VIRTUAL MACHINE NUMA PLACEMENT AT SCALE:
LEARNING THE NORM, SHIELDING THE TAIL
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ABSTRACT

In modern data centers, servers organize memory and CPUs into Non-Uniform Memory Access (NUMA) nodes,
where unequal memory-to-CPU proximity leads to varying memory latency. Hypervisors must carefully place
Virtual Machines (VMs) to reduce remote memory access. Poor placements can lead to significant performance
degradation—sometimes up to 30%. However, achieving optimal placement at scale is challenging due to the
large number of VM configurations, diverse NUMA structures, and evolving workload patterns. We present
Catur, a NUMA placement system designed for large-scale cloud environments. Catur leverages reinforcement
learning to learn from production data. Moreover, to address real-world challenges, Catur integrates several tech-
niques: robust action space design to prevent model collapse, reward shaping to address learning inefficiency,
drift-aware continuous training for evolving workload patterns, and speculative shielding to mitigate VM per-
formance anomalies. Evaluations on production traces with 100 million VMs demonstrate that Catur reduces
average resource defect by 34.2%-50.0% compared to state-of-the-art hypervisor policies.

1 INTRODUCTION

Cloud computing has revolutionized the provisioning of
computing resources with unprecedented flexibility and
cost efficiency. Cloud servers organize CPUs and mem-
ory into multiple Non-Uniform Memory Access (NUMA)
nodes. Within a NUMA node, CPU cores access lo-
cal memory with lower latency, whereas accessing remote
memory—memory located in a different NUMA node—
incurs higher latency. Hypervisors such as KVM (Red
Hat), Xen (Xen Project, 2015), and Hyper-V (Microsoft,
2025) manage the placement of virtual machines (VMs)
across NUMA nodes.

Efficient NUMA placement—the assignment of VMs to
appropriate NUMA nodes—is a key problem for cloud
providers. Poor placement degrades application perfor-
mance and resource utilization. Our experiments (§2.1)
show that suboptimal NUMA placements can cause >30%
performance degradation for applications. Given the
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scale of cloud infrastructure, even modest inefficiencies in
NUMA placement can lead to substantial resource waste
and widespread performance degradation for users.

Indeed, customers of major cloud providers have reported
performance anomalies due to NUMA effects. For exam-
ple, ScyllaDB users observed a 60% drop in throughput
on Oracle Cloud due to remote memory accesses (Cho-
jnowskil, 2021)); Azure users found that some workloads on
120 cores performed worse than on 20 cores (u/satirerocks)
2021); and AWS users reported that four out of 36 vC-
PUs ran at half the speed of the others (Tunyasuvunakool,
2015). VMware also warns that distributing vCPUs across
NUMA nodes can lead to the “ping-pong effect”, further
degrading performance (William). Thus, it is crucial to mit-
igate poor NUMA placements.

However, discovering an ideal NUMA placement plan
presents significant challenges, particularly in large-scale
cloud environments. By analyzing traces of 100 million
VMs at CloudXE] (, we identify two key observations:

1. Large scale with high diversity: Cloud providers offer
numerous VM types, each requiring a specific combina-
tion of CPUs and memory. This creates highly skewed
resource demands across the infrastructure, as illustrated

in our analysis §2.2). These varied VMs must

"For anonymity, we refer to a public cloud provider as CloudX
and its hypervisor as HyperX.
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be mapped to different hardware configurations, where
NUMA performance characteristics also vary between
hardware architectures §2.9).

2. Continuously evolving patterns: By monitoring produc-
tion traces, we observe that VMs exhibit patterns with
strong temporal and spatial locality: they drift over time

§22) and differ across clusters (§2.2).

These observations raise a key research question: what
should we optimize for in the NUMA placement problem?
The optimization goals exist at multiple levels. At the
VM level, the goal is to minimize remote memory access
by consolidating cores and memory to a single NUMA
node. For physical machines, we aim to maximize re-
source utilization and minimize fragmentation to accom-
modate future VMs. At the global level, a cloud provider
seeks to serve all user VMs while ensuring consistent ser-
vice quality—no VM should suffer significant performance
loss. Balancing these goals is challenging, and defining a
precise optimization objective remains an open problem.

We propose placement defect—a metric indicating the
severity of NUMA effects for VMs—to measure the qual-
ity of NUMA placement decisions. The metric comprises
two components: core defect, which captures overloaded
cores, allocating more virtual cores than the physical cores
on each NUMA node; and memory defect, which quantifies
the proportion of remote memory in each VM. The overall
defect is calculated as a linear combination of both com-
ponents (i.e., awxcore defect + Sxmemory defect), with
coeffcients o and 5 defaulting to 1, but adjustable when
the cloud has more information (e.g., VMs for known ser-
vices). We formally define these metrics in section {1}

Using placement defect as our foundation, we aim to op-
timize both normal and tail performance. In particular,
our objectives are twofold: (a) minimizing the average de-
fects across all clusters and over time, and (b) mitigating
worst-case scenarios by preventing defects from exceeding
an empirically determined threshold. To achieve the two
goals, we introduce Catur, a NUMA placement system de-
signed for large-scale cloud environments. The core phi-
losophy of Catur is to learn the norm and shield the tail.

Catur uses a learning approach—reinforcement learning—
to minimize the average defect while adapting to the dy-
namics of cloud environments and optimizing for long-
term rewards. Reinforcement learning is a critical design
for two main reasons. First, unlike rule-based policies (Red
Hat; Xen Project, |2015), a learning approach can identify
many subtle patterns in production traces. Manually tai-
loring policies for hundreds of VM types across multiple
machine architectures with diverse characteristics (our ob-
servation 1) would be impractical, as confirmed by our ex-
periments with existing hypervisor policies against produc-
tion workloads (§2.2). Second, reinforcement learning cap-

tures long-term rewards more effectively than other learn-
ing approaches like supervised learning. This is crucial be-
cause the quality of a NUMA placement decision depends
on future placements: an immediately rewarding placement
now may trigger highly defective placements later. Rein-
forcement learning captures these sequential decisions and
learns time-series patterns.

Importantly, Catur’s learning approach incorporates sev-
eral new techniques essential for production deployment,
including a reward shaping mechanism that resolves inef-
ficient learning from skewed real-world traces (§4.1)) and a
robust action space summarized from existing policies to
prevent model collapse (§4.2).

Catur addresses the tail performance challenge via specu-
lative shielding (§4.3), a mechanism designed for handling
short-term anomalies. Since patterns in the cloud con-
tinuously evolve (our observation 2), Catur inevitably en-
counters unseen scenarios. When the reinforcement learn-
ing model faces these new situations, it may make de-
cisions that lead to performance anomalies—placements
whose defects exceed the predefined threshold. Speculative
shielding is a speculative execution approach that explores
possible future states in advance and calculates the risk as-
sociated with different actions. This allows Catur to avoid
choosing actions that have a high probability of causing
performance anomalies. While speculative shielding han-
dles short-term challenges, Catur relies on drift-aware con-
tinuous learning (§4.4) to adapt its model to new patterns
over long term, thereby progressively reducing anomalies.

