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ABSTRACT

CloudOLAPworkloads are bursty andmemory-hungry. Per-machine

DRAM caps and co-scaled CPU/memory provisioning are frag-

ile. They lead to low utilization, slow autoscaling, and transient

OOMs. Prediction-driven schedulers and bin-packing optimizers

mitigate but struggle with rigid per-machine memory boundaries

and forecasting errors, Existing RDMA or OS-level remote-memory

approaches either assume single-tenant trusted clusters (lacking

hardware isolation and QoS) or treat remote DRAM as opaque swap.

We presentNarwhal, an RDMA-co-designed analytical database. It

jointly schedules local DRAM and a shared remote memory pool to

trade consolidation against bounded remote borrowing. It enforces

hardware-level multi-tenant isolation with per-tenant RDMA Pro-

tection Domains, quotas, and QoS. It uses a database-aware memory

allocator with a three-tier cache and a pressure-threshold invariant

to avoid OOMs and protect metadata. Integrated into a production

engine, Narwhal eliminates OOMs, boosts memory overselling from

92.67% to 121.89% (+29.22) and node utilization from 78.16% to

96.63% (+18.47), while limiting average remote memory borrowing

to just 1.63%.
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1 INTRODUCTION

Cloud data warehouses increasingly run in elastic, multi-tenant en-

vironments where improving resource utilization is central to low-

ering cost under stringent SLOs. Prior industrial and academic sys-

tems pursue e�ciency by predicting workload demand and improv-

ing machine-level bin packing, including autoscaling in Borg [41]
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and Kubernetes [19], Autopilot-style policies [34, 35], CherryP-

ick [33], and multidimensional bin packing in Eigen/Eigen+ [25, 26].

However, these approaches face two fundamental limitations

when confronted with bursty, memory-intensive OLAP workloads.

First, the “rigid boundary” of per-machine resources makes ac-

curate prediction insu�cient. When a memory spike occurs, local

CPU and memory cannot elastically expand, causing transient con-

tention or slow autoscaling and, in the worst case, out-of-memory

(OOM) failures that violate SLOs [3, 21, 25]. Production experience

con�rms that even small forecasting errors are ampli�ed at high

utilization, and that a 100% correct approximation of future demand

is not achievable [4, 18, 48, 49]. Second, most prior work assumes

tightly coupled, co-scaled CPU and memory. Fixed-proportion

scaling leads to chronic resourcemismatch, where the least-capacity

dimension becomes the bottleneck and the remaining dimensions

are wasted [9, 36].

To overcome single-machine bottlenecks, recent work adopts

resource disaggregation: compute, memory, and storage are physi-

cally decoupled and o�ered as independently scalable pools that

can be composed on demand [9, 36]. Figure 1 illustrates two rep-

resentative lines of prior art. Panel (a) depicts systems that run

single-tenant databases over remote memory accessed via high-

performance interconnects such as RDMA (e.g., FaRM [8], Mira [13],

ROLEX [50], and HERD [14]). Panel (b) highlights disaggregated

cloud databases that separate compute from shared memory or

storage, including PolarDB Serverless [52] and the disaggregated

shared-memory design PolarDB-MP [53].

Yet, when applied to multi-tenant cloud data warehouses, exist-

ing solutions leave three challenges unaddressed.

C1: Lack of jointly scheduling of local and remote resources.

Most systems treat remote memory as a simple extension of local

memory and lack a �rst-class model for jointly scheduling hetero-

geneous resources. In the absence of coordinated quota allocation,

placement, and admission control, the system cannot decide when

and how much remote memory to provision per tenant to minimize

total cost while bounding the frequency of remote access. Without

such coordination, the system cannot safely oversubscribe memory

(i.e., allocate beyond physical capacity via statistical multiplexing),

leaving the potential e�ciency gains of disaggregation unrealized.

C2: Weak multi-tenant isolation. Many RDMA-based remote

memory systems are designed for trusted cluster environments [8,
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Figure 1: Disaggregated architectures: (a) single-tenant database backed by remote memory, (b) multi-tenant database backed

by single-tenant remote memory, and (c) multi-tenant database backed by multi-tenant remote memory

14, 16, 27, 30, 44, 45]. They typically share a single RDMA Protec-

tion Domain across all processes or rely on software-level access

checks, providing no hardware boundary between tenants and

leaving the system vulnerable to noisy-neighbor interference [37].

Database-integrated systems provide instance-level isolation but

are too coarse to protect workers within the same instance compet-

ing for shared remote memory.

C3: OLAP workload mismatch. Most remote memory studies

are tuned for transactional or key–value access patterns [8, 14, 16,

44, 45]. Directly sinking all cache blocks to a remote pool incurs

unnecessary network tra�c for scan-heavy OLAP workloads. Fail-

ing to recognize OLAP-speci�c data semantics (e.g., the distinction

between latency-critical metadata blocks and data blocks) causes

metadata thrashing and bandwidth waste.

We argue that multi-tenant cloud data warehouses need a third

architecture beyond “single-tenant database backed by remote

memory” from Figure 1 (a), and “multi-tenant database backed

by single-tenant remote memory” from Figure 1 (b). The tar-

get is “multi-tenant database backed by multi-tenant remote

memory” from Figure 1 (c), with joint optimization of the use of lo-

cal and remote memory, multi-tenant isolation, and OLAP-speci�c

optimizations.

A straightforward idea is to reuse OS-level remote memory man-

agement. Swap-based systems such as In�niswap [11], Fastswap [1],

and Leap [28], and cluster-wide pooling systems such as Spirit [23],

Pond [12], and Canvas [42] provide increasingly sophisticated pag-

ing, prefetching, and fault-tolerance mechanisms. However, these

approaches are insu�cient for multi-tenant analytical databases:

they perform no cross-tenant cost-aware scheduling (C1), do not

extend isolation to the RDMA data path (C2), and manage memory

at page granularity without awareness of application-level data

semantics (C3). Experience in database systems con�rms that treat-

ing memory management as transparent to the database sacri�ces

signi�cant optimization opportunities [2, 39].

