AEQUAMEM: Why Reclaim at Local Limits When
You Can Borrow Idle Capacity from Other Tenants?

Yunfei Zhang®¥, Wenda Tang®”, Jianjiang Li*", Jie WuS1
HUniversity of Science and Technology Beijing, Beijing, China
$China Telecom Cloud Computing Research Institute, Beijing, China
t“Temple University, Philadelphia, PA, USA
Email: zhangyunfei @xs.ustb.edu.cn, tangwd1 @chinatelecom.cn, lijianjiang@ustb.edu.cn, jiewu@temple.edu

Abstract—Memory cgroups isolate tenants with fixed memory
limits, but this isolation often lowers utilization when time-
varying demand leaves capacity stranded in idle tenant cgroups
while active tenants experience memory pressure. Although
temporarily reallocating idle capacity to under-pressure cgroups
can improve utilization, it weakens explicit cgroup boundaries
and can make borrowed memory costly to reclaim when de-
mand shifts. We present AEQUAMEM, a user-space memory
controller that lends unused headroom in idle tenant cgroups
to tenants under memory pressure. AEQUAMEM uses Linux
Pressure Stall Information (PSI) to identify pressured tenants
and increases their memory limits only by headroom harvested
from idle cgroups, keeping the total memory budget unchanged.
It maintains a credit ledger to account for donation history across
workload phases. When demand exceeds available headroom,
AEQUAMEM biases allocation toward tenants with more file-
backed footprints, since reducing their leases is less disruptive
when demand shifts. AEQUAMEM requires no kernel changes,
making it deployable in existing cloud environments. In synthetic
experiments with imbalanced memory demand, AEQUAMEM
avoids the task failures observed under the Static fixed-limit
policy and reduces file-backed workload completion time by up
to 9x; in bursty trace-driven experiments, it maintains a Jain’s
fairness index above 0.91 and achieves up to 2.2x aggregate
speedup over the Static policy.

Index Terms—Elastic memory management, Linux control
groups (cgroups), multi-tenancy, pressure stall information (PSI).

I. INTRODUCTION

Cloud platforms increasingly multiplex physical resources
across containers to improve utilization and reduce operational
cost [1]-[3]. Linux control groups (cgroups) provide the
kernel interface for isolating those containers [4]. For memory,
operators commonly set each tenant a fixed limit such as
memory .max. Fixed limits are predictable, but they cannot
adapt to memory demand that varies across tenants and over
time. This can cause unavoidable reclaim stalls and leaves
memory stranded in underutilized cgroups [5]-[8]. Figure 1
illustrates this quota imbalance: one tenant reaches its local
limit while another leaves quota headroom unused, forcing
further demand to trigger local reclaim.

However, relaxing these limits without careful coordination
would compromise performance isolation, as one tenant could
consume memory needed by others. An ideal controller should
therefore redistribute idle memory across tenants while re-
specting the total budget and promptly reclaiming borrowed
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Fig. 1. Static limits strand memory when one tenant reaches its local limit
while another leaves quota headroom unused.

memory when the reserving tenant needs it. Furthermore,
because additional memory can improve application perfor-
mance, limited idle capacity should be allocated fairly among
competing tenants.

Meeting these requirements simultaneously poses three
challenges. The controller must @ determine when to redis-
tribute idle memory, ® allocate limited capacity fairly, and
® minimize the reclaim cost caused by later quota reductions.

Existing systems address complementary parts of these chal-
lenges. Karma uses credits to allocate resources under time-
varying demand [9], while Autopilot adjusts task concurrency
and resource limits from historical workload observations [10].
Other memory managers reduce interference or improve ca-
pacity use through cache partitioning, NUMA placement,
and tiered-memory migration [11]-[17]. These mechanisms
primarily decide where pages reside or move, rather than how
a fixed aggregate memory budget should be lent among tenant
cgroups. Consequently, existing approaches do not jointly
provide pressure-based demand detection, history-aware quota
allocation, and reclaim-cost-aware borrower ordering.

To address this gap, we present AEQUAMEM!, a user-
space controller for bounded memory lending within a fixed
aggregate memory budget. AEQUAMEM uses Linux’s Pres-
sure Stall Information (PSI) to identify borrowers experienc-
ing measurable memory-pressure stalls and compares each

'The name AEQUAMEM derives from the Latin aequitas (equity or fair-
ness), reflecting its goal of fair and flexible memory sharing across tenants.
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Fig. 2. Conceptual calculation of PSI some and full.

cgroup’s current usage with its limit to identify unused donor

capacity. A credit ledger accounts for prior donations when

tenants compete for limited capacity, while memory compo-
sition prioritizes borrowers with lower expected reclaim cost.

