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Abstract—Colocating high- and low-priority VMs under CPU
oversubscription is an effective way to improve resource utiliza-
tion, but it demands careful core allocation to control contention
and ensure the QoS. Existing solutions typically rely on Linux
cgroup mechanisms such as cpuset, quota, and share. However, our
experiments show that these mechanisms have inherent limitations
and cannot simultaneously ensure QoS and resource efficiency.
Unconditional preemption introduces new opportunities, which
is a new kernel feature supported by major cloud vendors. Our
experimental analysis reveals that, while unconditional preemption
provides strong performance guarantees for high-priority VMs, it
also increases the risk of starving low-priority VMs.

We present Eunomia, a CPU core allocator for oversubscribed
clouds. Eunomia employs a black-box QoS degradation detection
model that leverages transmit packet counts and kernel-level
KVM tracepoints to identify performance degradation in high-
priority VMs. Guided by this model, Eunomia selectively enables
unconditional preemption only for degraded high-priority VMs,
ensuring QoS while improving CPU efficiency. Experiments show
that Eunomia delivers high-priority performance comparable to
isolated execution while improving low-priority throughput by
50–64% over the best-performing cpuset-based baseline.

I. INTRODUCTION

Enterprises have long relied on self-managed infrastructures,
which lack elasticity and often suffer from low utilization [1]–
[3]. Cloud computing offers scalability and cost efficiency,
yet regulatory, privacy, and security constraints prevent many
organizations from fully adopting public clouds [4], [5]. To
address this need, vendors provide on-premises cloud solutions,
such as Huawei Cloud Stack [6], Alibaba Apsara Stack [7], and
AWS Outposts [8]. These platforms commonly colocate high-
priority latency-critical (LC) VMs with low-priority compute-
intensive VMs and employ CPU oversubscription (i.e., one
physical core is multiplexed across multiple vCPUs) to improve
utilization [9]–[14]. However, oversubscription introduces con-
tention that complicates QoS guarantees for high-priority VMs.

Existing solutions to CPU contention rely on Linux cgroup
mechanisms such as cpuset, quota, and share [13], [15]–[17].
Our analysis in oversubscribed settings shows that none of them
can simultaneously guarantee the QoS of high-priority VMs and
maximize the throughput of low-priority VMs. Cpuset enforces
core-level isolation by dedicating physical cores to high-priority
VMs, which excludes low-priority VMs from those cores and
thus eliminates the benefits of oversubscription. Quota restricts
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low-priority VMs at a finer granularity of CPU time slices,
reserving capacity for high-priority VMs to reduce contention.
However, static quota configurations fail to accommodate the
dynamic workload variations, leading to either wasted resources
or QoS degradation. Even with dynamic tuning, finding a
configuration that both protects QoS and maximizes throughput
is inherently difficult. Share allocates CPU resources according
to preset weights only during contention and appears promising,
but our experiments show that its performance guarantees and
actual resource allocations are unreliable.

Recently, cloud vendors have extended cgroup capabilities to
support unconditional preemption (UP). With UP, high-priority
VMs can preempt low-priority ones as soon as they become
runnable, without being constrained by the minimum time slice
of the Completely Fair Scheduler (CFS) [15]. Representative
implementations include TencentOS Server [18], Alibaba Cloud
Linux [19], and Huawei Cloud EulerOS [20]. Our experiments
show that UP is promising in providing strong performance
guarantees for high-priority VMs under oversubscription. How-
ever, when the number of preemptible high-priority vCPUs
increases, low-priority VMs risk starvation, losing access to
otherwise idle resources and thereby reducing overall efficiency.
Therefore, UP is not suitable for statically configuring all high-
priority VMs in oversubscribed environments.