This paper presentsNarwhal, an RDMA-co-designed cloud-native

analytical database (Alibaba AnalyticDB) that, to our knowledge,

is the �rst system to treat remote memory as a �rst-class

scheduling dimension in a multi-tenant OLAP engine. Neither

prior oversubscription schedulers nor prior RDMA remote mem-

ory systems jointly optimize local and remote capacity: the former

are con�ned within rigid per-machine boundaries, and the latter

expose remote memory as a passive transparent pool with no cross-

tenant cost-aware quota allocation. Narwhal’s borrowing-ratio

formulation explicitly decides when and how much each worker

borrows from the remote pool, transforming memory spikes from

hard OOM failures into soft overload and raising overall utilization.

First, Narwhal introduces a joint scheduler that treats remote

memory as a �rst-class scheduling dimension. It minimizes TCO

across local and remote resources under tenant SLO and capacity

constraints, determining per-worker memory quotas and safe over-

subscription levels. Second, Narwhal enforces hardware-level

multi-tenant isolation via RDMA Protection Domains. Each ten-

ant’s QPs, MRs, and CQs are bound to a distinct PD; the NIC rejects

cross-PD access in hardware, so even a malicious tenant holding

another’s rkey cannot access its data. This mechanism also isolates

worker groups within the same database instance. Third, Narwhal

employs an OLAP-aware Memory Allocator (Section 6) with a

three-tier hierarchy (local DRAM / remote memory / disk). It dy-

namically migrates blocks under a pressure-threshold invariant that

prevents OOM during transient spikes, and uses type-aware place-

ment to keep latency-critical metadata blocks local while sinking

bulk data blocks to remote memory.

In summary, this work makes the following contributions.

• A joint scheduler that treats remote memory as a �rst-class

scheduling dimension, using a remote-borrowing-ratio formula-

tion to safely oversubscribememory beyond per-machine capacity—

the �rst system to do so for multi-tenant OLAP. Hardware-

enforced PD isolation and OLAP-aware data placement serve as

necessary enablers.

• Production deployment in AnalyticDB, demonstrating that Nar-

whal boosts the memory overselling rate from 92.67% to 121.89%

(+29.22) and node utilization from 78.16% to 96.63% (+18.47),

without OOM incidents.

2 BACKGROUND

2.1 Resource Scheduling

Resource scheduling in modern cloud systems is commonly for-

mulated as a 3-dimensional vector bin packing (3-VBP) problem),

where each machine is a bin with capacity vector and each work-

load is an item with multi-resource demand (e.g., CPU, memory,

and I/O) [26].

In practice, when one resource becomes the dominant bottleneck

(often memory for database workloads), the scheduling objective

can be reduced to a one-dimensional bin packing problem over that

bottleneck resource: Given a set of database instances �1, �2, ..., �Ĥ
and a set of machines"1, "2, ..., "ģ , each instance �ğ has a memory
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allocation �ğ and a memory utilization time series*ğ (C). The goal

is to place instances onto machines while minimizing the number

of machines, subject to a safety threshold ) ∈ [0, 1] that bounds

machine-level aggregated utilization: maxĪ
∑
ğ∈ĉĠ

*ğ (C) ≤ ), ∀"Ġ .

If the future utilization were known, the optimal scheduler would

directly pack according to the true future utilization series *̂ğ (C)

for each instance and enforce the above constraint exactly. In re-

ality, *̂ğ (C) is unknown, so practical systems approximate it with

an estimated item size *̃ğ or an estimated series *̃ğ (C) derived from

historical observations, and then run bin packing under the corre-

sponding approximate constraint.

Prior work di�ers mainly in how *̂ is estimated from observed

* (C), spanning percentile-based [4, 34], stochastic [4, 6, 43, 48],

Monte Carlo [18], and predictive [20, 31, 38, 40, 54] families. Eigen+ [25]

couples such estimators with bin packing by classifying instances

as steady or transient and assigning conservative item sizes to the

latter, improving utilization while bounding OOM risk.

However, the fundamental challenge remains that a 100% correct

approximation of *̂ğ (C) is not practical in production: workload

shifts and spikes can invalidate statistical assumptions, forecasting

errors are unavoidable, and even small errors can cause constraint

violations at high utilization, leading to OOM events and SLO degra-

dation [3, 21].

2.2 RDMA-Based Remote Memory.

Resource disaggregation physically decouples compute, memory,

and storage into independently scalable pools that can be composed

on demand [9, 36]. Remote Direct Memory Access (RDMA) allows

a process on one machine to read or write the memory of another

machine without involving the remote CPU, achieving single-digit

microsecond latency and near-line-rate throughput [15].

The RDMAprogrammingmodel centers on several key abstract [15,

32]: a Queue Pair (QP) carries work requests between a consumer

and a provider; a Memory Region (MR) is a contiguous bu�er

registered with the NIC and identi�ed by a remote key (rkey) that

authorizes access; a Protection Domain (PD) groups QPs and MRs

so that only QPs within the same PD may access the associated

MRs. RDMA verbs (READ, WRITE) bypass the remote CPU entirely,

making them attractive for cache-tier and memory-pool architec-

tures where data can be fetched without waking a remote server

thread.

