages
exhibit parallelism exceeding 184, with peak parallelism
reaching 52,383 tasks in a single stage. This explosion in
scheduling introduces three specific issues. First, handling
hundreds of thousands of individual task scheduling requests,
as opposed to a few thousand executor requests, can saturate
the cluster scheduler (e.g., Kubernetes), potentially disrupting
the stability of co-located online services. Second, because
native Spark lacks a global view of real-time overcommitted
resources, it may aggressively issue scheduling requests that
exceed available capacity, leading to a high volume of failed
and wasteful invocations. Finally, the overhead of managing
the lifecycle of short-lived tasks creates a throughput
bottleneck in the control plane, increasing end-to-end latency.
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Figure 7: Distribution of Tasks per Stage.

Challenge-2: Hardware Heterogeneity and Interference. To
effectively mitigate gap idle, the scheduler must ensure that
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tasks within the same stage finish simultaneously. However,
achieving this is difficult due to the significant variance in
effective computing power across the cluster. As shown in
Figure 4, servers in Ant Group follow a four-year replace-
ment cycle and are sourced from multiple vendors, resulting
in inherent hardware heterogeneity. Meanwhile, batch work-
loads run at low priority and are subject to being throttled
or evicted by online service. Standard schedulers typically
view resources nominally (e.g., CPU core counts) and over-
look these performance variations. Without accounting for
this heterogeneity and interference, tasks assigned to slower
or noisier nodes become stragglers, delaying the completion
of the entire stage and reducing cluster efficiency.
Challenge-3: Cold Start Overhead. The ephemeral nature of
serverless tasks fundamentally clashes with the high cold start
costs of the Spark runtime. While general-purpose serverless
platforms utilize techniques like forking or checkpointing
to optimize startup, Spark’s initialization is uniquely com-
plex, involving the setup of heavyweight components such
as the JVM, RpcEnv, and RemoteDataManager. Currently,
the startup latency for a standard Spark instance exceeds 6
seconds. In a coarse-grained model, this cost is amortized
over the lifetime of a long-running executor. However, in a
fine-grained model where instances are created and destroyed
for specific tasks, this multi-second overhead becomes a dom-
inant factor, potentially negating the benefits of on-demand
allocation. Reducing this startup latency to a level compatible
with short-lived tasks remains a critical open challenge.

Cluster	Scheduler

Spark	Core

Normalizer	&	Scheduler

DAGScheduler

FineGrainedTaskScheduler	
(FGTS)

TaskSetManager

FineGrainedSchedulerBackend	
(FGSB)

Refill Signature
1C3G:	8
2C6G:	2

Grant

Invoke Slots	Ring

Grant	Table

Cluster	Metrics Variance	
opLmal

New	components	in	QuarkComponents	in	Spark

Gateway

Object	Storage	
Service

Node
Template

States

Taskvmfork

lazy	load watcher

Crash	info

Queue	Manager Quota	Manager

1 submit	Job

2 check	Quotas

3 submit	tasks

4 grantQuota

4 offer

4 invoke

profile

5 deploy 6 invoke

Figure 8: Quark Overview.

3.2 Design Overview
System Architecture. Figure 8 shows the overall architecture
of Quark. Built atop the full Spark stack, Quark preserves

complete compatibility with Spark-SQL while establishing a
fine-grained resource model. The system operates across three
logical layers. First, the Spark Core serves as the primary
control plane; it receives analytic jobs and generates tasks via
the TaskScheduler, which then coordinates with the Sched-
ulerBackend to interact with the underlying infrastructure.
Second, these components interface with the Cluster Sched-
uler within Ant Group’s serverless platform, which handles
the placement of individual tasks onto physical nodes. Finally,
at the Node Layer, Quark utilizes lightweight, VM-based
containers to execute these serverless instances, launching
a fresh runtime for every scheduled task. These instances
are stateless [74], driver/executor metadata objects that are
traditionally pulled from executor memory (e.g., broadcast-
related metadata) are stored in remote cloud object storage
services and fetched on demand. Intermediate shuffle data
are managed by vanilla Spark’s ShuffleManager. This elim-
inates the need for rack-aware data locality during instance
scheduling. Quark introduces three key techniques to address
the challenges in §3.1.
Scalable Resource Control. To overcome the Challenge-1,
we firstly design a Slots Ring-based mechanism within the
Spark Core to regulate task parallelism and coordinate Spark
scheduler components. Besides, we introduce a quota-based
resource management to explicitly manage global overcom-
mitment capacity, thereby reducing wasteful scheduling at-
tempts. Finally, we adopt fully asynchronous principles in
the control plane to decouple interdependent operations and
maximize throughput.
Interference-aware Scheduler. To mitigate heterogene-
ity and interference (Challenge-2), Quark introduces a
Interference-aware Scheduler situated within the serverless
platform. Its primary goal is to normalize the effective com-
puting power provided to tasks within the same stage. By
monitoring real-time system metrics, the scheduler converts
raw node resources into a uniform capacity score using a nor-
malizer model. It then applies a variance-optimal placement
algorithm to distribute tasks, significantly reducing the occur-
rence of stragglers and minimizing tail latency.When online
services burst, a local agent detects contention signals (e.g.,
SLA degradation, LLC misses) and enforces an online-first
policy by throttling batch resource entitlements and adjusting
the node’s reported available capacity.
Fast Task Provision. To resolve the high cold start overhead
(Challenge-3), Quark optimizes the task initialization through
three mechanisms. First, we employ State Reuse, where the
system maintains pre-warmed template instances and creates
new tasks via a fast vmfork operation, bypassing the initial-
ization of JVM and parts Spark modules (e.g., executor-level
state). Second, we use State Pre-Prepare to compute task-
specific states (such as Codegen bytecode) in the driver and
transfer them to the executor, avoiding redundant compilation.
Last, we implement State Lazy-Load to remove non-critical
components from the startup path, initializing them in parallel
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only when needed.