We implement Catur in HyperX, the production hypervisor
in CloudX. Our evaluation on production traces with 100M
VMs shows that Catur outperforms all state-of-the-art base-
line policies, achieving a 34.2%-50.0% reduction in aver-
age defect—a 1.5-2x improvement. Additionally, com-
pared with vanilla training, our techniques improve training
efficiency by 16.4x while reducing training cost by 93.9%.
Catur has been deployed to CloudX for early trials.

2 MOTIVATION AND CHALLENGES

Problem setup. Servers in modern cloud data centers
are equipped with multiple CPU sockets, forming NUMA
nodes that collectively support hundreds of CPU cores and
terabytes of memory. Each server typically hosts mul-
tiple virtual machines (VMs) managed by a hypervisor
like Xen (Xen Project, [2015), KVM (Red Hat), or Hyper-
V (Microsoft, 2025)). The hypervisor continuously receives
VM requests and uses a NUMA placement policy to map
the requested resources—cores and memory—onto the dif-
ferent NUMA nodes. This decision process is NUMA
placement.

Defective NUMA placement arises when the hypervisor
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Figure 1: Core overloading and remote memory in NUMA
placement: three VMs (VM-A, B, C) are placed on a phys-
ical server with two physical NUMA nodes. VM-A and
VM-B are placed on NUMA 1 leading to the overloading
of two cores. VM-A’s memory is served by two NUMA
nodes, leading to remote memory.

cannot locate idle resources that match both the NUMA
topology and the VM requests. illustrates two
types of defective NUMA placements: core defects and
memory defects, which we formally define later (§4.1).
Note that the actual problem is more complex than de-
scribed here, as some VMs have their internal virtual
NUMA architectures.

2.1 Motivation

NUMA placement is critical. NUMA placement is a cru-
cial problem in the cloud due to its impact on VM perfor-
mance. Different placement strategies can lead to varying
performance of the same VM type, which confuses users
who expect consistent, reliable, and predictable services.
We next show how different NUMA placement defects can
result in significant performance differences.

We experiment with five applications—TeraSort, SPECjbb,
SPTAG, DBApp, ObjectStore—that exhibit diverse charac-
teristics when running on the same VM with various mem-
ory and core defects. In particular, we vary the percentage
of remote memory accesses from 0% to 100%: 0% repre-
sents the optimal case with all memory accesses to local
memory, while 100% represents the worst case where all
accesses are remote. We also separately adjust core alloca-
tions by overloading NUMA nodes with virtual cores from
0% to 30%: 0% represents the optimal case with one vir-
tual core mapping to one physical core, while 30% means
there are 30% more virtual cores than physical cores on
the NUMA node. We then measure the end-to-end perfor-
mance of these applications.

presents the results, showing that performance
degradation can be >30% when defects occur. Addi-

tionally, applications have different sensitivities to these
defects. For example, SPTAG (Chen et al., 2021) is a
memory-intensive application for indexing data of a search
engine, which is sensitive to remote memory access but less
so to core overloading. DBApp, a database application, is
more sensitive to core overloading than remote memory.

Existing approaches. To minimize defects, existing hy-
pervisors rely on rule-based, heuristic policies to place
VMs on NUMA nodes. For example, Xen (Xen Project,
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Figure 2: The performance degradation under different
memory/core defects (median performance is reported).
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Figure 3: On the left: distribution of Memory and CPU of
VM configurations. On the right: distribution of Memory-
to-CPU ratio of 100 million VMs at CloudX.

2015)) attempts to place each VM on as few NUMA nodes
as possible, selecting the candidate node with the fewest
scheduled cores and breaking ties by preferring nodes
with more available memory. OpenStack Nova (Openlnfra
Foundation, 2023) offers two policies: the default “pack”
policy favors heavily utilized nodes, ranking NUMA nodes
first by CPU usage, then by memory availability; the alter-
native “spread” policy follows the same strategy as Xen.
The Enhanced Parallel Virtual Machine (E-PVM) algo-
rithm (Amir et al.| [2000) minimizes the marginal increase
in exponential cost derived from CPU and memory usage,
promoting balanced resource utilization. Tetris (Grandl
et al., |2014) dynamically tunes VM placement to jointly
balance CPU and memory demands.

2.2 Challenges

However, rule-based policies fail to address the NUMA
placement problem for large-scale cloud environments.
Next, we highlight the challenges.

Large scale plus high diversity. As mentioned (§IJ), cloud
providers support many and diverse VM types. [Figure 3
illustrates (a) the wide range of VM configurations that
CloudX supports, each with distinct core and memory re-
quirements, and (b) the diverse combinations of CPU and
memory demands across 100M VM requests from CloudX.
This extensive variety of VM configurations complicates
placements, making it difficult for heuristic policies to
maintain consistent performance across workloads.

In addition to diverse VMs, distinct hardware architec-
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Figure 4: Bandwidth and latency of cross-NUMA accesses.
Each row/column represents a physical NUMA node. Intel
servers have two sockets and one physical NUMA node per
socket. AMD servers have two sockets and two physical
NUMA nodes per socket.
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Figure 5: (a) Per-core memory distributions differ between
two periods (Day 1-15 and Day 16-30). (b) Server uti-
lization CDFs show distinct patterns across the two periods
(Day 1-15 and Day 16-30).

(b) Server resource usage

tures (Zhang et all 2015) intensify diversity challenges.
illustrates the cross-NUMA throughput and la-

tency characteristics of two different physical server types.
They exhibit notable differences in inter-socket bandwidth,
latency, and the number of NUMA nodes per socket. Such
hardware diversity makes it particularly difficult for rule-
based policies to adapt effectively across different infras-
tructure configurations.

Continuously evolving patterns. In production, VM re-
quests exhibit temporal and spatial pattern drift: the de-
manded VM types and VM arrivals have patterns, but these
patterns shift over time and across clusters. [Figure 5|illus-
trates the temporal drift by comparing VM request patterns
and server utilization across two periods. In the first half
of the month (Days 1-15), VM requests are predominantly
memory-heavy. In contrast, the second half (Days 16-30)
shows higher server utilization and a shift in VM workload
distributions. For spatial pattern drift, we evaluate policies
across four clusters. Each baseline policy excels on some
clusters and performs poorly on others, with performance
varying across the rest. No policy consistently works well
in all clusters.
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Figure 6: Catur overview.

3 LEARNING THE NORM, SHIELDING THE
TAIL

Motivated by observations from production traces, we in-
troduce Catur, a NUMA placement system that leverages
a learning-based approach to recognize complex patterns
and adapt to shifting workloads. As illustrated in Figure|[6]
Catur makes the NUMA placement decision based on (a)
the incoming VM request, including cores and memory re-
quirements, and (b) the current states of the physical ma-
chine, specifically the available cores and memory across
NUMA nodes. The placement orchestrator generates a list
of candidate actions (e.g., NUMA IDs for the VM), ranked
by their estimated utility. A speculative shielding module
then evaluates the risk associated with each action and se-
lects one that balances short-term gain and long-term risk.
The chosen action is applied to the physical machine, and
the machine state is updated accordingly.