A central motivation for RDMA-based disaggregation is the

growing imbalance between memory capacity and compute density

inmodern clusters: manymachines have underutilizedDRAMwhile

others are memory-constrained [9, 11, 36]. Exposing idle DRAM

on remote machines as an elastic memory tier bridges the latency

gap between local DRAM (∼100 ns) and SSD (∼100 `s). Remote

memory access via RDMA typically completes in 2–5 `s [8, 11, 15]—

roughly 20–50× slower than local DRAM but 20–50× faster than

SSD. Each PACE server is equipped with a 100Gbps NIC, yielding

∼12.5 GB/s e�ective bandwidth per node. This is below a multi-disk

VM con�guration (∼40GB/s aggregate SSD bandwidth), but remote-

memory bandwidth is not the bottleneck in Narwhal’s deployment,

for three reasons. First, low remote-borrowing ratio: production mea-

surements (Section 7.1) show that remote borrowing accounts for

only 1.63% of each pod’s aggregate memory usage on average (max

2.90%); since RDMA bandwidth demand scales with the volume of

remote-resident data, this bounds time-averaged bandwidth per

pod well below 1Gbps. Second, type-aware placement: only latency-

critical metadata blocks (Index/Filter) traverse the RDMA path

(Section 6.2); bulky data blocks and sequential scans continue at lo-

cal SSD bandwidth, so the 40GB/s aggregate SSD path is preserved

for bandwidth-heavy OLAP tra�c. Third, elastic scaling: higher

aggregate remote bandwidth is obtained by provisioning additional

PACE servers independently of compute nodes. The pressure ex-

periment in Figure 7e further validates that small-request latency

remains stable even when competing tenants saturate the 100Gbps

link. This positioning makes remote memory an attractive interme-

diate tier for caching warm data that would otherwise be evicted

to disk, an observation that has been validated in both academic

prototypes [1, 11, 28] and production cloud systems [13, 22, 24].

Two architectural patterns have emerged for exploiting this tier.

In the application-integrated pattern, the database or key–value

store is explicitly redesigned to issue RDMA operations as part

of its data path. FaRM [8], DrTM [45], Pilaf [30], HERD [14], etc.

co-design data layout and access protocols with RDMA verbs to

build transactional stores, indexes, and shared-memory abstrac-

tions that minimize round trips. In the OS-transparent pattern, re-

mote DRAM is exposed as a swap device, page-fault handler, or

cluster-wide memory pool, allowing applications to bene�t from

remote memory without code changes. Fastswap [1], Leap [28],

Carbink [55], Spirit [23], Pond [12], and Canvas [42] are represen-

tative systems in this family, providing increasingly sophisticated

paging, prefetching, fault tolerance, and pooling mechanisms at

the OS or runtime level, but uniformly treating remote memory as

semantically opaque to the application.

Despite the rich design space, existing RDMA-based remotemem-

ory systems face security limitations when applied to multi-tenant

cloud data warehouses. On the one hand, application-integrated

systems universally assume a single-tenant, trusted cluster: they

typically share a single Protection Domain across all processes

or rely on software-level access checks, providing no hardware

boundary between tenants and leaving the system vulnerable to

noisy-neighbor interference. On the other hand, OS-transparent

systems inherit process- or VM-level isolation from the kernel but

do not extend it to the RDMA data path; once a memory region is

registered, any QP within the same PD can access it regardless of

tenant identity.

2.3 Memory Management in AnalyticDB

AnalyticDB [7, 51] is Alibaba Cloud’s cloud-native OLAP database

service. Each AnalyticDB instance consists of a set of workers, each

of which manages a partition of the data and executes query frag-

ments in parallel. Internally, each worker uses an LSM-tree–based

storage engine to persist columnar data on SSD or distributed �le

systems.

The memory consumed by an AnalyticDB worker falls into two

broad categories based on how it is managed:

(1) Bounded cache memory The primary consumer is the block

cache, a hash-table–indexed in-memory cache that holds three

types of blocks read from SST �les:

• Data Blocks: compressed columnar data segments;
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• Index Blocks: per-SST B-tree–style index entries that lo-

cate Data Blocks by key range;

• Filter Blocks: Bloom �lters used to skip SSTables that

cannot contain a queried key.

These blocks are inserted into the cache upon read and evicted

under a uni�ed replacement policy (e.g., LRU or Clock) when

the cache reaches its con�gured capacity. Because this memory

is managed through a hash table with explicit eviction, its foot-

print is bounded and controllable: the system can shrink or grow

the cache by adjusting the capacity limit and evicting entries

accordingly.

(2) Transiently allocated memory. The remaining memory is

allocated on demand by query operators and internal subsystems,

including intermediate bu�ers for hash joins, aggregations, and

sorts; write bu�ers (MemTable) for LSM-tree ingestion; network

send/receive bu�ers; and thread stacks, metadata structures, and

other runtime overhead. This memory is requested from the

OS allocator (e.g., malloc/jemalloc) when needed and released

when the operation completes. Its footprint is demand-driven and

di�cult to predict: a single large join or a burst of concurrent

queries can cause a transient spike that temporarily exhausts

available DRAM.

In production, the interplay between these two categories creates

a tension. Cache-managedmemory is bounded but consumes a large

share of local DRAM to maintain acceptable hit rates. T ransient al-

locations are unbounded and bursty. When a transient spike occurs,

the OS may not be able to satisfy the allocation because the block

cache still holds its budgeted capacity, leading to out-of-memory

(OOM) failures. Shrinking the cache proactively wastes capacity

during normal operation; shrinking it re-actively may be too slow

to prevent OOM under sudden bursts. This motivates the Memory

Allocator component introduced in Section 3, which coordinates

local and remote memory to provide elastic headroom for transient

allocations without sacri�cing cache performance.

3 OVERVIEW

This section presents the architecture of Narwhal and explains

how its components address the three challenges identi�ed in Sec-

tion 1: lack of joint scheduling of local and remote resources (C1),

weak multi-tenant isolation (C2), and OLAP workload mismatch

(C3).

Figure 2 illustrates the architecture ofNarwhal, organized along

two dimensions: a logical resource view (left) that captures the

database engine’s perspective, and a physical resource view (right)

that captures the underlying infrastructure.