4 Detailed Design

4.1 Scalable Resource Control
We first explain the techniques for scalable resource control.
Slots Ring-Based Task Management. In the traditional
Spark architecture, a TaskScheduler decides which tasks
should run, and a SchedulerBackend communicates with the
underlying cluster manager (e.g., Kubernetes) to acquire and
launch execution instances, as shown in Figure 8. To prevent
the fine-grained model from leading to uncontrolled paral-
lelism, Quark introduces the Slots Ring as a key data structure
within the Spark Core. This ring buffer maintains the tasks cur-
rently allowed to be scheduled, helping to coordinate the Fine-
GrainedTaskScheduler (FGTS) and the FineGrainedSched-
ulerBackend (FGSB). The FGTS supplies new tasks (refill) to
the ring only when idle slots are available, and the FGSB then
attempts to acquire quotas and launch instances for these slot-
ted tasks (grant and invoke). By configuring the size of this
ring, Quark precisely controls the global parallelism of batch
workloads, preventing scheduling pressure from overwhelm-
ing the cluster. Analogous to Spark’s driver [9], FGSB/FGTS
are centralized. They support HA via failover (restart/leader
election depending on the deployment), but at any time only
one instance is responsible for making scheduling decisions.
Although centralized, the scheduler offer scalability because
the slots-ring changes the critical path from O(M*N) tasks/ex-
ecutors match to O(1) enqueue/dequeue per scheduling event
and avoids global contention.
Quota-Based Resource Control. Instead of relying on the
cluster scheduler to reject scheduling requests due to lack
of resources, which can lead to contention and wasted API
calls, Quark introduces the QuotaManager (QM) to explicitly
manage the global overcommitment capacity. QM is a dis-
tributed resource management service where a single leader
instance is responsible for all allocation decisions, with fol-
lower nodes providing fault tolerance.When the leader fails,
Quark enters a short failure-recovery window (<1 min) for
failure detection and leader election. During this period, jobs
that have already received a quota grant are not affected, and
new submissions that require fresh quota decisions will be
temporarily stalled until a new leader is ready. The leader
maintains the current resource usage and schedulable tasks in
an in-memory cache, which is periodically synchronized with
a backend database. This design minimizes database load and
accelerates scheduling decisions. Quota allocation is based
on in-memory operations, so the leader will not suffer from
scalability issues or performance bottlenecks.

As shown in Figure 9, operators define a total available
quota for each project (representing a tenant or team). A sub-
mitted job registers its priority, and submission time within
its project. Subsequently, the FGSB summarizes the resource
needs of the tasks in the Slots Ring and requests a resource
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Figure 9: Quota Manager.

grant from the QM. Only upon receiving a successful grant
does the FGSB proceed to invoke the underlying serverless
platform. This explicit resource negotiation significantly re-
duces the number of failed and wasteful invocations.
Quota Allocation. The quota allocation procedure focuses on
reclaiming under-utilized quota and prioritizing high-demand
jobs. First, the QM reclaims resources by returning allocated
quotas from completed jobs and adjusting the allocation of
running jobs downward to their expected demand, recovering
any surplus. Second, the reclaimed quota is re-distributed to
jobs whose current allocation is below their expected level.
Unfinished jobs are prioritized based on their explicit priority
and submission time. The allocator first guarantees the re-
quired resource allocation for running jobs to minimize churn.
If surplus resources remain, it allocates additional resources
toward the job’s expected demand on a best-effort basis, termi-
nating the allocation cycle if the quota is exhausted. For jobs
that receive a partial allocation, resources are preferentially
assigned to smaller containers to maximize throughput.
Asynchronous Scheduling Framework. A key design to
achieving control plane scalability is the full adoption of asyn-
chronous principles. In a synchronous model, the three core
operations of the SchedulerBackend: refill, grant, and invoke,
are tightly coupled; a block in the grant operation, for instance,
would stall the invoke of tasks that already possess granted
quotas. To prevent this single point of blocking, Quark metic-
ulously decouples these three operations into independent
threads that communicate via the Slot Ring.