Learning the norm. To learn placement patterns, Catur
uses reinforcement learning, a well-established approach
for solving sequential decision-making problems in sys-
tems (Mao et al, 2016} 2017}, [2019; [Marcus et al., 2021},
[Fang et al., 2019} Jay et al 2019 [Ortiz et al, 2018},

ishnan et al,2018). NUMA placement is precisely such a
problem—each placement decision changes the availability

of cores and memory across NUMA nodes, which in turn
affects future NUMA placements.

Furthermore, RL is better suited for cloud environments
than alternative approaches. Unlike rule-based policies, RL
learns patterns from production traces and adapts to the
complexity of real-world workloads. Compared to other
learning methods like supervised learning, RL excels at
looking beyond short-term benefits to discover long-term
rewards, which is essential for NUMA placements.

Shielding the tail. As a public cloud provider, ensuring
a good user experience is critical. The most disruptive

experiences, such as customer complaints (Chojnowskil
2021}, [u/satirerocks|, 2021}, [Tunyasuvunakooll, 2015)), arise

from the tail scenarios, where NUMA placements result
in significant defects—referred to as performance anoma-
lies. These anomalies are defined as cases where the com-
bined core and memory defects exceed an empirically de-
fined threshold. While RL algorithms are good at optimiz-
ing average performance, they sometimes overlook the tail
scenarios. The best RL model we trained (§4.2)), despite
having better average defects, still exhibits 44% more per-
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Figure 7: RL underperforms a rule-based policy.

formance anomalies than the best heuristic policy. How-
ever, this gap can be removed by Catur (§4.3) .

Catur uses speculative shielding to assess candidate actions
by speculatively applying them and estimating the likeli-
hood of future anomalies. Catur formulates this exploration
as a traversal over a NUMA-state transition tree, where
nodes represent machine states and edges correspond to
(action, VM) pairs. During this traversal, Catur needs to
trade off immediate gain and potential future risks, and se-
lects actions that strike a balance.

Real-world challenges. While conceptually intuitive, im-
plementing Catur in production presents real-world chal-
lenges. By experimenting with an initial implementation
in our environment, we observed three major issues. We
elaborate on each of them below.

(1) Inefficient learning from skewed workloads. During
training, we observe that the model’s progress is slow and
unstable—the defect rate does not consistently decrease as
training epochs increase, as demonstrated in A
deeper analysis of the model’s decision contexts reveals
a learning imbalance: not all placement decisions offer
equal learning value. Placement decisions for resource-rich
servers—those with abundant cores and memory across all
NUMA nodes—present trivial challenges compared to de-
cisions for highly utilized servers with limited resources.

Unfortunately, these easier scenarios dominate the train-
ing data, offering limited learning value. We catego-
rize all placement decisions into three distinct types: “no
defect” cases (55.03%) where no defects occur regard-
less of NUMA node selection; “unavoidable defect” cases
(6.86%) where defects are unavoidable regardless of place-
ment choice; and “avoidable defect” cases (38.11%) where
different NUMA selections actually lead to varying quality
outcomes. This distribution reveals our central challenge—
the majority of training examples provide no useful signal
for the model. Consequently, when blindly trained on the
full dataset, the model fails to develop effective strategies
for the critical scenarios: the constrained resource condi-
tions that are the primary source of placement defects.

(2) Model collapse. We train an RL model on a one-month
production trace. The model’s inputs (i.e., RL state) in-
clude NUMA information and VM requests, and its out-
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Figure 8: Unobserved states and change of VM request pat-
terns lead to the model collapse that off-the-shelf RL can-
not provide robust performance.

puts (i.e., RL actions) select the NUMA node for each VM
placement. While testing the model on a later set of traces,
we observe that the model gradually underperforms relative
to existing policies, a phenomenon known as model col-
lapse (Farebrother et al., |2018)). This is due to a combina-
tion of outliers and gradual shifts in workload patterns. In
our experiments, VM requests vary across clusters and over
time, resulting in up to 25% of unobserved states during a
one-month period (Figure 8(a)). Such drift degrades per-
formance and causes model collapse, increasing defective
VM rate to 19%—a 4.2 x jump from 4.5% (Figure 8(b)).

(3) Balancing performance with anomaly prevention. Iden-
tifying all anomalies in NUMA placement is computation-
ally infeasible due to the enormous search space with hun-
dreds of possible (action, VM) pairs. Moreover, attempt-
ing to prevent all potential anomalies is overly conserva-
tive, leading to excessive false positives that unnecessar-
ily restrict the RL model’s actions and significantly de-
grade average performance. Balancing average and tail per-
formance while ensuring speculative shielding terminates
within the time budget is a challenge.

4 CATUR: NUMA PLACEMENT AT SCALE

Catur’s RL formulation and training. We model the
NUMA placement as a Partially-Observed Markov Deci-
sion Process (POMDP). At each time step ¢, the RL agent
observes the state s;, takes an action a;, and transitions to
a new state s; 1, receiving a reward r;. The agent aims to
maximize the expected cumulative reward, enabling adap-
tive decision-making.

Catur Trainer

Reward R(s,, a,)

Environment

i NUMA-0
Q
Mem

State

* Physical NUMA
resource

* VMrequest

RL Agent

:’ Core Best-Fit i
(coroHostite ),
. (remoy seseri ),

(e e

000
o000

NUMA-1

Observation s,

Figure 9: Catur’s RL workflow for NUMA placement. By
observing system states, the RL agent adaptively selects
one policy to handle the VM request. The reward feedback
updates the RL model for training.
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summarizes how Catur applies RL to the NUMA
placement problem. As shown, the Catur RL framework,
trained at the level of physical machines, uses a lightweight
ResNet (He et al.l 2016) based Q-network to place VMs.
Upon a VM arrival or stop event in this machine, the agent
observes a state s;. The RL agent takes this state as in-
put and yields a VM placement action to be executed by
the hypervisor. The training configurations and details are
described in our appendix.

4.1 Reward design

The goal of optimizing VM placement is to improve over-
all application performance, which is influenced by two
key factors: core defects and memory defects. The reward
function is designed to jointly minimize both.

Quantifying core and memory defects. Core defects arise
from overloaded virtual cores competing for physical cores.
So, we define Core Overloading Ratio (COR):

COR — max(vCores — Core_Capacity, 0)

1
Core_Capacity SRS

where vCores is the number of virtual cores requested
by the VM and Core_Capacity is the number of physi-
cal cores provided by the NUMA node. COR is defined
at the NUMA level as VMs on the same NUMA share the
overloaded cores.

Memory defects result from remote memory accesses. We
measure them using the Remote Memory Ratio (RMR):

M
RMR = EMyremote (2)

Memiotar '
where Mem emote 1 the remote memory allocated to the
VM; M emyotq 1S the total memory VM requests. RM R is
defined at the VM level because the remote memory only
affects the corresponding VM.