On the logical side, each AnalyticDB instance contains one or

more workers. Each worker has access to four resource types: CPU

for query execution, local memory (DRAM on the compute node)

for caching and transient allocations, remote memory accessible via

RDMA for elastic cache extension, and disk (SSD or distributed �le

system) for persistent storage. The Memory Allocator (Section 6)

sits between each worker and the local/remote memory tiers. As

shown in Figure 2, it intercepts lookup and eviction operations and

organizes the three storage tiers into a coherent hierarchy: local

DRAM serves as L1, remote memory as L2, and disk as L3. When a

lookup hits a block cached in remote memory, the Memory Allo-

cator fetches it via RDMA READ and returns it to the worker trans-

parently. When local memory pressure rises, it evicts victim blocks

to remote memory via RDMA WRITE rather than dropping them

to disk, maintaining the pressure-threshold invariant described in

Section 6.1.

On the physical side, compute nodes reside in an ECS-based com-

pute resource pool, where each ECS instance provides co-located

CPU and local DRAM. A separate PACE (Section 5) cluster provides

the multi-tenant secure remote memory pool. PACE partitions its

aggregate DRAM into per-tenant data regions, each protected by

a distinct RDMA Protection Domain, and enforces capacity quo-

tas, weighted fair queuing, and bandwidth throttling to prevent

noisy-neighbor interference. A dedicated PACE cluster avoids a cir-

cular dependency where workers needing remote memory during

spikes are themselves at peak occupancy and cannot contribute

idle DRAM to a shared pool. Compute nodes access PACE over

a RoCEv2 RDMA fabric, achieving 2–5 `s round-trip latency for

remote cache lookups.

The Joint Resource Scheduler (Section 4) bridges the logi-

cal and physical views. It takes as input the set of workers, their

observed and predicted memory demand time series, and the ca-

pacities of compute nodes and the remote memory pool. It pro-

duces two outputs: a placement of workers onto compute nodes

(determining how local DRAM is partitioned among co-located

workers) and per-worker local quotas that control the boundary

between local and remote memory usage. The scheduler operates

in two modes. Online scheduling (Section 4.2.1) handles incremental

events—instance creation, scale-out, worker restart—by perform-

ing best-�t bin packing over local DRAM capacity using declared

reservation requests, without requiring demand forecasts. O�ine
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scheduling (Section 4.2.2) runs periodically to recompute local quo-

tas based on updated demand predictions, repack workers across

machines to improve consolidation under a migration budget, and

estimate the remote memory capacity required to sustain predicted

peak borrowing. An auto-scaler adjusts the compute pool size based

on scheduler decisions, adding or removing ECS instances as the

workload evolves.

4 JOINT SCHEDULING FOR HETEROGENEOUS
RESOURCES

A central lesson from over-subscription in production is that perfect

prediction is not the real bottleneck. Even if a scheduler produces

a very accurate estimate *̃ğ (C), small forecast errors remain un-

avoidable under workload shifts and bursts, and these errors are

ampli�ed at high utilization, causing constraint violations, OOM

events, and SLO degradation.

We argue that the root cause is not prediction accuracy but the

rigid per-machine memory boundary: when every machine has

a �xed, impermeable memory ceiling, even a small spike that over-

shoots capacity causes an OOM failure rather than a recoverable

overload. Prior work attacks this by improving prediction quality,

but a 100% correct forecast is fundamentally unattainable in produc-

tion, and prediction errors are ampli�ed into costly failures at high

utilization. Remote memory breaks this rigidity by providing an

elastic over�ow path: when a spike exceeds local capacity, excess

demand spills to the remote pool at microsecond latency instead of

crashing. This transforms memory management from a hard failure

problem into a resource allocation problem—how much remote ca-

pacity to provision, and how to schedule it across tenants—which

our joint scheduler formalizes.

4.1 Problem De�nition

We consider a cluster with a set of compute nodes (machines)M =

{"1, "2, ..., "ģ}. Each machine "Ġ has a local memory capacity

�L
Ġ and provides CPU resources for query execution. We schedule

a set of tenants/instances I = {�1, �2, ..., �Ĥ}. Each instance �ğ runs

one or more workers; we denote the set of all workers byW and

writeF ∈ W.

Let *̂ĭ (C) denote the (unknown) future memory demand time

series of workerF . The scheduler assigns a local quota @Lĭ . At time

C , if the demand exceeds the local quota, the worker borrows the

fall-short from remote memory:

�ĭ (C) = max{0, *̂ĭ (C) − @
L
ĭ}. (1)

Since remote memory is assumed elastically provisioned, there

is no upper bound on �ĭ (C) at the system level; instead, remote

borrowing is controlled by an SLO-style constraint below.

4.1.1 Local bin packing constraint (local DRAM packing). Let q :

W → M be the placement function that maps each worker to

a compute node. For each machine "Ġ , letW("Ġ ) = {F ∈ W |

q (F) = "Ġ } be the workers placed on it. We require local quotas

to �t within each machine’s local capacity:
∑

ĭ∈W(ĉĠ )

@Lĭ ≤ �L
Ġ , ∀"Ġ ∈ M . (2)

4.1.2 Remote-borrowing ratio constraint. Although remote capac-

ity is elastic, remote memory has a performance penalty compared

with local DRAM and consumes network bandwidth. Thus, remote

borrowing should account for only a small fraction of each worker’s

memory footprint. We formalize this with the remote-borrowing

ratio, de�ned as the fraction of a worker’s aggregate memory con-

sumption that is served from the remote pool over a horizon T :

dĭ =

∑
Ī ∈T �ĭ (C)∑
Ī ∈T *̂ĭ (C)

. (3)

We enforce a per-worker bound:

dĭ ≤ nĭ , ∀F ∈ W, (4)

where nĭ is a policy parameter (e.g., nĭ = 2%), capping each

worker’s time-averaged remote footprint relative to its total mem-

ory usage.