In this paper, we introduce Eunomia, a core allocator de-
signed for oversubscribed CPU environments. Eunomia in-
tegrates a lightweight isolation-forest-based QoS degradation
detection model that leverages VM transmit packet counts
(tx.pkts) and kernel-level KVM tracepoints. Unlike prior ap-
proaches that rely on hardware performance monitoring coun-
ters or resource metrics [21]–[25], these features more accu-
rately capture performance degradation inside VMs. Guided by
this model, Eunomia activates unconditional preemption only
when a high-priority VM experiences QoS degradation and uses
cpuset to isolate it from other high-priority VMs, ensuring pre-
emption affects only low-priority VMs. To maximize efficiency,
Eunomia imposes no restrictions on low-priority VMs, allowing
them to exploit all available cores. Experimental results across
diverse scenarios show that Eunomia achieves high-priority
performance comparable to isolated execution while improving
low-priority throughput by 50–64% over the strongest cpuset-
based baseline derived from the state-of-the-art work UFO [13].

The main contributions of this paper are as follows:



Fig. 1. Performance of MongoDB and Sysbench under different Core allocation mechanisms: (a) different quota percentage for MongoDB by limiting the
CPU time available to Sysbench; (b) share with a 10:1 (high-priority:low-priority) ratio under different CPU saturation levels; (c) both high- and low-priority
VMs running the same application (Sysbench) under different share ratios; (d) different cpuset configurations and unconditional preemption.

• We evaluate core allocation mechanisms under oversub-
scription in depth, highlighting their inability to balance
high-priority VM QoS and low-priority throughput.

• We propose a novel VM QoS degradation detection model
that leverages VM transmit packet counts and kernel-level
KVM tracepoints, achieving high accuracy and recall.

• We design a preemption-based CPU core allocator that
efficiently guarantees the QoS of high-priority VMs while
maximizing the throughput of low-priority VMs.

II. BACKGROUND

We review current core allocation mechanisms supported
by Linux cgroup, which is widely used in container and
VM management [1], [13], [17]. The main mechanisms are
cpuset, quota, and share [16]. Cpuset controls which
cores a VM can run on, eliminating contention by granting
exclusive access. Quota imposes a hard limit on the CPU
time a VM can use within a fixed period (typically 100 ms);
for example, a quota of 150 ms under the default period caps
utilization at 150%. Share allocates CPU proportionally based
on assigned weights during contention; for instance, with equal
shares among three VMs, each receives one-third of the CPU
when all are runnable.

A. Experimental Analysis of Core Allocation Mechanisms

We launch two VMs with a typical configuration of 4 vCPUs
and 8 GB of memory [26], [27]. Both VMs are pinned to the
same four physical cores, simulating an oversubscription ratio
of 2 [12]. One VM runs MongoDB as a latency-critical high-
priority workload, and the other runs Sysbench as a compute-
intensive low-priority workload. The MongoDB load is gener-
ated by a four-thread YCSB [28] client on a separate machine.
Sysbench also uses four threads, ensuring that every vCPU in
both VMs is active. Figure 1 presents results for different core
allocation mechanisms. Each experiment is repeated five times,
and the figure reports average values.

Observation 1: Quota enforces strict CPU limits on low-
priority VMs, reducing interference on high-priority VMs.
Figure 1(a) shows that under the OS’s default scheduling,
Sysbench dominates CPU resources, leaving MongoDB with
less than 30% and causing a 5× increase in average latency and
a 42× increase in P99 latency. Increasing the quota percentage
for MongoDB reduces Sysbench throughput nearly linearly
while gradually improving MongoDB’s performance. However,

in practice, selecting an optimal quota percentage that both
mitigates interference and maximizes utilization is challenging,
and static configurations cannot adapt to dynamic loads.

Observation 2: Share provides limited performance pro-
tection for high-priority VM. Figure 1(b) compares share-10:1
(high:low-priority ratio) with the default (1:1). When running
alone, MongoDB consumes about 40% of CPU resources.
As Sysbench load increases, overall utilization rises toward
saturation. Below 60% saturation, share and default show little
difference, indicating no contention. Beyond 70%, share begins
to take effect, but at full saturation MongoDB’s average and P99
latencies still rise by 2× and 3×, respectively. This demonstrates
that the performance protection offered by share is limited.