Reward. Catur designs the per-VM reward as a linear com-
bination of its memory and core defects:

Py = ax(—2xCOR+1)+8x(—2xRMR+1). (3)

Since both COR and RM R have a range of [0, 1]
and[2), we clip the scores into [—1, 1] with symmet-
ric positive and negative rewards, which have been shown
to be effective for RL training (Engstrom et al.| 2020). By
default, Catur sets « and /3 to 1, assigning equal weight to
core and memory defects. This default reflects that Catur
has no visibility into the internal workloads of VMs. How-
ever, for VMs cloned to run pre-built services (like database
services) or running cloud services of CloudX, Catur uses
calibrated v and 3 values that more accurately capture the
relative impact of defects for applications.

Finally, the reward is calculated by summing up the per-
formance scores of all NV alive VMs, which measures how

action impacts performance:

Zﬁilpi.

N “4)

r(s,a) =
Reward shaping. To address the inefficient learning chal-
lenge (§3), Catur uses reward shaping based on the hard-
ness of placements. Recall that VM placements happen in
very skewed server states with different placement hard-
ness. Treating them equally will lead to degraded perfor-
mance with potential over-fitting to easy cases.

Catur introduces a load-aware reward reshaping strategy by
extending the reward defined in [Equation 4]as follows.

Tload—aware(sa a) = T(S, CL) + d)(sa CL). &)

—r(s,a),
¢(sva) =40,

—max; r(s, a;),

if Yai,r(s,a:) =1,

if Ya; # a,r(s,a;) < r(s,a),

if 3a; # a,r(s,a;) > r(s,a).
(0)

Load-aware reward shaping is equivalent to a special nor-
malization: if the reward obtained by executing any action
in state s is the same, it implies the case does not con-
tribute to the differentiation of different actions, thus we
set Tioad—aware(S,a) = 0. If r(s,a) is higher than the
reward obtained by other actions, it implies this action per-
forms better in a hard case than others, thus we use its
original reward, i.e., rjoad—qware(S; @) = Toriginai($,a).
Otherwise, it means an action a performs worse than other
actions in the hard case, thus we punish it by setting
Tload—aware (S, @) to the negative of the reward obtained by
the winning action.

4.2 Robust action space

Model collapse may occur when the RL model encounters
previously unseen patterns. Catur prevents model collapse
by designing a robust action space.

Observation. We observe that the heuristic policies used
by existing hypervisors are a combination of a few prim-
itive policies. These primitives consider VM placements
in two dimensions: (a) focused resources: either cores
or memory, and (b) allocation strategy: either best fit—
selecting from NUMA nodes with sufficient resources
while minimizing the difference between available and
requested—or most idle—choosing the NUMA node with
the most available resources. In total, this yields four primi-
tives: CoreBestFit, CoreMostIdle, MemBestFit,
and MemMostIdle.

Based on this observation, we hypothesize that these four
policies will cover almost all good placement decisions.
To confirm this hypothesis, we analyze 1 million VM re-
quests from production traces and exhaustively search the
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state space. The results show that these four policies can
reach 98.5% of all possible states of physical NUMA nodes
reachable by placing the VM request in all possible combi-
nations. That includes suboptimal ones that severely waste
server resource and should not be considered in practice.
This finding demonstrates that the four primitive policies
define an action space that effectively spans most practical
placement decisions.

Catur’s action space. Instead of directly selecting NUMA
nodes, Catur uses the four primitive policies as its possi-
ble actions. This approach ensures that when facing new
patterns, all policies—despite sometimes not being ideal—
at least produce reasonable choices without selecting un-
reasonable NUMA nodes (e.g., packing VMs into over-
loaded NUMA nodes). In addition, using the four policies
enhances the system’s interpretability and prevents unex-
plainable decisions, a common issue in RL-based solutions.

The resulting system performs effectively: our experiments
(§6.2) show that Catur, using the action space, performs
on par with the Oracle, which searches optimal placements
using knowledge of future VM requests (which is impossi-
ble in practice). Furthermore, this action space is minimal,
as removing some policies causes significant performance

degradation §6.3).

Catur’s design is a reminiscent of prior work that uses
learned components to select pre-defined policies like con-
currency control protocols (Wang et al. 2021), database
optimizations (Marcus et all [2021), and cache poli-
cies (Yang et al., 2022). A key research aspect, shared by
these approaches and ours, is crafting a candidate set that is
both interpretable and effective, typically achieved through
comprehensive exploration of possible actions.

4.3 Speculative shielding

Optimization approaches such as RL usually focus on max-
imizing average rewards, sometimes leading to poor tail
performance. Tail performance is particularly critical in
public cloud environments, where a single underperform-
ing VM can disproportionately impact the user experience.
Mitigating significant defects in these tail VMs is essential
for ensuring a consistent user experience.

Modeling the problem as tree traversal. We frame
the problem of reducing performance anomalies as a tree
traversal task. A NUMA placement is classified as a per-
formance anomaly if it causes the placed VM to exhibit
more than 40% overall defect, quantified as COR+ RM R
(Equation T|and2)—an empirical threshold that works well
in practice. The goal is to prevent such anomalies with
three pieces of information: (1) the current state of the
physical machine, (2) the policies that the RL model can
perform, and (3) the possible VM types that may arrive.

[(4, 32GB),(2, 16GB)]

(CoreBestFit, VM1): 50% **Z E
(4, 16GB), (0, 0GB)] (MemMostldle, VM1): 0%
[(2, 0GB),(2, 16GB)] A

Simulation
Depth

Simulation Width

VM Types:
VM1:[(2 Core, 32 GB)]
VM2:[(4 Core, 16 GB)]

— AVM Placement: (Action, VM) : Resource Defect <= 40%

N A :Simulate 1 Steps
— AVM Placement: (Action, VM) : Resource Defect > 40

A :Simulate 2 Steps

O : Physical Machine State: [NUMA1 : (remaining cores, remaining mem), A -Simulate 3 Steps

NUMA2 : (remaining cores, remaining mem)]
(1 :Physical Machine States not included in the simulation.

Figure 10: NUMA-state transition tree traversed during
speculative shielding.

The information (1)—(3) and NUMA placements can be
mapped to a NUMA-state transition tree. Each node repre-
sents a physical machine state (PM), detailing the remain-
ing cores and memory of each NUMA; an edge represents
a VM placement (a machine state transition), indicated by
an RL action and a VM type. For example, in
the tree node 1 (a physical machine state, P ;) transitions
to node 2 (PM,) by applying CoreBestFit policy to
accommodate a VM type V M;.

Using the NUMA-state transition tree, one can discover
performance anomalies by a tree traversal. Given the cur-
rent machine state, one can locate the state’s corresponding
node in the tree. By simulating the behaviors within the
subtree rooted at this node, one can observe which paths
lead to anomalies, enabling the system to avoid those paths.