4.1.3 Objective (TCO minimization). We optimize a single Total

Cost of Ownership (TCO) objective over compute machines and

remote memory. Because remote memory is assumed elastically

provisioned, its cost is incurred by the provisioned remote capacity

required to sustain peak borrowing. Let the provisioned remote

capacity be

�R ≜ max
Ī ∈T

∑

ĭ∈W

�ĭ (C), (5)

i.e., the maximum aggregate remote borrowing over the horizon.

Remote capacity constraint. In production, the PACE cluster has

�nite capacity �R
max. We add the constraint:

�R ≤ �R
max . (6)

In AnalyticDB’s deployment, PACE is provisioned with 3–5× the

peak observed aggregate borrowing, ensuring this constraint rarely

binds. Separate cost coe�cients. Compute and remote memory

have di�erent unit prices. Let U denote the normalized cost per

compute machine and V the cost per unit of remote memory. In

production, U/V ≈ 2–3 (compute is more expensive). The revised

objective is:

min
č, {ħLĭ }

U · |{"Ġ ∈ M | W("Ġ ) ≠ ∅}| + V ·�R s.t. (2), (4), (6) (7)

This objective captures the intended trade-o�: tighter packing re-

duces the number of machines but may increase remote borrowing

and thus �R, while larger local quotas reduce remote borrowing at

the cost of additional machines.

4.2 Scheduling Algorithm

We present a practical scheduling framework to approximately

solve Eq. (7). The key is to translate the borrowing-ratio constraint

into a quota rule using forecasts: we choose @Lĭ as a high quan-

tile of the predicted demand, which upper-bounds the expected

remote-borrowing ratio dĭ (since dĭ ≤ Pr[*̂ĭ > @Lĭ] when excess-

over-quota is bounded by a constant factor of *̂ĭ ), then pack work-

ers based on @Lĭ , and �nally estimate the implied remote capacity

�R. The framework includes an online algorithm and an o�ine

algorithm (periodic repacking).
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Algorithm 1 Online Bin Packing for Local DRAM

Require: Machines M with local capacities {ÿL
Ġ
} and current residual

capacities {RemL
Ġ
}.

Require: Arriving workersWin; local reservation requests {Ĩĭ }ĭ∈Win
.

Ensure: Placement č (ĭ ) and local quotas {ħLĭ } for ĭ ∈ Win.

1: for all ĭ ∈ Win do

2: ħLĭ ← Ĩĭ ² no prediction; use declared reservation

3: end for

4: SortWin by descending ħLĭ ² optional, if a batch arrives

5: for all ĭ ∈ Win do

6: F ← {ĉĠ ∈ M | Rem
L
Ġ
≥ ħLĭ } ² feasible machines

7: if F = ∅ then

8: scale-out compute (open a new machine) and updateM, RemL

9: Recompute F

10: end if

11: ĉ★ ← argminĉĠ ∈F

(
RemL

Ġ
− ħLĭ

)
² best-�t

12: č (ĭ ) ← ĉ★

13: RemL
ĉ★
← RemL

ĉ★
− ħLĭ

14: end for

4.2.1 Online Scheduling. The online scheduler handles incremental

events (instance creation, scale-out, and worker restart) and must

make placement decisions without future knowledge. In particular,

we treat memory demand as unknown at admission time; hence the

online algorithm is an online bin packing procedure that uses only (i)

machine capacities and (ii) the worker’s declared local reservation

request (or a conservative default), rather than any forecast *̃ĭ (C).

The online output is: (1) a placement decision q (F) and (2) a local

quota @Lĭ . Remote memory is borrowed on demand according to (1);

the system provisions remote capacity o�ine from observed peak

demand.

When a workerF arrives, it speci�es (or the system assigns) a

local reservation Aĭ (bytes), which is interpreted as the amount of

local DRAM the worker must always have available. The online

scheduler sets @Lĭ ← Aĭ , and performs placement using an online

bin packing heuristic. The remote-borrowing ratio constraint (4) is

not enforced online (since dĭ depends on unknown future demand);

instead, it is monitored and enforced by the o�ine controller via

quota tuning and/or migrations (Section 4.2.2).

We use Best-Fit (or First-Fit) decreasing over the current arrival

batch when multiple workers arrive together; for purely sequential

arrivals, Best-Fit reduces to choosing the feasible machine with the

smallest remaining local capacity after placement.

Algorithm 1 sets each worker’s local quota to its reservation

request, sorts batched arrivals by decreasing quota, and applies

best-�t placement over feasible machines, triggering scale-out when

none is feasible.

4.2.2 O�line Scheduling. The o�ine scheduler runs periodically to

combat consolidation drift—fragmentation caused by worker ar-

rivals, departures, and quota changes over time—and to re-estimate

the required remote capacity. Migrations follow a drain-then-

migrate protocol: workers are relocated only during query-idle

periods after active queries drain, with no in-�ight query disruption.

Only cache metadata (KB-scale) is transferred; remote data blocks

remain in place on PACE and are re-attached via RDMA without

relocation, limiting per-worker downtime to ∼2–5 seconds, with

Algorithm 2 O�ine Repacking and Remote Capacity Estimation

Require: Current placement č ; machinesM with capacities {ÿL
Ġ
}; migra-

tion budget þ.

Require: WorkersW; updated predicted series {đ̃ĭ (Ī ) }ĭ∈W over hori-

zon T; borrowing-ratio bounds {Ċĭ }.

Ensure: New placement čnew, local quotas {ħ
L
ĭ }, and estimated remote

capacity ÿ̃R.