To investigate the performance protection limitations of
share, we run the same application in both VMs to remove
application-specific contention effects. We use Sysbench be-
cause its throughput strongly correlates with the CPU resources
it receives (Figure 1(a)). Under different share ratios, we
run Sysbench for 10 seconds across 10 trials and record
the throughput of the high-share VM. Figure 1(c) shows the
resulting box plots alongside theoretical values assuming strict
proportional allocation.

Observation 3: Share does not enforce strict proportional
allocation. Figure 1(c) shows that, except for the 1:1 case,
actual CPU allocation is consistently below the theoretical
expectation, with deviations increasing as the share ratio grows.
This indicates that share cannot accurately and reliably guar-
antee resource allocation and performance.

B. Opportunity: Unconditional Preemption

Unconditional Preemption (UP) has been introduced as a
kernel feature by major cloud vendors, including TencentOS
Server [18], Alibaba Cloud Linux [19], and Huawei Cloud
EulerOS [20]. Their implementations follow a similar design,
adding a new scheduling class to the kernel that allows high-
priority tasks to preempt low-priority tasks in the same way
runnable tasks preempt the idle thread. Therefore, we use
EulerOS in our experiments as a representative implementation.

Figure 1(d) compares UP with different cpuset configu-
rations. Here, A + B denotes the number of cores bound to
the high- and low-priority VMs. When A + B = 4, there are
no overlapping shared cores. Since the standalone high-priority
VM requires about 160% CPU, we ensure A ≥ 2. Under UP,
both VMs share four cores, with the high-priority VM able to



Fig. 2. Throughput of Sysbench when running with different numbers of high-
priority vCPUs with unconditional preemption.

preempt the low-priority one. LC only serves as the ideal case,
which runs only the latency-critical high-priority VM.

Observation 4: Unconditional Preemption provides
strong performance guarantees for high-priority VMs. With
UP, MongoDB achieves performance nearly identical to iso-
lated execution (LC only), showing no interference from the
CPU-intensive Sysbench. In contrast, coarse-grained cpuset
imposes trade-offs: either increased MongoDB latency (e.g.,
“2+2”) or reduced Sysbench throughput (e.g., “3+1”). Com-
pared with the best cpuset case for MongoDB (“4+1”), UP
still reduces P99 latency by 13% while increasing Sysbench
throughput by 43%.

One might assume that allowing all high-priority VMs to
preempt low-priority VMs would suffice. However, we demon-
strate the limitations of this static configuration through an
experiment. Using virsh, we pin both high- and low-priority
VMs to the same physical core. We gradually increase the
number of MongoDB instances (each with one worker thread)
to emulate multiple vCPUs of high-priority VMs, while the
low-priority VM runs a single-threaded Sysbench workload.
Figure 2 presents the results of ten runs, reporting Sysbench
throughput under varying numbers of high-priority vCPUs

Observation 5: Unconditional Preemption increases star-
vation risk for low-priority VMs when high-priority vCPUs
are numerous. Figure 2 shows that the gap between the actual
and ideal throughput of Sysbench widens as the number of
high-priority vCPUs increases. The ideal throughput represents
the maximum Sysbench could achieve if it fully utilized the
CPU cycles left by high-priority vCPUs. The widening gap
indicates that Sysbench loses scheduling opportunities due to
preemption. Moreover, we observe that as the number of high-
priority vCPUs further increases (the aggregate CPU utilization
exceeds 70%), the low-priority VM may receive no CPU time
at all, leading to CPU stalls and kernel soft lockups.

III. DESIGN

Since unconditional preemption effectively mitigates inter-
ference, Eunomia uses it to guarantee high-priority VM QoS.
However, to maximize low-priority VM throughput, it is crucial
to carefully determine when to enable preemption and how to
allocate cores.
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Fig. 3. Workflow of Eunomia.

A. Principles

Unconditional preemption is enabled only when QoS
degradation occurs in high-priority VMs. Enabling uncondi-
tional preemption at all times negatively impacts the throughput
of low-priority VMs (Observation 5). Moreover, when no QoS
degradation occurs, preempting low-priority VMs is unneces-
sary and reduces resource efficiency.