Simulate the most probable future. However, prevent-
ing all anomalies has two primary issues. The first is the
complexity of the search space: the NUMA-state transition
tree has an extremely high fanout, with hundreds of pos-
sible (action, VM type) pairs. Identifying all anomalies
is infeasible within the decision time budget. The second
issue is that avoiding all anomalies is overly conservative
and harms average performance. Without knowledge of fu-
ture VM arrivals, attempting to prevent all risks, no matter
how small, results in excessive false positives. While these
safeguards may help mitigate rare anomalies, they impose
unnecessary restrictions on the RL model’s actions, signif-
icantly degrading average performance.

To address these issues, we constrain the speculation to
only high-probability futures, controlled by two factors:

1. Speculation depth defines the number of search steps in
the tree, indicating how far into the future we explore.

2. Speculation width restricts the types of VMs we simu-
late. In practice, we use statistics from production and
choose the popular VM types to guide the speculation.

The heuristic is to prioritize simulating the most probable
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futures—near-term scenarios with popular VM requests.

Speculative shielding. [Figure 10]illustrates the speculation
process and demonstrates how these two variables limit the
traversal of the NUMA-state transition tree. During the
speculation, actions leading to states where at least one VM
might encounter unavoidable performance anomalies are
avoided. For example, in[Figure 10| (right subtree), placing
a VM on P M, and selecting the first action transitions the
system to P M5, and subsequently to PM~, where all pos-
sible actions result in performance anomalies. Thus, Catur
avoids taking the action of PMy — PMs5.

Algorithm [T] describes speculative shielding. At each VM
placement decision, the getAllowedAct function re-
turns a set of actions deemed not overly risky by the
speculation. Subsequently, the Catur agent selects the
action from this set with the highest Q-value. If no
allowed actions are found, the speculation re-runs with
the speculation depth set to 1. If viable actions are
still unavailable, the RL agent proceeds without shield-
ing. However, this scenario is rare in practice. The
findFutureRisk function performs speculations by re-
cursively calling getAllowedAct and returns True if
it identifies a risky PM state that should be avoided. The
maxSteps and VMSubset variables control the speculation
depth and width, respectively.

4.4 Drift-aware continuous learning

Speculative shielding improves short-term tail perfor-
mance, but sustained effectiveness requires adaptation to
evolving patterns. To address pattern drift, Catur continu-
ously monitors RL model performance and triggers learn-
ing when necessary. The critical question is: when should
continuous learning occur? Catur defines the learning point
(i.e., the model collapse point) as the moment when its
RL model underperforms any individual primitive policy.
Catur identifies such a point by replaying recent traces in
a simulator and comparing the RL model’s performance
against the primitive policies. This replay process is con-
ducted offline, hence does not impact online performance.

Resolving the pattern drift and model collapse requires
fine-tuning on new data. However, retraining on all clus-
ters would be prohibitively expensive, as each cluster may
involve millions of VM requests. Instead, Catur iteratively
fine-tunes on the worst-performing clusters and evaluates
updated models on the rest. This approach progressively
resolves collapse while reducing training cost. As shown
in §6.3] this strategy achieves near-optimal performance
while reducing training cost by 93.9%.

Algorithm 1 speculative shielding

Input: PM, VM, maxSteps, VMSubset
Output: actions

1: // Return allowed actions for RL agent to choose from
2: function getAllowedAct(PM, VM, stepsLeft)
3: allowedActs < ()
4: for all action in allActions do
5:  (defect,nextPM) < placeVM(P M,V M, action)
6:  if defect > anomalyThreshold then
7: continue // having anomaly, action not allowed
8 endif
9: ifstepsLeft = 1 or isLeaf(nextPM) then
10: allowedActs.append(action)
11:  else if not findFutureRisk(nextPM, stepsLeft-1) then
12: allowedActs.append(action)
13:  endif
14: end for

15: return allowedActs
16: end function

18: function findFutureRisk(PM, stepsLeft)

19: if stepsLeft = 0 or isLeaf(PM) then

20:  return false

21: end if

22: for all VM in VMSubset do

23:  if PM doesn’t have enough resource for VM then

24: continue // disregard VM type that cannot be placed
25:  endif

26:  allowedActs < getAllowedAct(PM, VM, stepsLeft)
27:  if allowedActs = () then

28: return true // no allowed actions; found risky state
29:  endif
30: end for

31: return false
32: end function

5 IMPLEMENTATION

We implemented Catur in HyperX to enable dynamic deci-
sion making and continuous learning. The system contains
two components: (1) An online module that generates pre-
dictions using a trained RL model and collects VM traces
for continuous learning. (2) An offline training framework
that utilizes the collected data for continuous improvement.
Catur consists of approximately 7300 lines of code, with
about 2500 lines for the online component (including the
trace collector, inference module, and the integration code
to HyperX) and around 4800 lines for offline training im-
plemented in PyTorch (Paszke et al., 2019).

6 EVALUATION

We begin our evaluation by assessing Catur’s effectiveness
in VM placement compared to baseline policies (§6.2)), fol-
lowed by an analysis of its key techniques (§6.3), and fi-
nally an exploration of its performance under additional

cloud system setups (§6.4).
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6.1 Experiment Settings

Datasets. We instrument HypervisorX in the production
environment with a data collector that records every VM
request, including the VM ID, server ID, start and end time,
and the requested core and memory resources. This enables
us to replay the workload trace precisely. Over the course
of one month, we collect more than 100 million VM re-
quests. We partition the data by time, with Days 1-15 as
the training set and Days 16-30 as the test set.

Baselines. We evaluate four baseline VM placement poli-
cies. Xen (Xen Project,[2015) and OpenStack Nova (Open-
Infra Foundation, 2023))’s pack and spread(omitted since
identical to Xen) policies are derived from open-source
production hypervisors, while E-PVM (Amir et al., 2000)
and Tetris (Grandl et al., 2014) originate from published
research. All policies are adapted and re-implemented to
work with our setup so that they can be evaluated using the
same production system trace.

Metrics. In order to assess the performance of different
placement strategies, we propose two key metrics that cap-
ture the overall impact of a VM sequence on clusters, and
one additional metric to evaluate tail performance.

* Average Resource Defect refers to the average degree of
core overloading and remote memory ratio among all
VMs, used to evaluate the defectiveness of a cluster.

N
1
Average Resource Defect = i Z (RMR; + COR;)

i=0

(N

e Ticket Ratio: We define the Ticket Ratio as an esti-

mate of QoE, reflecting the probability that a VM raises

a ticket due to performance degradation from perfor-

mance anomalies. Similar to reward calculation (§4.1)),

we begin by calculating the VM’s performance degrada-
tion (P D) from core overloading and remote memory:

PD=axCOR+ 3 xRMR (8)

Then, we used a sigmoid function o(x) to measure the
probability of a user raising a ticket:

1
TicketProb; = o(PD;) = T+ e a(PDi—e) )

When the performance score goes beyond cy, there is

a high likelihood of a user raising a ticket. Based on

production experience, we set ¢; = 100, and ¢2 = 10%.