The Refill Thread generates available slots and presents
them to the FGTS. It operates in a batched, asynchronous
manner (e.g., every 500 ms), filling empty slots in the ring.
The FGTS selects tasks based purely on priority, as the Slot
Ring already controls parallelism (O(N) scheduling). The
Grant Thread periodically (e.g., every 3 seconds) computes
the aggregated resource demands of tasks in the Slot Ring and
consults the QM for quota allocation. To reduce the load on
the QM, it encodes the expected resource demand into a sig-
nature; if this signature remains unchanged from the previous
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cycle, the expensive full allocation schedule is bypassed. Fi-
nally, the Invoke Thread handles the actual submission to the
cluster gateway. It scans the Slot Ring every 500ms, identifies
tasks that have received a valid quota grant, and dispatches
the launch requests for parallel execution. This asynchronous
design ensures that latency in one operation does not halt the
entire task scheduling pipeline.

4.2 Interference-aware Scheduler
Quark introduces an interference-aware scheduler to over-
come the heterogeneity and dynamic interference challenge,
including two core techniques: the Resource Normalizer and
the Variance-Optimal Scheduler.

Cluster
Variance-optimal

Scheduler

Offline

Monitor
Resource View

Normalizer Datasets
Profile

Dispatcher Queue

Online

Task Deploy

Figure 10: Quark’s Interference-aware Scheduler.

Resource Normalizer. Since batch workloads have the lowest
priority, they are susceptible to interference from both prod
and mid workloads. The Resource Normalizer is designed to
quantify the effective resource capacity available for batch on
any given node. As shown in Figure 10, an agent continuously
collects essential system metrics from kernel interfaces, in-
cluding the CPU utilization of co-located workloads, NUMA
topology, and the machine type. This data is fed into a lin-
ear model to calculate the effective capacity. Equation (1)
quantifies the schedulable resource capacity on a node:

Batchalloc =Wm ×

(
NodeAll − ∑

i∈{sys,prod,mid,batch}
Wi ·Alloci

)
(1)

Here, NodeAll represents the total CPU cores of the node.
Wm is a weight characterizing the intrinsic performance im-
pact of the machine type (hardware heterogeneity). Wi is a
weight representing the quantified impact of interference from
workload type i (i.e., sys, prod, mid, and batch) on the batch
execution, and Alloci is the resources allocated to that work-
load. The weight-related parameters are determined offline
through Bayesian optimization process, using a dataset built
from comprehensive performance metrics collected across
the cluster. The output, Batchalloc provides the scheduler with
a unified metric of effective capacity. Cache contention is
handled at the node via hardware QoS enforcement (e.g., In-
tel RDT, AMD QoS) with dynamically adjusted LLC quotas,
which is orthogonal to scheduler-level interference model.
Variance-optimal Scheduler. After normalization, Quark
then employs a variance optimization algorithm to make

precise task placement decisions, ensuring optimal resource
distribution across the cluster. Assume a cluster consists
of N nodes, denoted as node1,node2, . . . ,noden. The to-
tal resources of these nodes are total1, total2, . . . , totaln,
and at a given moment, their allocated resources are
alloc1,alloc2, . . . ,allocn. The optimization goal is to mini-
mize the variance of the nodes’ allocation ratios after schedul-
ing, The objective function is defined as:

Var =
∑

n
i=1

(
alloci
totali −

alloc
total

)2

N
(2)

By minimizing this variance, the scheduler actively avoids
creating load imbalances, ensuring that the workload is spread
evenly relative to the effective capacity of each node.

4.3 Fast Task Provision
When a task is scheduled, the underlying execution platform
must launch an instance to execute it, involving the startup of
the JVM, the initialization of components within SparkEnv,
and the preparation of the ExecutorBackend. In Spark’s tradi-
tional model, the executor is a long-lived process, amortizing
this multi-second startup cost across thousands of tasks. In
contrast, when the execution granularity shifts to the task level,
this startup delay must be incurred for every task, leading to
a dramatic increase in cumulative cold-start overhead. To
make the fine-grained model viable, Quark implements three
mechanisms to achieve near-instantaneous task provisioning.
State Reuse via Forking. For states that are common across
all tasks and independent of specific job logic, Quark employs
a technique inspired by container optimization: it maintains
a pre-initialized, paused template instance. This template in-
stance completes the most expensive initializations in ad-
vance, including the JVM startup and the setup of core Spark
components like RpcEnv and RemoteDataManager. When
a new task instance is required, the system creates a live
instance by forking from this template. Quark does not di-
rectly call fork() from an arbitrary multi-threaded JVM state.
Instead, it leverages sfork (sandbox fork) design in previ-
ous work [17, 28], which introduces a transient single-thread
mechanism: before forking, the template VM is brought into
a controlled state where only one thread remains runnable and
all other threads are quiesced. This avoids the well-known
POSIX fork hazards in multi-threaded processes. After a new
secure-container instance is forked, Quark will re-initialize the
task-/application-specific Spark settings e.g., re-binding/re-
initializing components such as RpcEnv endpoints and Shuf-
fleManager connections. When new Spark versions are re-
leased, Quark periodically regenerates templates from the
updated image. This mechanism allows the new instance to
instantly inherit a initialized execution environment, eliminat-
ing seconds of overhead from the critical path, as detailed for
the JVM and RemoteDataManager in Table 4.
State Pre-Prepare. The second mechanism addresses com-
ponents that are task-specific but can be prepared outside
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Table 4: Cold Start Costs and Our Optimizations.
Modules Cost Policy
WholeStageCodegen 70ms Pre-Prepare
JVM 2 ∼ 3s Reuse
RemoteDataManager 600ms Reuse
BlockManager 10ms Reuse
RpcEnv 600ms Reuse + Update
ShuffleManager 300ms Reuse + Update
MetricsSystem 400ms Lazy-Load
MapOutputTracker 300ms Lazy-Load
SecurityManager 10ms Lazy-Load
ExternalShuffleClient 100ms Lazy-Load
NettyBlockTransferService 30ms Lazy-Load