The QoS degradation detection model must be timely,
sensitive, and lightweight. Since most CPU cores on a physical
node are allocated to customer VMs to maximize cost effi-
ciency, the resources available for monitoring and management
are limited. As a result, approaches such as deep learning [25],
which rely on monitoring a large number of metrics and
excessive compute resources, are not feasible.

No explicit CPU restrictions are imposed on low-priority
VMs. To maximize CPU utilization, low-priority VMs always
have access to all cores. Except for necessary preemption to
protect high-priority QoS, Eunomia applies no CPU constraints
(e.g., cpuset, quota, or share) to low-priority VMs.

B. Workflow of Eunomia

Eunomia focuses on intra-node core management. Figure 3
illustrates its workflow. For each high-priority VM, Eunomia
trains an isolation forest model to detect QoS degradation (see
Section III-C for details). During normal operation without
degradation, high- and low-priority VMs share all available
cores on the node. Meanwhile, Eunomia continuously monitors
the load and KVM metrics (Table I) of each high-priority VM
and performs outlier detection.

When QoS degradation is detected, as in the case of VM1
in Figure 3, Eunomia grants it unconditional preemption. To
prevent VM1 from degrading the QoS of other high-priority
VMs, Eunomia uses cpuset to isolate VM1. The number of
physical cores bound to VM1 equals its vCPU count, ensuring
that only one high-priority vCPU thread runs on each assigned
core. This design has two benefits: it eliminates the double
scheduling [13] and reduces the risk of starving low-priority
VMs on those cores (Observation 5). We assume the external
scheduler ensures the total number of vCPUs requested by
high-priority VMs does not exceed the available physical
cores, guaranteeing that each high-priority VM can exclusively
occupy the cores it requests, even in extreme cases.



TABLE I
KVM METRICS USED IN VM QOS DETECTION

Metric Description
kvm entry Number of times the virtual CPU switches

from the host to the guest.
kvm apic accept irq Number of times the virtual machine ac-

cepts interrupt requests (IRQ).
kvm vcpu wakeup Number of times the vCPU in the virtual

machine is woken up.
kvm halt poll ns Duration of polling when the virtual ma-

chine is in an idle state (in nanoseconds).

Fig. 4. Correlation between ops and tx.pkts with Linear Regression.

C. QoS Degradation Detection

Applications inside a VM are often opaque, making
application-level performance metrics inaccessible. Unlike prior
work that relies on low-level hardware performance monitoring
counters (PMCs) or resource metrics [21]–[25], we employ
kernel-level KVM tracepoints, which are closer to the applica-
tion and more directly capture the VM’s internal state, including
running, idling, and wake-up behavior.

KVM metrics. Using perf, we collected all KVM-related
metrics across diverse workloads in Table II. After discarding
constant metrics and applying correlation-based filtering, we
identified four metrics most indicative of application perfor-
mance. Table I summarizes their interpretations.

VM transmit packets as load indicator. Since the response
of LC applications to user requests involves transmitting at least
one network packet, we use the number of transmitted packets
per second (tx.pkts) to represent the load state of high-priority
VMs. As shown in Figure 4, we sampled transmit packets
five times for three applications under varying operations per
second (ops) and plotted both scatter and linear fit results. The
results demonstrate that tx.pkts exhibits a nearly perfect linear
correlation with the actual load.

Isolation forest model. Although application performance
inside a VM is not directly observable, we can construct a core-
interference-free environment using cpuset. The KVM metrics
and tx.pkts collected in a core-isolated environment represent
non-degraded performance. For each high-priority VM, we train
an isolation forest model as the degradation detection classifier
because of its suitability for one-class data (non-degraded only),
lightweight nature, and independence from GPU [29].

Training data collection. To enable rapid response to QoS
degradation, we set the monitoring granularity to one second.
However, continuous metric collection may generate large

volumes of redundant or irrelevant data, thereby increasing
storage and training overhead. To mitigate this, we enable core
isolation and collect training data only when transmit packet
activity is detected. Furthermore, for traffic scenarios of similar
magnitude, we record only one minute of data. Since cloud
applications typically exhibit diurnal load patterns [30], [31],
we collect data over a full day for model training. After training,
we remove the core isolation configuration and continuously
monitor the metrics online to detect potential degradation.