The overall Ticket Ratio is the average Ticket Ratio of
all VMs on this cluster:

N

Ticket Ratio = )

i=1

TicketProb;

N (10)

Catur’s setup. Unless specified otherwise, Catur uses a
1-step speculative shielding. When evaluating the perfor-

Table 1: Comparison of Catur and baseline VM placement
policies on 100 million VMs.

Average Resource

Policy Ticket Ratio

Defect
Ratio (%) Gain Defect (%) Gain
Xen 0.94 29.79% 1.11 34.23%
Nova-Pack 1.22 45.90% 1.33 45.11%
Tetris 1.28 48.44% 1.46 50.00%
E-PVM 1.22 45.90% 1.41 48.23%
Catur 0.66 - 0.73 -

Average Resource Defect (%)

Percentage(%)

5 10 15 20 25 30
Ticket Ratio (%)

Percentage(%)

5 10 15 20 25 30
Day
Catur Nova-Pack E-PVM
Xen Tetris

Oracle(5 steps)

Figure 11: Comparison between policies by day. Catur
achieves near-optimal performance.

mance of the RL model alone, we exclude shielding and
indicate this explicitly in the figure or caption.

6.2 Performance Comparison

Catur significantly outperforms all baseline VM place-
ment policies in both ticket ratio and average resource
defect. As shown in[Table 1} Catur reduces the ticket ratio
to 0.66%, achieving a 30-48% reduction over baselines. In
terms of average resource defect, Catur lowers the defect to
0.73%, representing a 34-50% reduction.

Catur adapts dynamically, consistently outperform-
ing baselines and closely approaching optimal perfor-
mance. [Figure TT|shows the daily variation of both metrics
over a one-month period. Catur outperforms all baselines
on every single day across both metrics, demonstrating its
robustness and adaptability to diverse, time-varying VM re-
quest distributions.

To understand how close Catur is to the best achievable pol-
icy, we compare it with a 5-step Oracle that has foresight
into five future VM requests and selects actions via exhaus-
tive search for the lowest average defect. Catur performs
consistently close to the Oracle across both metrics and
often generates similar action sequences, indicating that it
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Figure 12: Off-the-shelf RL overfits to Training Set, lead-
ing to model collapse on Test Set and degraded perfor-
mance. Catur show consistent robustness.

effectively captures long-term trade-offs and adapts to dy-
namic workload conditions with near-optimal decisions.

Catur improves tail performance by speculative shield-
ing. All four heuristic baselines result in a high number
of correctable performance anomalies, ranging from ap-
proximately 222K (Xen) to 383K (Nova-Pack). In contrast,
Catur with the default 1-step simulation reduces correctable
performance anomalies to around 17K, achieving a 13-23
improvement over the baselines. By applying speculative
shielding with other parameters, the number of correctable
performance anomalies can be further reduced, with only a
marginal impact on average performance. The specifics of
this trade-off are discussed in detail in

6.3 Catur’s Key Techniques

Robust when model collapses. To evaluate the robust-
ness of Catur’s RL design, we compare it with an off-the-
shelf RL method that lacks reward shaping and a robust
action space. [Figure 12| presents their performance in both
training and evaluation environments, where VM request
distributions differ significantly. In training, both methods
converge to near-optimal performance with minimal tick-
ets raised. However, in the evaluation environment, the
off-the-shelf RL model degrades noticeably, while Catur
maintains robust performance thanks to its primitive poli-
cies that provide strong fallback behavior.

Table 2: Comparison between different rule combinations.

Rules Average Resource Defect Tickets Ratio
AllRules 0.29% 0.22%
CoreRules 1.09% 0.81%
MemRules 0.43% 0.31%
BestFit 0.38% 0.23%
MostIdle 0.49% 0.34%

Diverse action space. The primitive policies that con-
stitute the RL action space need to be general enough
to handle diverse scenarios. presents an abla-
tion study on different combinations of the four primi-
tive policies used in Catur. Specifically, CoreRules
includes core-related policies; MemRules includes
only memory-related policies; BestFit combines
CoreBest—- Fit and MemBestFit; and MostIdle
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Figure 13: The improvement of model performance by
continuously learning from new clusters. Catur (No Shield-
ing) achieves better performance than all baselines with
only 11 iterations significantly reducing the training cost.

combines CoreMostIdle and MemMostIdle. We find
that each subset lacks the generality needed to handle the
full range of VM placement scenarios. The four rule-
based policies span different resource preferences (CPU
vs. memory) and placement strategies (BestFit vs.
MostIdle). By combining all of them, Catur not only
surpasses the performance of individual primitive policies
but remains robust even under model collapse.

Load-aware reward shaping. To assess the effectiveness
of Catur’s reward shaping from diverse VM requests and
skewed placement hardness, we compare Catur’s perfor-
mance with and without reward shaping in[Figure 14] Both
RL models were trained and evaluated for 50 epochs us-
ing this cluster’s trace. We find the RL model without re-
ward shaping struggled to learn a better policy than the best
primitive rule. The Ticket Ratio without reward shaping is
0.48%, higher than MemMostldle’s 0.41%. Reward shap-
ing helps Catur find a much better policy than the best prim-
itive policy, reducing the Ticket Ratio to 0.08%. It helps
Catur better differentiate the action qualities on skewed
server states so that it can learn more from hard cases. Ad-
ditionally, the reward-shaping method helps Catur with a
reduced training variance (0.64 to 0.18) by isolating the im-
pact of high variance from diverse VM requests.

Drift-aware Continuous Learning We demonstrate the
effectiveness of our continuous learning pipeline in adapt-
ing to new VM request patterns. We first train Catur’s RL
model on 10% of the VM requests. When evaluating it
across all clusters, we find that in 5% of clusters, Catur
still performs worse than one of the primitive policies. We
then conduct continuous learning with these underperform-
ing clusters to fine-tune the model. The validation curves
in illustrate that Catur performs better than all
primitive policies in all clusters by 11 training-validation
iterations, reducing the Ticket Ratio from 0.72% to 0.68%.
These results demonstrate the effectiveness of our continu-
ous learning pipeline.

Moreover, this approach not only adapts effectively to new
patterns but also significantly reduces costs. Retraining
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Figure 14: Evaluated Ticket Ratio over training epochs.
Without reward-shaping, RL models can hardly differen-
tiate action quality across diverse VM requests and skewed
hardness, yielding worse results than rule-based policies.

with data from all clusters requires 784 hours, while Catur’s
continuous learning process takes only 48 hours—resulting
in a 93.9% reduction in training cost.

Shielding the tail: a trade-off. To evaluate shielding, we
conducted experiments with varying simulation depth and
width (§4.3) and measured them using correctable perfor-
mance anomalies; these are performance anomalies that an
Oracle forecasting S steps could resolve. Simulation depth
ranged from 1 to 3 steps. Simulation width was defined us-
ing an n% VMSubset, which includes VM types with an
estimated total arrival probability of at least n%. Probabil-
ities were estimated using a count-based method. Larger n
values reduce the number of VM types in the VMSubset,
making the simulation less conservative. n% values range
from 1% to 10%.