the critical launch path. A key target is Spark’s Whole-Stage
Code Generation (Codegen), which dynamically compiles op-
timized JVM bytecode at runtime to boost query performance.
We leverage the insight that the code blocks generated by the
driver for compilation are identical to those needed by the
executor. The FGSB capitalizes on this by sending the com-
piled code from the driver directly to the executor instance via
the serverless invocation payload. The task can then skip the
costly process of code generation and compilation, directly
loading the required classes, thereby reducing latency by an
amount equivalent to the codegen time.
State Lazy-Load. Finally, Quark utilizes asynchronous load-
ing and dependency removal for non-critical components. For
states that can be initialized in parallel or are not immediately
required for task execution, e.g., the security manager, Quark
removes their initialization from the critical task startup path.
As summarized in Table 4, this policy covers several heavy-
weight components like MetricsSystem, where initialization
can be safely delayed, ensuring that task execution begins
with minimal latency.

5 Implementation
Quark is implemented on top of Apache Spark. It remains
fully compatible with Spark and requires no modifications to
user code. To achieve Quark, there are approximately 10K
lines of Java and Scala code for FGTS and FGSB, 5K lines
for QM, 3K lines of Java for QueueManager, and 1500 lines
of Go for cluster scheduler.
QueueManager. Beyond the design components, Quark in-
troduces a QueueManager (QMgr) to control the maximum
number of jobs that can be submitted. When a user submits a
SparkSQL job, the system consults the QM to check whether
the project’s quota is sufficient. If the remaining quota is in-
sufficient, the job is enqueued in the QMgr. Once enough
quota becomes available, the QMgr dequeues and resubmits
the job according to its priority and submission time.
Fault Tolerance. In Spark, when a task fails due to insuffi-
cient resources (e.g., out-of-memory), the Spark scheduler
will retry it and reschedule it on another executor. However,
because each executor has the same fixed resource configu-
ration (e.g., CPU and memory), the retried task is likely to
fail again. Quark’s fine-grained job model can overcome the

issues and enable precise fault-tolerance control: individual
task failures do not affect other tasks, and the system can
dynamically adjust resources and retry failed tasks as needed.
As shown in Figure 11, Quark employs a three-level fault-
tolerance mechanism tailored to the different stages at which
failures may occur: (1) Startup Monitor. The FGSB moni-
tors each task during startup. If a task fails to start within a
predefined timeout, the FGSB marks the task as failed. (2)
Process Heartbeat. While a task is running, it periodically
sends heartbeat messages to the FGSB. If the FGSB does not
receive a heartbeat within the expected interval, it treats the
task as failed. (3) Crash Callback. If a task crashes, a node
watcher detects the failure and reports the crash information
to the FGSB, which then marks the task as failed.

FGSB

Node
Task

start
monitor heartbeat

crash
monitor watcher

MQ

deliver 
crash info

Figure 11: Three Level Fault Tolerance.

The FGSB then analyzes the failure context. If the failure
is caused by insufficient resources (e.g., an out-of-memory
error), it will apply an increased quota from the QM, and
retries only the affected task, avoiding a full stage-wide retry.

6 Evaluation
6.1 End-to-end Performance
Testbeds. The evaluation is conducted on a 30-node cluster,
with each node equipped with an Intel(R) Xeon(R) Platinum
8163 CPU (96 cores, 2.7 GHz). The operating system is
Linux kernel 5.10. Each task instance gets 1 CPU core, 3 GB
of memory, and 300 GB of storage. The evaluation takes the
following systems as baselines.

1. Spark runs on Kubernetes (K8s) with a coarse-grained
job model (version 3.2.0).

2. Spark-F represents an upgraded version of Spark; it adds
a fine-grained resource model and runs in a serverless
paradigm (include design in §4.1).