Operating as a closed loop over existing cgroup v2 interfaces,

AEQUAMEM requires neither workload instrumentation nor

kernel modification.

This paper makes the following contributions:

« Empirical Characterization. We characterize the isolation—
elasticity trade-off of cgroup memory limits and show that
controlled quota redistribution can relieve local memory
pressure without expanding the aggregate memory budget.
We show that file-backed and anonymous-heavy work-
loads incur substantially different reclaim costs, motivating
composition-aware borrower ordering.

¢ AEQUAMEM Design. We design AEQUAMEM, a user-
space controller for bounded memory lending within a
fixed aggregate memory budget. It uses PSI to identify
borrowers experiencing measurable memory-pressure stalls
and maintains a credit ledger to track donation history across
workload phases. When multiple borrowers compete for
limited capacity, it uses memory composition to prioritize
those with lower expected reclaim cost. AEQUAMEM oper-
ates through existing cgroup v2 interfaces without workload
instrumentation or kernel modification.

o Evaluation. We evaluate AEQUAMEM across four con-
trolled resource states and bursty trace-driven scenarios. In
the controlled experiments, AEQUAMEM avoids the task
failures observed under Static and achieves a speedup of up
to 9.2x for file-backed workloads. Under moderate and high
contention, it achieves 2.2x and 1.9x aggregate speedup
over Static, respectively, while maintaining JFI above 0.91.

II. BACKGROUND AND MOTIVATION
A. Memory Isolation and Pressure

Cgroup v2 exposes memory.max as a hard limit and
memory .high as a throttling boundary [4]. Near these limits,
the kernel reclaims pages inside the cgroup. File-backed pages
may be evicted and re-read, whereas anonymous pages require
swap space if they are to survive reclamation. Failed reclaim
can end in an out-of-memory (OOM) kill.

Reclaim also consumes processor time and can block the
allocating task. The kernel scans the cgroup’s least-recently-
used lists, evicts clean cache pages, writes dirty pages when
required, and may swap anonymous pages. If this work runs in
direct reclaim, application progress waits for enough memory
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Fig. 3. Per-tenant limits protect FB from an aggressive AH neighbor;

removing them causes cache thrashing and a 5.7x slowdown.

to become available. A memory limit can therefore harm
performance before an OOM kill occurs. Raw usage shows
proximity to the limit, but it does not show how much
execution time the reclaim path has already consumed.

Pressure Stall Information (PSI) reports time lost because
tasks wait for CPU, memory, or I/O [18]. For memory, some
records intervals in which at least one task stalls, while full
records intervals in which all non-idle tasks stall. In Fig. 2, at
least one task stalls in nine of ten intervals, and all tasks stall
in one, producing some=90% and full=10%. We use PSI
as a demand signal because it measures stall exposure rather
than allocation alone.

B. Isolation, Stranding, and Reclaim Cost

We use a dual-tenant cgroup hierarchy on an Intel Xeon
Platinum 8566C host with 128 GB DRAM and Linux 6.8. An
experiment-wide cgroup enforces an aggregate memory budget
of 4-5 GB. The workloads are either anonymous-heavy (AH),
allocating and touching anonymous pages, or file-backed (FB),
scanning a fixed corpus whose active footprint is mainly page
cache. We report execution time, memory usage, and PSIL
Isolation prevents monopolization. We place a 4 GB AH
workload and a 1.7 GB FB working set within a 5 GB
aggregate memory budget. With tenant-cgroup limits of 3 GB
for AH and 2 GB for FB, the FB task completes in 8.5 s.
Without per-tenant quota isolation, AH grows to 4 GB and
leaves about 1 GB for FB. Cache thrashing then raises FB
time to 48.1 s and keeps I/O pressure above 50% for more
than half of the run (Fig. 3). Elasticity must therefore retain
explicit per-tenant boundaries.