1: for all ĭ ∈ W do

2: ħLĭ ← P(1−Ċĭ )-th (đ̃ĭ (Ī ) )

3: end for

4: SortW by descending ħLĭ
5: čnew ← ∅

6: for all ĭ ∈ W do

7: Chooseĉ★ ← BestFitLocal(ĭ,M) under čnew

8: if local capacity �ts onĉ★ then

9: čnew (ĭ ) ← ĉ★

10: else

11: open a new machine

12: end if

13: end for

14: K ← {ĭ ∈ W | čnew (ĭ ) ≠ č (ĭ ) } ² migration set

15: if |K | > þ then

16: Keep top-þ workers in K with largest consolidation gain; revert

others to č

17: end if

18: Estimate ÿ̃R ← maxĪ ∈T
∑

ĭ∈W max{0, đ̃ĭ (Ī ) − ħ
L
ĭ } ² peak

borrowing

19: Apply čnew with bounded-rate migrations

the migration budget capped at � = 10–50 workers per scheduling

round to bound aggregate migration tra�c. Concretely, at � = 50

workers × KB-scale metadata per worker, the aggregate migration

payload per round is on the order of a few MB, well below the

100Gbps ToR capacity even when compressed into a single burst;

the migration window is further scheduled at o�-peak hours and

isolated per-tenant, so ToR saturation is not a concern in produc-

tion. The scheduler compares updated predictions against the prior

placement to recompute local quotas, repacks the cluster in batch

under the migration budget �, and estimates the implied remote

capacity from the predicted aggregate borrowing peak.

Algorithm 2 sets each worker’s local quota to the (1 − nĭ)-th

percentile of its updated predicted usage, which upper-bounds the

remote-borrowing ratio dĭ (Eq. 3) by nĭ under bounded-excess dis-

tributions, and then sorts workers by decreasing quota for best-�t

repacking. When the candidate migration set exceeds the budget �,

workers are ranked by consolidation gain—the number of machines

a move would free—and only the top-� moves are committed, pre-

ferring relocations that vacate a machine entirely over marginal

rebalancing. The implied remote capacity �̃R is sized to the pre-

dicted aggregate peak borrowing maxĪ ∈T
∑

ĭ max{0, *̃ĭ (C) − @
L
ĭ}

over the horizon, and feeds directly into the TCO objective Eq. (7).

Unlike local-only schedulers whose forecast errors translate di-

rectly into OOM at high utilization, a mis-sized @Lĭ here does not

cause OOM: any excess demand �ows through Eq. (1) to remote

memory at microsecond latency. Under-estimation merely raises

the realized borrowing ratio dĭ toward the bound nĭ and is cor-

rected at the next o�ine round; over-estimation wastes a small

amount of local DRAM. The o�ine scheduler therefore relies on
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Figure 3: Architecture of PACE.

predictions for optimization, not for safety—a property that decou-

ples our scheduling correctness from the fundamental limits of

demand forecasting.

5 PACE: MULTI-TENANT SECURE REMOTE
MEMORY SYSTEM

Existing RDMA-based remote memory systems lack hardware-

enforced tenant isolation, as discussed in Section 2.2. An alternative

design partitions a single shared pool by application-level encryp-

tion, which eliminates per-tenant fragmentation but adds 0.3–0.5 `s

of crypto overhead per block (10–25% of the 2–5 `s RDMA latency)

and consumes CPU cycles on every access, undermining the CPU-

bypass property of one-sided RDMA that Narwhal’s cache path

depends on. PACE instead uses commodity RDMA NICs—no cus-

tom hardware is required. Protection Domain isolation is a standard

RDMA feature available on all commodity RNICs: each tenant is as-

signed a distinct PD, and hardware-level PD checks at the NIC run at

line rate with zero CPU cycles and no crypto overhead. Per-tenant

fragmentation—the primary drawback of hardware separation—is

manageable through periodic o�ine repacking, generous headroom

(3–5× peak borrowing), and moderate per-node tenant counts (2–5

in production). PACE is, to our knowledge, the �rst RDMA shared

memory pool designed for multi-tenant analytical databases that en-

forces security and performance isolation through commodity NIC

hardware. This section presents the architecture, isolation model,

resource management, and fault-tolerance design of PACE.

5.1 Architecture Overview

Figure 3 illustrates the PACE architecture, which comprises three

layers: a consumer side, a provider side, and a centralized metadata

service.

Each AnalyticDB worker acts as a consumer of remote memory.

Upon creation, the worker registers with the metadata service and

receives a tenant-speci�c rkey along with one or more RDMA

Queue Pairs (QPs) bound to its own Protection Domain (PD). All

remote memory operations issued by the instance—cache evictions

via RDMA WRITE, cache lookups via RDMA READ, and allocation/free

requests—carry the tenant’s rkey and are con�ned to the associated

PD. Each consumer connects to provider nodes through a user-

space Elastic Network Interface (ENI), which provides network-

level isolation between tenants at the transport layer.

Each provider node registers a portion of its local DRAM with

the RDMA NIC and exposes it as part of the global memory pool.

The registered memory is partitioned into per-tenant data regions,

each backed by a dedicated Memory Region (MR) with a unique

rkey. A single provider node may host data regions for multiple

tenants (e.g., User1 and User2 in Figure 3), but each region is bound

to a distinct PD, ensuring hardware-level separation. Providers also

maintain token-to-quotamappings that record the capacity allocated

to each tenant on that node. These mappings are distributed by the

metadata service and enforced locally by the provider.

The metadata service is logically centralized and physically repli-

cated to coordinate the control plane. It performs four functions:

(1) node registration, where provider nodes register their avail-

able capacity and network endpoints upon startup; (2) tenant-to-

provider mapping, maintaining which provider nodes hold data

regions for each tenant and distributing this mapping to consumers;

(3) token and quota distribution, issuing per-tenant capacity quotas

as tokens to providers, which enforce them locally; and (4) address-

mapping updates, propagating updated remote addresses and rkey

credentials to a�ected consumers when data regions are created,

migrated, or reclaimed.