3. Spark-S adds the design of the interference-aware sched-
uler (§4.2) on the basis of Spark-F.

4. Quark is our final production platform that further opti-
mizes task startup performance (§4.3) based on Spark-S.

Resource Efficiency. We first assess the resource utilization
using the TPC-H benchmark [88], which includes 22 complex
SQL queries covering a wide range of operations. Specifi-
cally, we measure the CU consumption of each SQL query
over a 1 TB dataset (SF=1000) in four systems (1CU: 1CPU
and 3GB memory for 1min in this context). As shown in
Figure 12, Quark reduces resource consumption by 26.70%–
87.86% compared to Spark across the 22 TPC-H queries,
with an average reduction of 56.01% (20 trials, mean re-
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Figure 12: Comparison of Resource Utilization in the TPC-H Benchmark. Q1-Q22 are distinct TPC-H queries covering a
broad range of SQL operations [89].

ported). This demonstrates the effectiveness of our approach.
The smallest gain occurs in Q3, which involves joins and
sorting on large tables (orders, lineitem) with heavy shuffle
and memory use. Here, I/O is the main bottleneck, reducing
the relative advantages of Quark’s design. In contrast, Q16
shows the largest improvement, featuring filtering and group
aggregation on small, highly parallelizable tables. For such
workloads, Quark’s scalable resource control, interference-
aware scheduler, and fast task provisioning design are fully
utilized, delivering significant gains.

Compared with Spark, Spark-F achieves a reduction in re-
source consumption ranging from 6.26% to 84.31%, with an
average decrease of 42.68%. This improvement is attributed
to fine-grained task scheduling, which minimizes resource
waste caused by Slot Idle and Stop Idle. Similarly, Spark-S
lowers resource consumption by 15.63% to 85.22%, averag-
ing 50.26%, mainly through the adoption of an interference-
aware scheduler that mitigates the Gap Idle.
Completion Time. To evaluate the job completion time, we
design a compute-intensive job with no I/O operations. It
consists of 800 tasks, each computing the Fibonacci sequence
(N = 50) five times independently. Figure 13 compares the
four systems in three aspects: resource utilization, job com-
pletion time, and task duration standard deviation.
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Figure 13: Execution Time of Computation-Intensive Jobs.

As shown in Figure 13(a), Spark-F, Spark-S, and Quark re-
duce resource consumption by 25.53%, 30.41%, and 33.06%
compared to Spark. In terms of completion time, Figure 13(b)
shows speedups of 7.24%, 8.78%, and 19.11%, respectively.

Notably, Figure 13(c) presents the standard deviation

of task completion times for each system: native Spark ex-
hibits an average standard deviation of 79.20s, while Spark-F,
Spark-S, and Quark take 103.40s, 52.40s, and 47.07s, respec-
tively. The slightly higher standard deviation of Spark-F com-
pared to native Spark stems from its finer-grained scheduling,
which operates at the task level rather than the executor level.
In native Spark, each node allocates resources once at job
startup. In contrast, Spark-F performs independent resource
allocation for every task, increasing variability in startup over-
heads and thus leading to greater variation in task completion
times. Spark-S and Quark substantially improve the consis-
tency of task execution.

6.2 Micro-benchmarks
Interference-aware Scheduler. We construct a 21-node het-
erogeneous cluster, with machine models and counts listed
in Table 5. To simulate realistic multi-service co-location,
each node runs several online services: Prod services use
20%–30% of node resources, while Mid and System services
each consume 5%–10%. To evaluate the effectiveness of
interference-aware scheduler, a batch of computationally in-
tensive tasks is submitted and their execution performance
is assessed using two metrics: (1) Average Task Time and (2)
Tail Latency Ratio, defined as the ratio of the longest to the
shortest task run time within the same stage.

Table 5: Cluster for Micro-benchmark.
CPU Specifications Number

Intel(R) Xeon(R) Platinum 8163 (24 cores, 2.5 GHz) 7
Intel(R) Xeon(R) Platinum 8269 CY (26 cores, 2.5 GHz) 7

AMD EPYC 7T83 (24 cores, 2.5 GHz) 7

Figure 14(a) presents the average task execution time
within the cluster under varying load. After adopting an
interference-aware scheduler, the average task execution time
decreased from 250s to 191s (AR=70%) and from 306s to
286s (AR=100%), achieving a performance improvement of
18%–33%. Figure 14(b) illustrates the tail latency for the
same stage of tasks. The tail duration ratio was reduced
from 1.76× to 1.64× (AR=70%) and from 2.75× to 2.22×
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Figure 14: Comparison of Task Execution Time and Tail
Latency under Different Loads. “AR” stands for allocation
ratio. For example, a 100C cluster running 70 concurrent tasks
(1C) has a 70% allocation ratio.

(AR=100%). This experiment demonstrates that interference-
aware scheduler can significantly reduce both the average
execution time and tail latency within a batch of tasks.
Fast Task Provision. Figure 15 compares the time to start
an executor in Spark versus launching a task in Quark. Spark
takes 6078ms to start an executor, while the corresponding
task startup in Quark is only 626.53ms (100 trials, mean re-
ported), attributed to the three startup optimization mecha-
nisms in §4.3. Compared to SOTA results [17, 36, 37, 103],
the remaining costs of Quark come from two aspects: first,
the instance is launched under co-location with low-priority
resources. In fact, Quark only takes around 100ms on a dedi-
cated machine. Second, unlike typical simple serverless func-
tions, Quark is monolithic and must initialize a lot of unique
states, including driver/shuffle connection establishment, task-
level code and plugin loading, and complicated structure ini-
tialization, which cannot be fully mitigated.
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Figure 15: Task Startup Performance.