Static limits strand usable capacity. We next assign 4 GB
to an AH tenant that uses 1 GB and 1 GB to an FB tenant
with a 1.7 GB working set. At the static limit, FB takes more
than 45 s. Reassigning 20% of AH’s idle reservation raises
FB’s available memory to about 1.6 GB and reduces its time
to 13 s (Fig. 4). Thus, controlled limit changes can relieve
local pressure without exceeding the fixed aggregate budget.
Reclaim cost after quota reduction depends on memory
composition. In a 4 GB pool, a borrower grows to about
3.3 GB before the lender requests capacity at ¢ = 6 s.



100

274M
i

~ woom [0
X 80 -
~ )
z 40 o
% 60 g
2 -
- =
8 305

10 =
g 203
£ 5]
S 20 H
= 10

0

0% 10%
Reallocated Slack from Tenant A(%)

20% 30% 50% 80%
I Tenant A: Used

Tenant A: Idle

B8 Tenant B: Used
Tenant B: Idle

——— FB Execution Time

Fig. 4. Reallocating part of AH’s idle reservation relieves FB’s local scarcity.

~ H
(@) 8 o N ---- Tenant A (FB)
N { Alimitreduced ___ Tepant B (Lender)
3
2
N~
- ‘ e
I :
ma
(b) g ----- Tenant A (AH)
~ —— Tenant B (Lender)
: R
I :
(1] 5 10 15 20 25

Time (s)

Fig. 5. The lender completes later when the same quota reduction is applied
to an AH rather than an FB borrower.

Reducing an FB borrower’s quota lets the lender finish in
10.0 s; applying the same reduction to an AH borrower
increases its time to 12.5 s (Fig. 5).

A separate 3 GB-to-1 GB quota reduction explains the gap
(Fig. 6). The FB footprint drops to 0.4 GB within 0.5 s, while
AH takes about 14 s to reach 1 GB. AH memory pressure
peaks near 70% and persists for almost 20 s; FB remains below
3%. The contrast establishes memory composition as a useful
predictor of reclaim cost for these workloads and motivates
the ordering policy.

The kernel paths explain why the two traces diverge. Clean
file-backed pages already have persistent copies, so the kernel
can discard page-cache entries and reduce the cgroup footprint
without first writing their contents elsewhere. A later access
may incur a refault, but the resulting reclaim can complete
quickly. Anonymous pages have no file backing. Preserving
them requires allocating swap space, updating page tables,
and writing page contents before memory can be released.
When the reclaim runs synchronously, the application waits
for this work and PSI rises. If swap is unavailable or reclaim
cannot free enough memory, the kernel may instead invoke
the OOM path.

The traces therefore show slower AH memory reduction
under our no-swap condition than eviction of mostly clean FB
cache. Composition is a reclaim-cost heuristic, not a guarantee:
dirty file pages may require writeback, while swap or com-
pression may lower anonymous reclaim cost. AEQUAMEM
therefore re-evaluates composition and pressure after every
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Fig. 6. Reclaim behavior after the same 3 GB-to-1 GB limit reduction:
footprint, memory composition, and PSI response for FB and AH borrowers.
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control cycle.

III. DESIGN OF AEQUAMEM

A. Architecture and Control Path

AEQUAMEM turns fixed tenant-cgroup limits into bounded
quota leases within an administrator-configured aggregate
memory budget. Its control policy uses PSI to admit borrowers
with measurable memory-pressure stalls, the usage-to-limit
ratio to identify donor headroom, and donation history to deter-
mine credit-based priority. When eligible borrowers compete
for limited capacity, memory composition provides a heuristic
for ordering them by expected reclaim cost. The aggregate
budget remains fixed: AEQUAMEM neither creates capacity
beyond it nor permanently changes tenant allocations. Instead,
each cycle converts verified idle headroom into a logical pool,
constructs a complete plan from a common snapshot, and re-
evaluates active leases as workload phases change.

Figure 7 shows the closed loop. The MetricsCollector
reads PSI, memory usage, limits, and memory composition.
The PolicyEngine identifies donors and pressured bor-
rowers, estimates expansion, and constructs a reallocation
plan. The CreditManager records donations and grants.
Finally, the Executor applies the plan through cgroup v2
memory.max. A whitelist confines control to a configured
set of cgroups.