These experiments reveal a trade-off between two met-
rics: average resource defect and Correctable performance
anomalies, represented on the y-axis and x-axis of
respectively. Each point corresponds to a spe-
cific simulation depth and width configuration. The green
points, connected by the dotted line, represent the Pareto
frontier, where improving one metric worsens the other.
The starred point indicates the RL agent without shielding.

Increasing simulation depth and width makes the shield-
ing more conservative, reducing anomalies but rejecting
higher-reward actions, which increases the average re-
source defect. Notably, all RL configurations outperform
the best baseline policy in average resource defect.

This trade-off provides system administrators with a tool
to fine-tune Catur agents. Addressing performance anoma-
lies often requires costly, disruptive manual VM reloca-
tions. For applications less sensitive to resource defects,
accepting a slight increase in defects may be worth reduc-
ing anomalies.

6.4 Performance Across Additional Cloud
Configurations

Handling Diverse NUMA Sensitivity.
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Figure 15: Trade-off between average resource defect and
correctable performance anomalies.
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Figure 16: Performance of Catur (No Shielding) with and
without the awareness of physical NUMA Topology. The
Ticket Ratio is greatly reduced with the awareness of phys-
ical NUMA topology, leading to better application perfor-
mance.

We evaluated Catur’s NUMA sensitivity using five work-
load types (displayed in and modeled sensitiv-
ity features o and [ with linear regression (in [Equation 3)).
When VMs arrive, each is assigned a workload randomly
at a uniform probability, with its sensitivity feature o and
£ included in its state vector s;. By considering NUMA
sensitivities, we reduce the average Performance Degrada-
tion (PD, in [Equation 8) from 7.23% to 3.08% and reduce
the Ticket Ratio from 5.94% to only 0.10%. This experi-
ment demonstrates Catur’s ability to optimize application
performance in addition to resource-level metrics.

Dealing with Complex NUMA Topologies. To evaluate
Catur’s performance on more complex physical NUMA
topologies, we conducted an experiment on a cluster with
four physical NUMAs per server, where NUMA-0 and 1
are on the same socket, while NUMA-2 and 3 are on an-
other socket. For this server, intra-socket cross-NUMA
performance is faster than cross-socket communication (as
shown in[Figure 4). Two experiments are conducted on this
NUMA topology: one model knows the NUMA and socket
topology, and the other model only observes four NUMA
nodes without knowing the inter-NUMA performance. As
illustrated in NUMA -aware Catur outperforms
on both metrics. Notably, leveraging the physical NUMA
topology enables Catur to significantly enhance the qual-
ity of experience (Ticket Ratio), achieving a 5.97x im-
provement—especially critical for NUMA-sensitive appli-
cations.
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7 RELATED WORKS

NUMA-aware VM placement. To utilize NUMA struc-
ture efficiently, existing hypervisors have adopted vari-
ous placement strategies (Liu & Li, 2014; Xen Project,
2015; Red Hat; [Denneman, [2016). Besides the two open-
source hypervisors we use as baselines, RedHat Virtualiza-
tion (Red Hat) employs a version of the BestFit pol-
icy, while VMware ESXi (Denneman, 2016) is reported
to prefer allocations using fewer NUMA nodes. How-
ever, these policies are rule-based and struggle to han-
dle the diversity of VM requests across large-scale clus-
ters or adapt to temporal variations, as discussed in §2.2]
Other approaches rely on detailed knowledge of VM in-
ternal activities (Cheng et al., 2013} 2017), which public
cloud providers typically cannot access due to client pri-
vacy concerns, or depend on costly post-placement VM mi-
gration (Wu et al., [2016} |Rao et al., 2013).

In contrast, Catur proposes an RL approach to capture the
diversity of VM requests and enable dynamic adaptation
in production environments. It places each VM only once
and requires no VM-specific information beyond requested
resources. To address the problem of model collapse and
learning hardness, Catur uses a robust action space, contin-
uous learning, and reward shaping to provide efficiency, ro-
bustness, and generalization. With these techniques, Catur
can handle the NUMA placement problem at scale.

Virtual Machine scheduling. VM Scheduling (Usmani
& Singh| [2016; [Lopez-Pires & Baran, 2015} Sheng et al.,
2022b}; |Cortez et al.l 2017; [Sheng et al., |2022a} |Grandl
et al., [2014) and VM placement refer to two distinct, yet
related, topics. VM scheduling is a bin-packing problem
whose objective is to use fewer physical servers to pack
more VMs. Meanwhile, our VM placement problem seeks
to minimize the performance defects of applications by op-
timizing the VM mapping on a physical machine. For ex-
ample, SchedRL (Sheng et al., 2022b) uses RL with delta
rewards for VM scheduling in multi-NUMA systems, aim-
ing to maximize the number of scheduled VMs. Its RL ac-
tions are placing VMs on a server’s NUMA node, which is
less robust than Catur when facing pattern drifts, as demon-
strated in our experiments (Figure ). Furthermore,
Catur also addresses the tail problem of VM performance
anomalies, which is crucial for production systems.

8 DISCUSSION
8.1 Hyperparameters

Catur utilize multiple hyperparameters, such as «, (8 pa-
rameters in the reward function, the ¢; and co constants
used in calculated the ticket ratio, and the defect threshold
for determining performance anomalies. These hyperpa-
rameters are crucial for Catur’s performance and are tuned

based on empirical observation and domain knowledge.
However, they are independent from Catur’s core method-
ology and does not make Catur less generalizable. On the
contrary, they provide flexibility for Catur to adapt to differ-
ent cloud enviroments and workloads. « and /3 parameters
allow Catur to take advantage of workload-specific perfor-
mance characteristics when they are transparent to Cloude
providers. The c; and co constants and defect threshold
allow other public cloud providers to customize Catur to
their user’s behavior and performance requirements. In fu-
ture work, we plan to explore more systematic approaches
for tuning these hyperparameters, such as automated hy-
perparameter optimization techniques or adaptive methods
that can adjust hyperparameters based on real-time feed-
back from the system.

8.2 NUMA Effects beyond Core and Memory Defects

In our current implementation of Catur, we focus on core
and memory defects as the primary indicators of NUMA ef-
fects. However, NUMA effects can also manifest in other
ways, such as increased latency in inter-socket communi-
cation or contention for shared resources like caches and
memory bandwidth. The methodology of Catur can be ex-
tended to account for these additional NUMA effects by
incorporating additional features into the reward function.
We plan to explore this in future work.