6.3 Production Workload Replay
To validate the effectiveness of Quark under real production
workloads, we conduct a trace-driven replay experiment us-
ing 24-hour production traces captured from a project at Ant
Group1. As shown in Figure 16, the traces comprise 22,532
Spark jobs exhibiting a typical diurnal pattern, with submis-
sions peaking at 1,641 jobs/hour at 08:00 and declining to
630 jobs/hour at 21:00. The total I/O volume reaches 4,610
TB, dominated by warehouse reads (Tunnel I/O, 94.7%) with
a 13.5:1 read-to-write ratio, while Shuffle I/O accounts for
5.3% with near-symmetric read/write.

To fairly compare Quark with unmodified Spark, we replay
the same workloads on two equivalent-scale clusters, each

1The traces are available at https://github.com/antgroup/Quark
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Figure 16: 24-hour Production Trace of Spark Workloads.
(a) Job count and total I/O volume. (b) Tunnel read/write
throughput. (c) Shuffle read/write throughput.

consisting of 320 nodes equipped with Intel(R) Xeon(R) Plat-
inum 8163 CPUs (96 cores, 2.7GHz), 512GB DRAM, and
3.52TB SSD. Figure 17(a) shows the CU distribution of each
job, and Quark reduces the total CU consumption by 26.5%
compared to Spark. Figure 17(b) further breaks down the total
CU by cost tier. For jobs consuming 1K CU or above, Quark
consistently achieves 22–29% savings across all tiers. A small
fraction of jobs (3.4%) experience CU regression, primarily
in the lightweight tier (≤1K CU) due to the fixed overhead of
function cold starts, which dominate the resource footprint for
lightweight workloads. However, this tier accounts for only
1.0% of total CU, so its impact is negligible.
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Figure 17: Resource Consumption Comparison Between
Spark and Quark. (a) CDF of CU per job (log scale). (b)
Total CU breakdown by job size.

Figure 18 shows that Quark reduces total execution time
by 22.4% (3,501h vs. 4,501h). The time distribution mir-
rors CU consumption, except that the ≤1K tier has shorter
execution time. This improvement stems from Quark’s on-
demand scheduling model. Unlike Spark, which stages jobs
through a centralized scheduler and incurs queuing delays
before resource allocation, Quark dispatches function invoca-
tions directly to available nodes, reducing scheduling cost.

6.4 In-Production Migration
Following the successful replay experiment in §6.3, we pro-
ceed to migrate all production workloads from Spark to Quark.
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Figure 18: Execution Time Comparison Between Spark
and Quark. (a) CDF of execution time per job (log scale).
(b) Total execution time breakdown by job size.

This migration spans 57,000 tables and 350,000 jobs across
219 projects. This longitudinal deployment study captures
real-world performance under actual user workloads, demon-
strating Quark’s operational effectiveness beyond controlled
replay conditions.
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Figure 19: Per-job Resource Consumption Trends During
the Spark-to-Quark Migration.

Per-job Resource Consumption. Figure 19(a) shows per-job
resource consumption trends during this migration: Spark
served production requests during days 0–40, followed by
a complete cutover to Quark after day 40. The number of
jobs increases (blue line) after migrating to Quark, while
the average resource consumption per job (red line) declines
throughout the migration. The normalized resource consump-
tion in Figure 19(b) shows that Quark reduces resource idling
during task execution, achieving 37.37% resource savings
compared to Spark.
Job Tail Latency. We further evaluate the optimization effects
in the production environment using two tail-performance
metrics: (1) Tail Latency Ratio: within a stage, the ratio of
the longest task runtime to the shortest; and (2) Unbalanced
Stage Proportion: the fraction of stages where the longest
task runtime exceeds 5× the average within that stage. As
shown in Figure 20, compared to Spark, the average tail la-
tency ratio was reduced from approximately 20× to 8× and
the average unbalanced stage proportion decreased from ap-
proximately 15% to 2%. The interference-aware scheduler
mitigates interference from co-located workloads and hard-
ware heterogeneity, reducing latency variance and stage skew.

6.5 Operational Overview
Quark now operates as the batch workload processing engine
at Ant Group. This section reports its operational metrics and
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Figure 20: Tail Latency Ratio and Unbalanced Stage Pro-
portion Trends During the Spark-to-Quark Migration.

production status over the past 6 months.
Scale and Reliability. As shown in Figure 21, Quark pro-
cesses an average of 902K jobs per day (peaking at 1.27M)
and achieves an overall success rate of 99.11%, meeting the
strict SLA requirements of production batch workloads. The
daily I/O volume averages 105.4 PB, dominated by tunnel
reads (warehouse I/O) at 49.7% of total traffic (56.8 PB/day)
and a 7.0:1 read-to-write ratio; shuffle I/O accounts for the
remaining 43.2% (20.0% read, 23.2% write). These results
demonstrate that Quark reliably meets production require-
ments at scale, sustaining high throughput and consistency
over the entire 6-month period.
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Figure 21: Operational Overview of the Production Work-
load Over 6 Months. (a) Daily job count and success rate.
(b) Tunnel I/O. (c) Shuffle I/O.