Algorithm 1: Heuristic Demand Estimation

Algorithm 2: Credit-Based Memory Arbitration

Input : Metrics M;, solvency S;
Output: Target limit D; target
1 Wi,dom — Mi’ﬁ]e if Sl > 0.5, else Mi,anon;
2 ; < MapPSIToScale(M; psi);
3 Di,target — ’YiWi,dom;
4 return D; iarpet;

B. Monitoring Pressure and Memory Composition

The collector samples PSI, memory usage, limits, and
composition at each interval. It obtains them from the cgroup
v2 pressure, current-usage, limit, and memory-statistics in-
terfaces. PSI indicates whether the current limit is stalling
progress. For tenant ¢, we summarize composition using

M; g1e

Mi,anon + Mi,ﬁlc -

A larger S; indicates a more file-backed footprint in the current
sample. The signals remain separate: PSI admits borrowers,
the usage-to-limit ratio identifies donor slack, and composition
orders eligible borrowers. Motivated by Sec. II-B, the policy
uses composition as a reclaim-cost heuristic; the next sample
updates the estimate as writeback, refaults, or swap activity
changes the footprint.

Si= (1

C. Pressure-Gated Demand Estimation

When PSIsome > €psi» the controller estimates an expansion
from the dominant memory component. It selects file usage
when S; > 0.5 and anonymous usage otherwise:

) M fie,
Wi,dom -
]V[i,anom

S; > 0.5,
otherwise.

2

The target is D; target = YiWidom. The evaluated mapping
uses v; = 1.2, 1.3, and 1.5 for PSI at most 3¢y, between
3epsi and 10¢pg4, and above 10¢p, respectively. Algorithm 1
summarizes the calculation, and each grant is capped by
capacity harvested in the same cycle.

D. Credit- and Composition-Aware Arbitration

The credit ledger adapts Karma’s gift-exchange principle to
cgroup memory quotas [9]. A borrower exceeds €, Whereas
a donor remains below €;. Every one-second cycle updates
tenant i by —(L; — LY)/100 credits, with limits measured
in MiB; a tenant below its initial limit earns credit, while
one above it spends credit. Donated capacity enters a logical
pool. Borrowers are ordered by credit and then PSI before
the solvency partition; tenant identifiers provide deterministic
residual ordering. Unlike published Karma, this controller
adds pressure sensing, composition-aware ordering, and direct
cgroup actuation.

Algorithm 2 shows one control cycle. It separates donor
selection from borrower allocation, caps every grant by the
available pool, and stops when the pool is exhausted. The ex-
ecutor then applies the planned limits. Credit supplies history-
aware ordering, while under contention, the solvency partition

Input : Tenants 7, credits C, metrics M, thresholds
€psi; Eutil
Output: Limit-update plan P
Pool <, .+ Scavenge(i) for
M;.usage/M;.limit < eui;
B+ {’L eT: Mi,psi > fpsi};
Sort B by descending credit and pressure;
Stable-partition B by & > 0.5 first;
foreach b € B do
D + EstimateDemand(M,;, Sy) — M. limit;
G < min(max(D,0), Pool);
P <+ P U UpdateLimit (b, My.limit + G);
Pool <+ Pool — G if Pool = 0 then
| break

-

V-2 RN - N I NV )

[y
>

—
-

return P;

places borrowers that can return memory more quickly ahead
of the others.

The separation of signals also defines the ablation boundary.
PSI determines whether a tenant enters the borrower set; it
does not rank an unpressured tenant merely because its usage
is high. Credit orders borrowers according to prior contribu-
tions, while solvency partitions that ordered list by expected
reclaim cost inferred from current composition. AEQUAMEM-
NoSolv removes only this final partition while retaining the
same demand detector, credit ledger, donor pool, and executor.
Differences from the full policy therefore isolate composition-
aware ordering.

E. Control Cycle

Each control cycle separates observation, planning, and
actuation. The collector first obtains one consistent set of
cgroup counters for every managed tenant. The policy then
labels tenants without changing any limit. Only after it has
identified the donor pool and ordered all borrowers does
the executor issue updates. This separation prevents an early
update from changing the measurements used to rank later
tenants in the same cycle.

Because every borrower is compared from the same snap-
shot, policy priority is independent of executor write order and
reflects the state observed at the sampling boundary.

Donor capacity is computed from the gap between current
use and limit. The evaluated policy uses €1 = 0.7, harvests
half of eligible headroom, and never shrinks a donor below
20% of its initial limit. It aggregates donations rather than
binding one donor to one borrower, without changing the
aggregate memory budget.