Model update. When online metrics deviate significantly
from those observed during training, we trigger model retrain-
ing. For instance, a noticeable shift in the distribution of the
VM’s CPU utilization or transmitted packets may indicate a
substantial change in the VM’s workload.

IV. EVALUATION

Table II presents the platform configuration and workloads
used in our experiments. Since most VM specifications are
much smaller than the core count of a single NUMA node
and require NUMA affinity [12], [27], [32], we conduct VM
colocation experiments within a single NUMA node. As high-
priority VMs, we use Redis, Memcached, and MongoDB,
which represent common cloud workloads and are widely
used in prior literature [14], [26], [33]. Their workloads are
generated using YCSB [28] with one million records under a
read-only query pattern. YCSB runs on a separate node. For
low-priority VMs, we employ Sysbench [34], as its throughput
is strongly correlated with resource allocation (see Figure 1(a)),
making it a good proxy for resource utilization.

A. Baselines

Default. VMs are scheduled according to OS’s default
scheduling policy, with all VMs sharing the available cores.

Share. We evaluate three configurations of the high-to-low
priority VM share ratio: 2:1, 100:1, and max (1048576:2).

Quota. We limit the maximum CPU resources available to
low-priority VMs using quota mechanism. Ratios of 1:1, 3:1,
and 9:1 correspond to low-priority VMs being restricted to
50%, 25%, and 10% of total CPU resources, respectively.

Cpuset. We evaluate two Cpuset modes. In Cpuset-partial,
each high-priority VM exclusively occupies a number of phys-
ical cores equal to half of its vCPU count, while sharing the
remaining cores with other VMs [35]. In Cpuset-full, each high-
priority VM exclusively occupies a number of physical cores
equal to its vCPU count, with no sharing across VMs [13].

LC only. Only latency-critical (LC) high-priority VMs are
deployed, serving as an upper-bound performance baseline.

B. Diverse Resource Saturation Scenarios

After reserving cores for VM management, 40 cores remain
available on the test node. We launch a 32-vCPU high-priority
VM running MongoDB with a 32-thread YCSB workload.
Additionally, we start a 40-vCPU low-priority VM running
Sysbench (40 threads). This setup simulates an oversubscription
ratio of (32 + 40)/40 = 1.8.

When running alone, MongoDB consumes approximately
25% of total CPU resources. We gradually increase Sysbench



TABLE II
PLATFORM SPECIFICATION AND WORKLOADS

Platform Specification
Hardware CPU Intel(R) Xeon(R) Gold 5220R, 2 sockets, 24 cores per socket

2 threads per core, 692GB memory, 2 NUMA nodes
Software OS: Huawei Cloud EulerOS 2.0 (x86 64) with kernel 5.10.0

Workloads
Redis [36] An in-memory data store (single-threaded), high priority
Memcached [37] An in-memory key-value store (multi-threaded), high priority
MongoDB [38] A document-oriented NoSQL database, high priority
Sysbench [34] A compute-intensive cpu test, low priority

load to saturate the node’s CPU, evaluating scenarios with
40%, 60%, 80%, and 100% saturation levels. Figure 5 presents
the results. For each scenario, we collect stable data over a
10-second interval. P99 latency is reported as the mean and
standard deviation of ten 1-second samples, while Sysbench
throughput is the average over the 10-second period.

In default, MongoDB’s P99 latency rises sharply as node
saturation increases. Share-2:1 provides little improvement over
default and offers only minor stability at 100% saturation. As
the share ratio increases to 100:1, the effect becomes clearer
and P99 latency drops noticeably (note the exponential scale
of the latency axis). Averaged across the four saturation levels,
share-100:1 reduces P99 latency by 38% relative to default.
Share-max shows no meaningful benefit over 100:1. Notably,
under the share policy, Sysbench throughput remains close to
default, even at full saturation. This indicates that Sysbench can
still consume any idle CPU cycles left unused by MongoDB.