Cluster Status. Quark is deployed on a production cluster
comprising over 6,000 servers with approximately 600K CPU
cores. The cluster employs resource overcommit with a ratio
ranging from 1.592× to 1.803×, and achieves an overall
utilization between 41.7% and 61.4%. Figure 22 shows the
invocation rate over a representative 24-hour period. The
system processes an average of 534 requests per second with
a peak of 2,130 requests per second. The overall success rate
(HTTP 200) is 98.55%. Error responses are dominated by rate
limiting (HTTP 429), which spikes with traffic bursts.

We measure the overcommitted resource allocation ratio in
the cluster to assess how evenly tasks are distributed across
nodes. For example, if 100 cores are overcommitted in the
cluster and 70 cores are in use, the allocation ratio is 70%.
The black line in Figure 23(a) shows the mean overcommitted
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Figure 22: Request Rate Over a 24-hour Period.

resource allocation ratio over one day, with an average alloca-
tion ratio of 80.4%, red line shows the variance of allocation
ratios across all nodes in the cluster, which remains stably low
(the P95 is 22%), indicating good load balance. Figure 23(b)
plots the CDF of the allocation ratio across all nodes at 00:00,
showing that over 90% of nodes are higher than 69.2%.
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Figure 23: Overcommitted Resource Allocation.

7 Failure Analysis
In order to understand the operational situation and identify
opportunities for improvement, we record 1.31 million fail-
ures over the past six months and classify these failures based
on their root cause.

7.1 Failure Distribution
Table 6 summarizes the distribution of these failures. The
most apparent is that the majority of recorded failures are user
code, or permission issues rather than system-level problems.

Table 6: Production Failures Distribution.
Category Count %

User SQL / Query Errors 572K 44.0%
Permission / Access 163K 12.5%
Tunnel / Storage I/O 124K 9.5%
UDF / Environment 115K 8.9%
OOM / Resource Exhaustion 101K 7.8%
Driver / Coordinator 98K 7.5%
Shuffle / Compute Engine 78K 6.0%
Optimizer / Rule 47K 3.6%
Other / Unknown 3K 0.2%

Total 1.31M 100%

User-attributable Failures Dominate. User errors—
including SQL mistakes, permission issues, UDF bugs,
runtime environment mismatches, and Python worker
failures—collectively account for 65.3% of all failures. SQL

errors alone constitute 44.0%, making them the single largest
category. Common sub-categories include: (1) references to
non-existent tables or columns (the most frequent single error,
with 296K occurrences); (2) user-initiated job cancellations
(40K); (3) type mismatch and cast errors (25K); and (4)
unsupported SQL syntax and features (e.g., UNPIVOT, ALTER
MATERIALIZED VIEW ... REBUILD). Permission errors
(12.5%) form the second-largest category, dominated by
cross-project access restrictions (65K) and insufficient
table-level permissions. UDF and environment errors (8.9%)
encompass user-defined function loading and execution
failures (23K), runtime environment incompatibilities (68K),
and Python worker crashes (17K).
OOM Is the Leading System-Level Failure. Out-of-memory
errors collectively account for 7.8% of failures. Table 7 breaks
down OOM failures by type. Executor-level OOM (container
crash or heartbeat timeout due to memory exhaustion) is the
dominant sub-category at 47.9%. Sort and shuffle-write OOM
(16.9%) and aggregate OOM (9.2%) follow. One benefit of
Quark’s fine-grained mode is that when a task fails with OOM
error, it can be retried in-place with a larger resource foot-
print, rather than destabilizing a long-lived executor that may
host many concurrent tasks. 94.7% of failed tasks succeed
upon retry after Quark automatically increases the resource
allocation. The remaining 5.3% are dominated by tasks with
heavily skewed data partitions, which are inherently difficult
to handle via online resource prediction alone. These failed
retries also waste CUs, accounting for 35.2% of the total CUs
consumed by retried tasks, but are negligible relative to the
overall CU consumption of all tasks.

Table 7: OOM Failure Sub-categories (101K total).
OOM Type %

Executor-level (crash / heartbeat timeout) 47.9%
Sort / Shuffle write 16.9%
Other (Java heap, spill disk full, unknown) 16.4%
Hash/Sort Aggregate 9.2%
Gluten/Velox native 9.1%
Join (Broadcast/SMJ/SHJ) 0.2%
Python-related 0.3%

I/O and Data Transfer Failures Are Transient but Fre-
quent. Tunnel and storage-api errors account for 9.5% of
failures. The most common sub-categories are quota/capacity
limits (29.5% of tunnel errors, dominated by slot quota ex-
ceeded with 34K occurrences), schema and partition errors
(18.1%), storage API timeouts (19.6%), and data read/write
failures from the underlying distributed file system (10.4%
and 9.9%). These failures are typically transient—caused
by momentary network congestion, service restarts, or load
spikes—and are well-served by Quark’s built-in retry mecha-
nism. However, the sheer volume highlights the importance
of robust I/O error handling in production batch systems op-
erating at scale.
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Shuffle Reliability Remains a Concern. Shuffle-related fail-
ures (6.0%) include data-loss exceptions when shuffle ser-
vices experience failures, Celeborn-related errors (connection
timeouts, registration failures), and Velox native execution
errors. Unlike I/O timeouts, shuffle data loss can cascade:
a single lost shuffle partition may cause an entire stage to
fail, requiring re-execution of all upstream tasks. Quark’s
task-level fault isolation limits the blast radius compared to
Spark’s executor-level model, but shuffle service reliability
remains a critical dependency.