The credit ledger records the duration and magnitude of
donations. A tenant therefore gains priority by leaving capacity
available over time, not merely by appearing idle in one
sample. When several borrowers cross the PSI threshold, the
policy orders them by credit and pressure. It then stable-
partitions that list into high-solvency and low-solvency groups.



Solvency therefore determines the primary group, while the
prior order is preserved within each group. A grant decreases
the remaining pool, and the cycle terminates when either all
requests are served or no capacity remains.

The executor applies every planned limit update through
the tenant cgroup’s memory .max interface. The next sample
observes the kernel’s response, including any residual PSI and
changes in anonymous/file composition. The design therefore
forms a feedback controller without requiring an application
API or kernel patch. It does not bypass kernel reclamation:
an aggressive reduction can still stall or kill a tenant if the
selected limit is infeasible. In practice, the quality of a plan
depends on the PSI threshold, utilization threshold, expansion
mapping, and sampling period evaluated in Sec. IV.

FE. Assumptions and Scope

AEQUAMEM assumes that the managed tenant cgroups
share an administrative trust domain and operate within a
fixed aggregate memory budget that defines the redistribution
boundary. It also assumes that current memory composition
is informative about near-term reclaim behavior after a quota
reduction. This assumption is supported by Fig. 5 and Fig. 6,
but it is not exact. Since dirty file pages requires write-
back, swap or compression lowers anonymous reclaim cost,
and composition changes between samples, composition only
guides borrower ordering instead of guaranteeing reclaim cost.

Credit captures donation history, whereas solvency summa-
rizes the current anonymous/file composition. AEQUAMEM
stably partitions borrowers by composition while preserving
credit order within each group. Its binary threshold may rank
a marginally file-dominant borrower above a highly credited
anonymous-dominant one; alternative scores may yield differ-
ent fairness—reclaim-cost trade-offs.

G. End-to-End Control Walkthrough

Consider one cycle with several managed tenants. The
collector first reads each tenant’s PSI, current usage, limit,
anonymous/file breakdown, and credit balance. A tenant whose
PSI remains below € is not treated as a borrower, even if it
is close to its limit. This rule avoids granting memory solely
because a workload occupies its reservation. Conversely, a
tenant becomes a borrower when its limit produces measurable
stalls, even when its raw usage changes little.

For every underutilized tenant, the policy computes capacity
that can be removed without crossing the configured utilization
boundary. These contributions form Pool. The corresponding
donation is recorded in the credit ledger before borrower
selection. If Pool = 0, the cycle produces no expansion
plan; PSI alone does not authorize the controller to exceed the
fixed aggregate memory budget. This case separates demand
detection from feasible allocation.

The policy next evaluates the borrowers. Algorithm 1 con-
verts the dominant memory component and PSI band into a
target limit. Subtracting the current limit gives the unsatisfied
request. Borrowers are sorted by credit and pressure, then
stable-partitioned by & > 0.5. The first borrower receives

min(D, Pool). Any residual pool is offered to the next bor-
rower until either the requests or the pool are exhausted.

The executor applies only the completed plan. Because
each grant is bounded by harvested capacity, the total planned
quota expansion across tenant cgroups cannot exceed the pool
created in that cycle. The enclosing cgroup enforces the fixed
aggregate memory budget as a second bound. The next mon-
itoring sample then closes the loop: falling PSI indicates that
pressure has decreased under the new limit, while persistent
PSI keeps the tenant eligible for another bounded adjustment.
A change in memory composition also changes the tenant’s
solvency rank in the next cycle.

Three boundary cases remain. Global scarcity can leave the
pool empty or insufficient; composition can change between
samples; and a donor can resume activity after its limit is
reduced. Bounded grants and repeated observation limit these
risks while preserving the aggregate memory budget, although
the current prototype provides neither transactional rollback
nor a worst-case bound on lease-withdrawal latency.

H. Complexity Analysis and Default Parameters

Let n be the number of managed cgroups and b < n the
number of borrowers in one cycle. Metric collection and donor
identification each scan the tenant set once, requiring O(n)
controller operations in addition to kernel-interface reads.
Demand estimation is constant work per borrower. Sorting by
credit and pressure costs O(blogb), and the solvency parti-
tion and grant construction each scan the ordered borrowers
once. The controller-side complexity of one cycle is therefore
O(n+blogb) with O(n) state for metrics and credit balances.
This analysis excludes the kernel cost of reclaiming pages after
a limit change, which can dominate the controller computation
and is precisely the cost that composition-aware ordering seeks
to reduce.