By contrast, quota strictly caps the CPU available to Sys-
bench. From 1:1 to 3:1 to 9:1, Sysbench receives a smaller
CPU fraction and its throughput decreases roughly linearly.
MongoDB’s P99 latency improves as more CPU is reserved
for it. Due to its strict resource constraints, quota provides
significantly more stable performance than share, particularly
under high saturation. However, even with quota-9:1, Sysbench
still increases MongoDB’s P99 latency by about 60% compared
with running alone.

Cpuset-partial improves MongoDB latency over default by
granting it exclusive cores, but Sysbench throughput declines
by 33% at 100% saturation due to reduced core availability.
Cpuset-full eliminates core interference and achieves near-
isolated MongoDB performance, but further reduces Sysbench
throughput by 64%. Eunomia also attains near-isolated Mon-
goDB performance through unconditional preemption. How-
ever, unlike cpuset, it imposes no core restrictions on Sysbench,
resulting in a substantial throughput gain. Compared with
cpuset-full, Sysbench throughput improves by 53% on average.

C. Multiple High-Priority VMs Colocation Scenario

We evaluate a colocation scenario with three high-priority
VMs: a 16-vCPU VM running MongoDB, an 8-vCPU VM
running Memcached, and a 4-vCPU VM running Redis. The
low-priority VM is a 40-vCPU instance running Sysbench (no
load limit). This setup simulates an oversubscription ratio of
(16 + 8 + 4 + 40)/40 = 1.7. For each high-priority VM, the
number of YCSB threads equals its vCPU count. Collectively,
the high-priority workloads consume about one-third of the

Fig. 5. The comparison of MongoDB P99 latency and Sysbench throughput
for different approaches with various CPU saturation levels.

total CPU resources. Figure 6 presents the performance of all
four applications under different resource allocation methods.

Share fails to guarantee the performance of the three
high-priority applications, as Sysbench can utilize idle node
resources, keeping the system in a highly saturated state.
Quota improves performance by limiting low-priority VMs
and thereby creating a more resource-abundant environment for
high-priority VMs. However, under the quota-9:1 case, the P99
latency of the three high-priority applications still increases
by an average of 47% compared with the LC only scenario,
indicating interference from low-priority vCPUs.

Cpuset-partial alleviates interference by granting high-
priority VMs exclusive access to part of the cores. Yet,
contention on the shared cores becomes more severe, as the
low-priority VM can only run there. Consequently, compared
with cpuset-full, cpuset-partial causes performance fluctuations
(Redis and Memcached) or degradation (MongoDB). Cpuset-
full achieves performance comparable to LC only but restricts
Sysbench throughput due to limited cores. Leveraging un-
conditional preemption, Eunomia preserves high-priority VM
performance while improving Sysbench throughput by 64%
compared with cpuset-full.

D. QoS Degradation Detection Model

We evaluate Eunomia’s QoS degradation detection model us-
ing three LC applications under stepwise increasing loads [13].
The VM is configured with 4 vCPUs, a commonly used
specification [26], [27], [32]. We compare Eunomia with several
representative approaches from both industry and academia.

ST% (Huawei Cloud) [21]. This method computes the
effective CPU utilization as cpu_util%/(cpu_util% +
steal%), where cpu_util% is the CPU time actually con-
sumed by the VM and steal% is the fraction of time the
VM waits for CPU allocation. Values below the threshold
(minimum in the cpuset phase), indicating excessive steal time,
are classified as QoS degradation.

CPI2 (Google) [22]. It uses CPI (cycles per instruction) to
detect performance anomalies. During the cpuset phase, we
collect the distribution of CPI values and set the threshold to
the mean plus two standard deviations as the paper described.
CPI values exceeding this threshold indicate QoS degradation.



Fig. 6. Performance of multiple colocated applications under different resource allocation methods.