7.2 Operational Lessons
Use Secure Containers for Fault and Performance Iso-
lation. Without proper isolation, these failures above (e.g.,
OOM crashes, transient I/O errors) can cascade across tasks.
Morever, batch workloads are both CPU- and I/O-intensive,
and their heavy use of kernel resources (e.g., scheduling and
mutexes) can interfere with prod. Using secure containers to
isolate both fault impact and performance impact is a good
practice. We use SKernel [16] as the backbone of Quark, it pro-
vides comparable performance to runc (without virtualization-
based isolation) [69].
Explore User-Provided Hints for Long-Tail OOM Re-
duction. Quark employs a history-based query optimizer
that predicts memory requirements at submission time, re-
solving 94.7% of OOM-induced failures upon retry with
increased resources. However, the remaining 5.3%—dom-
inated by long-tail tasks with highly skewed data or non-
stationary demands—remain difficult to predict purely from
history. Prior work [50] on feedback-driven resource estima-
tion shows that achieving stable prediction for such tasks may
require many iterations (≈20) of adjustment. User-provided
hints (e.g., expected data skew, memory-heavy operators) may
help short-circuit this feedback loop where historical signal
is insufficient.
Design for Transient I/O Failures at Scale. At the scale of
30K+ daily jobs processing petabytes of data, transient I/O
errors are inevitable rather than exceptional. Systems must
treat retries as a first-class mechanism: Quark’s task-level
model, where a failed task is independently retried without
affecting other tasks, is well-suited to this environment. By
contrast, in Spark’s executor-level model, a transient I/O error
may invalidate an entire executor’s in-memory state.

8 Related Work
Cluster Resource Optimization. Cluster resource optimiza-
tion focuses on maximizing resource utilization efficiency in
clusters, including cluster management [21, 25, 35, 60, 63, 67,
78,86,91,92,98] and schedulers [14,23,33,42,47,93,107,108].
Cluster platforms such as Azure [21, 80], Google [76, 87], Al-
ibaba [20, 34, 55, 58] have published traces of their cluster
management systems, workload characteristics and optimiza-
tion strategies. Co-locate low-priority batch workloads with
high-priority online services is a common practice to improve

overall resource utilization [38, 52, 57, 64, 77, 106]. However,
existing work mainly focuses on improving cluster resource
utilization without violating SLOs and pays little attention to
the effectiveness of resource usage because batch workloads
are typically treated as “best-effort”, and resources from over-
commitment are often viewed as a free lunch. In this paper,
we identify four types of idle or non-productive costs that
significantly undermine effective utilization and propose a lift
serverless paradigm for efficient co-location.

Serverless Analytics. In addition to the systems discussed
in §2.3, many other works (e.g., PyWren [43], Flint [45],Lo-
cus [75], Lambada [66], Cloudburst [84]) also leverage server-
less platforms for batch analytics. Existing work mainly fo-
cuses on demonstrating the feasibility of serverless for offline
analytics, and on improving shuffle operation efficiency on
serverless platforms. Notably, Ditto [41] can adjust the de-
gree of parallelism of each stage to optimize job completion
time. However, Quark differs from these efforts by introduc-
ing a fine-grained job model and targeting production co-
location with practical, deployment-oriented optimizations to
overcome challenges in §3.1. Quark has been validated for
effectiveness in industrial deployments.

Optimizations for Cold Start. We observe encouraging ad-
vances in serverless cold-start optimization techniques [1, 4,
15, 27, 28, 37, 48, 51, 62, 68, 71, 82, 90]. E.g., recent research
efforts [17,28,37,51,96,103] have reduced function cold-start
latency to within a 10-milliseconds. These works inspired the
fast task provision design in Quark. However, compared with
existing serverless platform, Spark is more complex and in-
volves many operations whose state cannot be reused, such as
additional plugin loading and establishing connections (e.g.,
with the Driver and ShuffleManager). The startup latency of
a single task in Quark has not yet been optimized to within
10 ms, but it is sufficient for our needs.

9 Conclusion

This paper addresses the inefficiencies of co-location in mod-
ern cloud infrastructures, focusing on industrial-scale deploy-
ment. Through real-world deployments and in-depth analysis,
we identify four types of idle or non-productive costs that
significantly undermine effective utilization and leave clus-
ters in a pretending to be busy state. This paper presents
Quark, applying serverless paradigms to batch workloads for
efficient co-location. Results show that Quark increases clus-
ter resource utilization by 37.37%, and has been deployed in
large-scale clusters, saving more than 100,000 CPU cores. We
sincerely thank our shepherd and the anonymous reviewers,
whose reviews and suggestions greatly strengthened our work.
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