The four main parameters serve distinct purposes. The
sampling period controls observation latency, €ps; separates
occupancy from visible demand, €,;; controls harvesting, and
the PSI-to-y mapping determines request size. We use a one-
second period, €, = 0.01, and €,y = 0.7; deployments
should tune these controls independently.

IV. EVALUATION

Our evaluation answers two questions: (RQ1) Can dy-
namic limits recover locally stranded memory? (RQ2) Does
solvency-aware ordering improve pressure- and credit-driven
arbitration under bursty contention?

A. Methodology

Platform. Experiments run on an Intel Xeon Platinum 8566C
server with 16 physical cores and 128 GB DDRS5, Ubuntu
24.04, and Linux 6.8.0. For controlled comparison, we disable
SMT and swap, pin each tenant to a CPU, and drop page
caches before each run. These controls reduce interference
between tenants and give every FB run the same cold-cache
starting condition. AEQUAMEM is a Python user-space dae-
mon that reads cgroup v2 and PSI interfaces directly.



TABLE I
CONTROLLED TWO-TENANT SCENARIOS.

ID Workload mix

S1  Idle AH + Idle FB
S>  AH + Idle FB

Ss  Idle AH + FB

Ss AH + FB

Resource state

Total > peak
A below demand
B below demand
Total < peak

Workloads. The AH workload uses GAPBS [19]; its graph
kernels generate an anonymous-memory-dominant footprint
with irregular accesses. The FB workload scans a large file
corpus and populates the page cache. These endpoints isolate
distinct reclaim paths while exposing comparable completion-
time and PSI measurements; mixed production footprints are
outside this controlled evaluation.

Policies. Static retains each tenant cgroup’s initial limit.
AEQUAMEM-NoSolyv is the Karma-inspired no-solvency ab-
lation of AEQUAMEM [9]: it retains PSI admission, demand
estimation, credit accounting, and cgroup actuation while re-
moving the solvency partition. Peak-memo applies exponential
decay and a 15% safety margin to recent peaks, following
Autopilot’s moving-window intuition [10]. AEQUAMEM is the
full policy in Sec. III. Every dynamic policy runs once per
second. We use ¢,s; = 0.01 and initialize each tenant with
106 credits.

A common controller framework holds monitoring, actua-

tion, and sampling constant across the dynamic policies. Static
provides the hard-limit reference point, Peak-memo provides
a history-based local heuristic, and the AEQUAMEM-NoSolv—
AEQUAMEM comparison isolates the solvency partition while
holding the rest of the control path fixed.
Comparison discipline. The dynamic policies consume the
same cgroup counters, run at the same period, and write limits
through the same executor. Their differences therefore isolate
allocation rules: Peak-memo tests history-based estimation,
while the AEQUAMEM-NoSolv—AEQUAMEM comparison iso-
lates composition-aware ordering.

B. RQI: Recovering Stranded Memory

Table I defines four two-tenant states. .S; has enough
capacity for both peaks; So and S5 constrain one tenant while
the other is idle; and S; constrains their combined demand.

We divide the pairwise experiments into four controlled
cases. Sp verifies that a controller does not perturb workloads
whose initial quotas already satisfy demand. S; and S3 re-
verse the pressured tenant, testing idle-reservation transfers in
both AH-to-FB and FB-to-AH directions. S4 creates genuine
scarcity by making the combined peak demand infeasible.
Together, these cases cover sufficient memory, recoverable
local stranding, and total demand above the fixed budget.

Table II uses red for a failed task or severe Static degra-
dation, orange for completion with one OOM event, and blue
for dynamic-policy completion that avoids the corresponding
Static failure or slowdown.

All policies behave similarly in S;. Static fails the AH task
in Sy and Sy, and stretches FB completion to about 202 s in
S3 and S4. Each dynamic policy transfers idle capacity and
completes both workloads, although all three record one OOM
event for AH in Sy. For FB, AEQUAMEM completes in 24.07 s
and 22.07 s in S3 and S4, versus 201.77 s and 202.18 s un-
der Static. AEQUAMEM-NoSolv records similar times, while
Peak-memo reaches 24.80 s and 24.70 s. RQI1 therefore
confirms that dynamic redistribution recovers locally stranded
capacity in these states. The pairwise cases do not separate
AEQUAMEM from AEQUAMEM-NoSolv because they seldom
present competing borrowers for solvency ordering.