TABLE III
COMPARISON OF QOS DEGRADATION DETECTION METHODS

Method Memcached Redis MongoDB Avg
Accuracy Recall Accuracy Recall Accuracy Recall Accuracy Recall

ST% [21] 74% 68% 83% 79% 83% 78% 80% 75%
CPI2 [22] 73% 68% 70% 45% 42% 26% 62% 46%
Holmes [23] 66% 60% 73% 50% 44% 28% 61% 46%
CloudWhite [24] 75% 88% 57% 92% 78% 95% 70% 92%
Eunomia 93% 100% 81% 95% 90% 100% 88% 98%

Holmes [23]. It uses stalls_mem_any/(Num_load +
Num_store), where stalls_mem_any is the number of
cycles stalled waiting for memory subsystem responses. Val-
ues above the threshold (maximum in the cpuset phase) are
classified as QoS degradation.

CloudWhite [24]. This method monitors both GIPS (Giga-
Instructions Per Second) and CPU utilization. If the two metrics
increase proportionally, the VM is considered normal; other-
wise, degradation is inferred. When one VM is identified as
normal under increasing load, all other VMs are regarded as
potential QoS-degraded instances.

We use perf, virsh, and kvmtop to collect the required metrics
at 1-second granularity. All methods use data (300–400 sam-
ples) from the same scenarios either to train their models or to
compute thresholds. In the test phase, we colocate Sysbench (4-
vCPUs) on four physical cores, simulating an oversubscription
ratio of 2. By varying the Sysbench load, we construct multiple
levels of CPU saturation. Each test set contains about 300
entries with a degradation-to-nondegradation ratio of approx-
imately 7:3. We record the application’s P99 latency during
cpuset as the baseline; in testing, P99 values above the baseline
are labeled degraded, otherwise non-degraded.

Table III reports the results across the three application test
sets. We focus on two metrics: (1) classification accuracy, and
(2) recall for degraded cases. Eunomia consistently achieves
the highest recall, reaching 100% for both Memcached and
MongoDB. In terms of accuracy, Eunomia slightly trails ST%
in the Redis case but ranks first in the other two. CloudWhite
achieving high recall is largely due to over-detection: flagging
other VMs as degraded when Sysbench’s GIPS and CPU
utilization increase proportionally. Additionally, its parameter
requires fine-tuning for different VMs. Among the remaining
methods, the ST% proves more effective than CPI2 or Holmes
at capturing application performance under CPU contention.

E. Compare with Static Unconditional Preemption

We compare Eunomia with static unconditional preemption
(UP) to highlight the benefits of QoS degradation detection

Fig. 7. Sysbench throughput under different MongoDB load levels.

model. We launch a 40-vCPU high-priority VM running Mon-
goDB and a 20-vCPU low-priority VM running Sysbench.
Figure 7 shows that, before 50k ops, Eunomia correctly detects
no QoS degradation, allowing MongoDB to share resources
with Sysbench. As the load increases, Sysbench faces more
frequent preemption. From 10k to 40k ops, Eunomia improves
Sysbench throughput by 1.8%, 7.6%, 9.1%, and 11.7% com-
pared to static UP. Once the load exceeds 50k ops (around 40%
CPU saturation), Eunomia correctly identifies QoS degradation
and enables unconditional preemption, achieving performance
equivalent to static UP. Eunomia’s advantage lies primarily in
low-load periods, during which high-priority VMs do not suffer
QoS degradation. Since low-load periods are typically much
longer [13], [30], and considering the scale of cloud clusters,
the overall improvement in resource utilization is substantial.

V. CONCLUSION

We present Eunomia, a preemption-based CPU core allocator
for oversubscribed clouds. Our experiments show that uncon-
ditional preemption offers stronger QoS guarantees for high-
priority VMs than traditional cgroup mechanisms. Eunomia
augments this capability with a lightweight QoS degradation
detection model that activates preemption only when necessary,
thereby maximizing resource efficiency. By leveraging kernel-
level metrics, it captures VM performance more accurately than
prior hardware-based approaches. We expect these insights to
inform future research and bring Eunomia closer to deployment
in real cloud environments.
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