5.2 Hardware-Enforced Tenant Isolation

The central security mechanism of PACE is the mapping of each

tenant to a distinct RDMA Protection Domain. A tenant’s QPs, MRs,

and CQs are all bound to its PD. When a consumer issues an RDMA

request to a provider, the NIC performs the following veri�cation

at line rate, entirely in hardware:

Allow ⇐⇒
(
req.PD = MR.PD

)
∧

(
op ∈ MR.permissions

)
. (8)

If the requesting QP’s Protection Domain does not match the target

MR’s Protection Domain, or if the requested operation (e.g., WRITE

on a read-only region) is not permitted, the NIC silently drops the

packet and posts a completion error. No data is exposed to the

requester.

This mechanism provides three properties. First, it guarantees

cross-tenant security: even if a malicious tenant somehow obtains

another tenant’s rkey, the cross-PD check rejects the access at the

NIC, before any data leaves the provider’s memory bus. Second, it

incurs zero software overhead: the veri�cation is performed in the

NIC’s hardware pipeline and adds no measurable latency to the

RDMA data path, with no OS kernel involvement. Third, it supports

intra-instance isolation: the same PD mechanism extends naturally

to workers within a single database instance—when �ne-grained

isolation is required (e.g., di�erent workload groups sharing an

instance), each worker group can be assigned its own PD, prevent-

ing one group’s RDMA operations from interfering with another’s

memory regions.

All MR keys (rkey) are issued as short-lived ephemeral creden-

tials. A trusted key management service (KMS) periodically rotates

keys and distributes fresh tokens to authorized consumers via the

metadata service. Key rotation bounds the window of exposure

in case of credential leakage. Upon rotation, old rkey values are

invalidated at the provider by re-registering the MR with a new

key; any in-�ight RDMA request carrying a stale rkey fails with

a remote-access error and is retried by the consumer with the re-

freshed credential.
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5.3 Resource Allocation and QoS Enforcement

Hardware-enforced PD isolation prevents unauthorized access but

does not, by itself, prevent resource starvation: a single tenant

issuing a burst of RDMA requests can monopolize provider band-

width and starve co-located tenants. PACE therefore layers QoS

mechanisms on top of PD-based isolation.

Memory quotas. Each tenant’s data region on a provider is bounded

by a con�gurable capacity limit, the quota shown in Figure 3. When

a tenant’s allocation request would cause its aggregate remote foot-

print to exceed its quota, the provider returns a graceful failure

code, and the consumer falls back to evicting within its remote

cache region or serving the miss from disk. Quotas are dynamically

adjusted by the Joint Resource Scheduler (Section 4) based on pre-

dicted demand and SLO priority, allowing the system to redistribute

remote capacity as workload pro�les shift.

Weighted fair queuing (WFQ). RDMA work requests arriving at

provider-side receive queues are scheduled according to per-tenant

SLA weights, ensuring that latency-sensitive workloads are not

starved by bulk scan tra�c from lower-priority tenants. However,

Kong et al. [17] show that on commodity RNICs, WFQ and band-

width throttling cannot fully protect shared on-NIC microarchitec-

tural resources (QP context caches, translation tables, pipelines)

from noisy-neighbor contention. We scope our claims accordingly:

PD provides full security isolation, while performance isolation

is partial. Kong et al.’s attack requires an untrusted tenant that

can issue arbitrary RDMA verbs; this premise does not hold in

Narwhal, where tenants never call RDMA directly—all accesses

go through AnalyticDB’s storage kernel (part of the TCB), which

exposes only a �xed set of data-path verbs, enforces per-tenant verb

rates and WR caps, and con�nes control-path verbs to the operator

management plane. SR-IOV VFs and RDMA tra�c classes provide

additional coarse-grained hardware partitioning. The 1.63% remote-

borrowing ratio measured in §7.1 and type-aware placement are

supporting (not load-bearing) mitigations; a dedicated indirection

layer remains future work.

5.4 Fault Tolerance

PACE addresses the independent failure modes of disaggregation

with three mechanisms. Tenant-to-region mappings, quotas, and

rkey bindings are persisted in a Raft-based coordination service

tolerating minority replica failures. On tenant deletion, data regions

are marked expired and reclaimed asynchronously by a background

collector, remaining PD-protected until freed to prevent stale-data

exposure. On consumer failure and restart, the recovered process

re-registers with the metadata service, obtains fresh rkey/PD cre-

dentials, and re-attaches to its intact data regions on surviving

providers—no data migration, minimal downtime, and no cache-

repopulation I/O ampli�cation.

6 MEMORY ALLOCATOR

The Memory Allocator manages data placement across a three-tier

hierarchy: local DRAM (L1), RDMA-accessible remote memory (L2),

and disk (L3). The block cache is logically partitioned into a local

cache region (L1) and a remote cache region (L2); both are indexed

by the same hash table and share a uni�ed lookup interface, but

reside on di�erent physical tiers.

Figure 4: Dynamic local/remote capacity adjustment in the

Memory Allocator.

This section presents the two core mechanisms of the Mem-

ory Allocator: dynamic local/remote capacity adjustment for OOM

avoidance (Section 6.1), and type-aware data placement that con-

trols the distribution of di�erent block types across the two cache

tiers (Section 6.2).

6.1 Dynamic Local/Remote Capacity
Adjustment

In production, the memory consumed by an AnalyticDB worker

falls into two categories (illustrated in Figure 4): cache-managed

memory (block cache, bounded and controllable) and transiently

allocated memory (hash-join bu�ers, sort bu�ers, MemTables, net-

work bu�ers, etc., which are demand-driven and bursty). When a

transient spike occurs, the block cache still holds its budgeted capac-

ity, leaving insu�cient local DRAM and causing OOM. Shrinking

the cache proactively wastes capacity during normal operation;

shrinking it reactively may be too slow.