The four states also expose the boundary of redistribution.
In S5 and S3, one idle tenant supplies enough memory for
its active neighbor. In S, combined peak demand exceeds the
fixed aggregate memory budget, so every controller must arbi-
trate rather than eliminate scarcity. The OOM event observed
by each dynamic policy confirms that quota adjustment allows
more tasks to continue or complete but cannot create capacity.

The FB results quantify the cost of leaving this imbalance
unresolved. In S35, AEQUAMEM reduces completion time from
201.77 s to 24.07 s, an 8.4x speedup. In Sy, it reduces
202.18 s to 22.07 s, or 9.2x speedup. The near-symmetric
behavior of the dynamic policies in these pairwise states is
informative: once an idle reservation is available and only one
effective borrower needs it, lending dominates the result and
the solvency partition has little opportunity to change the order.

C. RQ2: Borrower Ordering under Bursty Contention

We replay the same event timeline for every policy within
each pressure regime. Each regime uses one fixed one-hour
Poisson-arrival trace (seed 2027, 3 s mean interarrival time)
with 1,142 events over 12 tenants: four AH and eight FB
cgroups, each with one CPU and an initial 3 GB limit within
a fixed 36 GB aggregate memory budget. The high-pressure
trace expands the AH graph-intensity range from 18-21 to
18-23. Bars aggregate task outcomes within each fixed trace.

For task ¢, the Performance Maintenance Ratio (PMR)
compares standalone and contended completion time. Jain’s
Fairness Index (JFI) summarizes the distribution of PMR [20]:

(32 PMR,)?

ES andalone
PMR, = —ustandalone = ypp .
ny_, PMR;]

Ti,actual

3)

PMR equals one when a task matches its standalone com-
pletion time and falls below one as contention increases its
runtime. JFI then measures how evenly those normalized
outcomes are distributed across tasks. The two metrics answer
different questions: average PMR captures absolute perfor-
mance retention, whereas JFI captures dispersion. Reporting
both prevents a policy from appearing effective merely because
it slows every tenant by a similar amount.

Figure 8 reports PMR 0.65 and JFI 0.85 for Static. Static
still obtains a JFI of 0.85 because several tenants experience
similarly poor performance. Peak-memo reaches PMR 0.77
and JFI 0.88. AEQUAMEM and AEQUAMEM-NoSolv both



TABLE 11

TASK COMPLETION TIME IN THE FOUR CONTROLLED SCENARIOS.

Scenario Workload Static AEQUAMEM-NoSolv Peak-memo AEQUAMEM
s AH 23.7940.01 s 23.7240.03 s 23.7740.03 s 23.76+0.03 s

1 FB 23.401+0.04 s 23.4740.03 s 23.59+0.04 s 23.5440.04 s

s AH Failed 23.7440.01 s 23.7540.05 s 23.7440.03 s

2 FB 21.9540.04 s 23.534+0.10 s 23.554+0.03 s 23.5440.05 s

s. AH 23.4840.04 s 23.76+0.03 s 23.7540.03 s 23.78+0.02 s

3 FB 201.7740.66 s 23.984+0.03 s 24.8010.04 s 24.0740.07 s

s AH Failed 22.7240.01 s (OOM=1) 22.8140.07 s (OOM=1) 22.7340.03 s (OOM=1)

4 FB 202.18+1.33 s 22.0440.04 s 24.7040.06 s 22.0740.04 s

2 Jain's Fairness Index
I Avg PMR

0.9 0.9

0.8 0.8

0.7 0.7

Avg. Performance
Maintenance Ratio (PMR)

0.6 0.6

Jain's Fairness Index (JFI)
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o
>
3
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Fig. 8. Average PMR and JFI in the trace-driven experiment.
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Fig. 9. Speedup over Static under moderate and high pressure.

exceed 0.91 JFI, consistent with their shared credit account-
ing and a more even distribution of normalized completion
performance across tenants.