9 CONCLUSION

In this paper, we present Catur, a NUMA placement sys-
tem that performs at scale. The core philosophy of Catur
is learning the norm and shielding the tail. Catur blends
a number of techniques including reinforcement learning
with a robust action space, reward shaping, continuous
learning, and speculative shielding. Evaluation shows that
Catur reduces average resource defect by 34.2%-50.0%
compared to state-of-the-art hypervisor policies. Catur has
been deployed to CloudX for early trials.
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A  VIRTUAL NUMA PLACEMENT

In the production system, when a VM requires more re-
sources than a single physical NUMA node can provide, it
is split into multiple virtual NUMA instances, each served
by a separate physical NUMA node on the same ma-
chine. The Catur agent takes the configuration of all vir-
tual NUMA instances of a VM as input and makes a single
placement decision, which is applied to all instances. In the
production trace used for training and evaluation, each VM
is partitioned into up to two virtual NUMA instances.

B WORKLOAD SENSITIVITY TEST

To benchmark the sensitivity of different workloads to core
defect and memory defect, we select several representa-
tive workloads, each with a benchmark, to test their per-
formance under different scenarios.

B.1 Benchmark Configuration

* The SPECjbb2015 benchmark, developed by the Stan-
dard Performance Evaluation Corporation, aims to
measure performance based on the latest Java ap-
plication features. The benchmark assesses perfor-
mance using two key metrics: max-jOPS, which mea-
sures sustainable full system capacity throughput, and
critical-jOPS, which measures throughput under re-
sponse time constraints.

* ANNBing is used at Microsoft Bing fresh vector ap-
proximate nearest neighbor search (ANNS) service.
It supports real-time vector add, delete, and search
operations and enables users to maintain their vec-
tor index in a streaming way to avoid costly index re-
builds. The benchmark has two stages, add stage and
search stage, each with five different tail latency met-
rics. Tail latencies represent those ANNS queries that
have a response time longer than a certain percent of
all queries.

e Cosmos DB, developed by Microsoft, is a high-
performance application for any size or scale with a
fully managed and serverless distributed database. Its
key metrics include tail latencies of requests handled
by the server.

e The TeraSort benchmark, which aims to sort data as
quickly as possible, is used to benchmark the perfor-
mance of the MapReduce framework. The benchmark
tests the HDFS and MapReduce layers of a Hadoop
cluster by combining three MapReduce programs and
its key metric is runtime, representing the whole time
used by the benchmark.

* ObjectStore is a distributed key-value store that serves
many latency-sensitive workloads in Bing, Azure, and

0365. Its key metrics are tail latencies of requests
handled by the server.

B.2 Experiment Setup

Experiments are conducted on two Windows Server 2022
Datacenter servers. Each server has 2 sockets, 383GB
of physical memory, and 1TB SSD organized in RAID-O0.
Each socket has an Intel(R) Xeon(R) Cascade Lake CPU
with 26 cores running at 2.59 GHz and IMB L1 cache,
16MB L2 cache, and 71.5MB L3 cache. Hyper-threading
is enabled on both sockets, resulting in a total of 104 logi-
cal processors on each server. Before starting the test, three
CPU groups (GO, G1, and G2) are created, with GO and G1
consisting of 36 logical processors on individual sockets
and G2 as the union of the two groups. By assigning a VM
with GO, this VM will be placed on Socket0, and the same
for G1. The host is only allowed to use the remaining 32
logical processors.

B.3 Remote Memory Test

To simulate a memory defect scenario, two VMs (VMO and
VM1) are created and assigned with GO and G1 respec-
tively, each occupying a certain amount of memory on a
single socket. Then we create a third VM (VM2), which
runs the target benchmark and is assigned with GO. By
adjusting the size of both VMO and VM2, we can make
the sum of their memory exceed the physical memory of
Socket0, causing excess memory to be placed on Socketl.
This part of memory is referred to as remote memory. The
ratio of remote memory can be altered by adjusting the size
of VMO.

B.4 Core Overloading Test

Similarly, a core overloading scenario can be simulated in
the same way as the remote memory scenario. We first cre-
ate two VMs (VMO and VM1) for G2 on individual sockets
and then start another VM (VM2) on Socket0. With this
setup, when the total number of VMs’ processors exceeds
that of Socket0, some logical processors will be assigned
twice. This is when Socket0 is in a core overloading sce-
nario.

C IMPLEMENTATION

We implemented Catur in HyperX to enable dynamic deci-
sion making and continuous learning. The system contains
two components: (1) An online module that generates pre-
dictions using a trained RL model and collects VM traces
for continuous learning. (2) An offline training framework
that utilizes the collected data for continuous improvement.
Catur consists of approximately 7300 lines of code, with
about 2500 lines for the online component (including the
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Figure 17: Ticket Ratios of baselines (BL) relative to Catur
(No Shielding). A positive value means worse performance
than Catur. Adversary VM requests are ingested from Day
9 to make the RL model collapse on purpose. Catur shows
better robustness than off-the-shelf RL.

trace collector, inference module, and the integration code
to HyperX) and around 4800 lines for offline training im-
plemented in PyTorch (Paszke et al.,|[2019).

D ADDITIONAL EVALUTION
D.1 Robust when Model Collapse

[Figure 17 further evaluates Catur’s robustness using a syn-
thesized trace that introduces adversarial VM requests with
significantly different CPU and memory demands starting
from Day 9, intentionally causing the RL model to col-
lapse. We report the ticket ratio relative to Catur for com-
parison with the primitive policies (negative values indicate
better performance than Catur). As expected, Catur’s per-
formance degrades under the adversarial workload and be-
comes worse than MemBestFit. However, its performance
remains bounded by the primitive policies and is more ro-
bust than the off-the-shelf RL, achieving better overall re-
sults.

E TRAINING CONFIGURATIONS

State: At each VM arrival or stop event, Catur’s RL agent
takes state s; = (e, p, Ut) as input, where e, = {0, 1} rep-
resents event type (VM start or stop); p; is a vector of the
available CPU and memory of all NUMA nodes on the ma-
chine; and v; is a vector of the CPU and memory requests
of the arrival or departure VMs.

Action: The Q-network outputs a Q-value Q(s;,a:) for
each action ay, estimating the expected cumulative reward.
The agent selects an action with the highest Q-value, which
includes a NUMA node ID, indicating the NUMA node
to bind the VM’s CPU to, and an N-dim vector (where N
is the number of NUMA nodes) showing the allocation of
each NUMA to this VM request. Instead of generating the
placement action directly, Catur outputs a policy. The Q-
network selects the policy for the final placement decision

(details in §4.2).

DON Training: The agent aims to maximize expected cu-
mulative reward, learning Q(s,a) to minimize temporal
difference error (TD-error):

E(st7at7rt,st+1)~r [Qt - Q (Sta at)}Qa (1 1)

where ¢; = 1y + ymax, Q (s¢y1,0a’), 7 is the discount
factor of RL training, and «’ is the action for maximizing
Q-value of s;41, UCB sampling (Wen et al., 2022} Jin et al.,
2018) is used during training to encourage exploration.

Training Hyper-parameters. We set the UCB hyper-
parameters to ¢ = 2 X 1074, p = 0.8, learning rate to
a = 1 x 1074, batchsize to 128. By setting the discount
factor ~y to 0.1, we aim to optimize the accumulated reward
over the next two steps.
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