We compute speedup over Static from adjusted mean com-
pletion time. An OOM-failed task is assigned a multiplicative
penalty greater than one relative to the longest successful du-
ration for the same workload class and parameters, or relative
to the class maximum when no exact match exists. Under
moderate pressure, AEQUAMEM and AEQUAMEM-NoSolv
both record 2.2x aggregate speedup, driven mainly by a
2.7x FB speedup (Fig. 9). Under high pressure, AEQUAMEM
reaches 1.9, compared with 1.8x for AEQUAMEM-NoSolv.
Because solvency ordering is their only policy difference,
the gap is consistent with its intended effect as contention
intensifies. Peak-memo falls below 1 x after the failure penalty.

The adjusted metric couples completion time with task
survival instead of rewarding a policy that terminates difficult
work. We therefore interpret speedup together with observed
OOM outcomes. The high-pressure ablation isolates the incre-
mental effect of solvency ordering under contention.

Overall, the credit-based policies achieve the highest JFI
in the evaluated trace, while AEQUAMEM shows a small
advantage over AEQUAMEM-NoSolv as contention intensifies.

V. DISCUSSION AND LIMITATIONS

Dynamic lending and solvency ordering. PSI-triggered lend-
ing provides most of the improvement over Static, while credit
accounts for donation history across workload phases. Sol-
vency addresses the narrower case in which multiple pressured
borrowers compete for limited headroom. The high-pressure
ablation indicates an incremental benefit from reclaim-cost-
aware ordering under such contention.
Limits of the signals and metrics. The file-backed fraction is
a reclaim-cost heuristic, not a universal cost model: dirty pages
may require writeback, while swap or compression may lower
anonymous reclaim cost. Our no-swap results represent a
controlled AH setting rather than all production configurations.
JFI measures the distribution of per-task PMR, not tenant
utility or SLO compliance, while adjusted completion time de-
pends on the penalty assigned to failed tasks. We consequently
interpret PMR, JFI, speedup, and OOM outcomes together. A
broader sensitivity study should vary the PSI and utilization
thresholds, sampling interval, and failure-penalty definition.
Evaluation and deployment scope. AEQUAMEM-NoSolv
isolates the solvency partition, while Peak-memo represents
history-based estimation. The evaluation covers AH and FB
endpoints under fixed controller parameters. Future work will
extend the evaluation to mixed footprints, NUMA-aware pools,
and SLO-driven policies.

VI. RELATED WORK

Dynamic resource control. HarvestContainers reallocates
spare CPU cores while protecting primary containers [21];
AgentCgroup targets tool-call-driven resource bursts in Al
agents [22]. Autopilot adjusts task concurrency and resource
limits from historical fleet observations [10]. Peak-memo
adapts only Autopilot’s historical-peak intuition as a local
heuristic. AEQUAMEM instead arbitrates temporary quota
loans among co-located cgroups, where temporary capacity
must be returned within the fixed aggregate memory budget.
Credit-based allocation. Karma formalizes credit-based al-
location for time-varying demands [9]. Thoth coordinates far-
memory adjustments [23], while KarmaPM redistributes power
budgets using donation history [24]. Memtrade harvests idle



memory by adjusting producer cgroup limits and matches it to
remote consumers through a brokered marketplace [25]. These
systems do not leverage anonymous/file-backed composition
for reclaim-cost awareness in quota allocation; AEQUAMEM
uses this distinction to order competing borrowers.

Memory capacity, placement, and reclamation. CXL sup-
ports coherent memory expansion and pooling [26], while
TMO uses PSI to guide offloading to a slower tier [18].
NUMA and tiered-memory managers place or migrate pages
using access frequency, recency, or migration cost [11]-[17].
These mechanisms determine where capacity comes from
or where pages should reside. They can complement quota
arbitration, but they do not remove per-tenant quota bound-
aries. AEQUAMEM operates at that boundary and allocates
temporary shares of the fixed aggregate memory budget.

VII. CONCLUSION

AEQUAMEM enables tenant cgroups to share unused mem-
ory through bounded, reversible quota leases within a fixed
aggregate memory budget. Its user-space control loop uses
PSI to identify stalled borrowers, credits to track donation
history, and memory composition to order borrowers only
when demand exceeds available headroom. In controlled re-
source states, AEQUAMEM avoided the task failures observed
under Static and achieved up to a 9x speedup for file-backed
workloads. Under trace-driven contention, it maintained JFI
above 0.91 and achieved up to 2.2x aggregate speedup over
Static. These results show that pressure-gated, credit-backed
quota arbitration recovers stranded memory without expanding
that budget or requiring kernel changes.
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