The Memory Allocator resolves this tension by dynamically

migrating cached blocks between local and remote memory based

on real-time pressure, as shown by the interplay between the blue

(local cache) and yellow (remote cache) regions in Figure 4.

6.1.1 Pressure-Threshold Invariant. Let �L denote the total local

DRAM capacity (solid horizontal line in Figure 4), �cache
local
(C) the

local cache capacity at time C , and�transient (C) the current transient

memory demand. The Memory Allocator enforces:

�cache
local
(C) + �transient (C) ≤ �L − X, (9)

where X is a con�gurable safety headroom (the gap between the

solid and dashed horizontal lines in Figure 4). This invariant guar-

antees that local DRAM is never exhausted: even under a sudden

transient spike, a X-sized bu�er remains available for OS-level allo-

cations, thread stacks, and other unmanaged memory.

The safety headroom X is determined by analyzing the historical

distribution of transient memory demand �transient (C) over a rep-

resentative observation window. A more conservative X provides

a wider safety margin at the cost of reduced local cache capacity;

a tighter X increases local cache headroom but narrows the bu�er.

The appropriate tradeo� depends on workload volatility and is

tuned per cluster based on production monitoring data.

During steady state (the left and right portions of Figure 4),

transient demand is low and the local cache occupies a large share

of DRAM, with the sum �cache
local
(C) + �transient (C) remaining well

below �Ĉ − X . When a transient spike occurs (the center of the
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�gure), �transient (C) rises sharply, and the allocator must reduce

�cache
local
(C) to maintain the invariant.

6.1.2 Eviction and Promotion Protocol. When �transient (C) rises

and threatens to violate (9), the allocator proceeds through four

phases, corresponding to the transition visible in the center of

Figure 4:

(1) Pressure detection. The allocator periodically samples OS allo-

cator statistics (e.g., jemalloc active bytes) and process RSS. A

pressure event �res when �cache
local
(C) + �transient (C) > �L − X .

(2) Local-to-remote eviction. Victim blocks are selected from the

local cache via the standard replacement policy (LRU/Clock)

and written to the remote memory pool via one-sided RDMA

WRITE. The cache index is updated in place: each evicted entry

records its remote address and RDMA rkey. In the �gure, this

phase corresponds to the shrinkage of the blue region and the

simultaneous growth of the yellow region.

(3) Remote-tier serving. Subsequent lookups for evicted blocks

are served via RDMA READ at microsecond-scale latency, rather

than falling through to millisecond-scale disk I/O. The uni�ed

hash-table index transparently redirects lookups to the remote

tier, so upper layers of the query engine are unaware of the tier

change.

(4) Promotion on pressure relief.When �transient (C) drops (the

right-hand recovery in Figure 4), frequently accessed remote-

resident blocks are promoted back to local DRAM via RDMA

READ, restoring full local-memory performance. The local cache

expands and the remote cache contracts, returning to the steady-

state con�guration.

If a tenant’s remote quota is exhausted (not yet observed in

production, since PACE auto-scales), the Memory Allocator spills

victims directly to local SSD and marks them disk-resident; quo-

tas sized at 3–5× peak borrowing and the borrowing-ratio bound

(Eq. (4)) keep this path rare.

Compared with naïve alternatives—proactively shrinking the

cache or evicting to disk—this mechanism provides three advan-

tages: (1) elastic headroom: the PACE pool auto-scales with demand,

so remote capacity is provisioned generously and has never been

exhausted in production; (2) graceful degradation with cheaper evic-

tion: compared with reactive cache shrinking, which must syn-

chronously evict entries, tear down refcounts, and invoke allocator-

level reclamation on the critical path (tens of `s of work that further

contends with query threads on the same cores), an RDMA WRITE

to remote memory completes in 2–5 `s on a one-sided, CPU-bypass

path—strictly cheaper on the allocation-pressure path. Spilling to

local SSD costs ∼100 `s per block and drops the spilled data out

of the microsecond tier. Evicting to remote memory is therefore

both the fastest eviction target and the one that keeps spilled blocks

addressable at microsecond latency rather than dropping them to

the disk tier—cache e�ectiveness degrades smoothly instead of col-

lapsing; (3) enlarged e�ective cache: the total cache (�cache
local

+�cache
remote)

exceeds local DRAM, bene�ting steady-state performance without

wasting local memory on idle headroom. As visible in Figure 4, the

combined blue and yellow regions always exceed the local DRAM

capacity line, meaning the system maintains a larger e�ective cache

than what local memory alone could provide.

6.2 Optimized Data Placement across Local and
Remote Cache

Section 6.1 determines how much data moves between tiers; this

subsection determines which data should preferentially stay local

and which can tolerate remote placement.

The block cache holds three types of blocks from SST �les: Data

Blocks, Index Blocks, and Filter Blocks (See Section 2.3 for

more details).

Index and Filter blocks gate the lookup path: a miss on either

triggers additional I/O before the target data can be read. A few

extra microseconds of remote-memory latency on a Data Block is

far less costly than the cascading I/O caused by a metadata miss. Yet

under a uni�ed eviction policy, bulky Data Blocks dominate the

cache footprint and evict metadata, causing metadata thrashing—a

sharp rise in random I/O per lookup and a sudden performance

cli�.

We enforce a maximum fraction of the local cache that Data

Blocksmay occupy, controlled by a parameter data_block_max_ratio

A ∈ (0, 1). Let � be the total local primary cache capacity: �data ≤

A ·� , where�data is the current local cache footprint of Data Blocks.

The remaining budget (1−A )·� is reserved for Index/Filter blocks

and other metadata.

• Index/Filter blocks are admitted to the local cache with higher

priority. They are evicted only when the metadata region itself

is full, following the standard replacement policy within that

region.

• When a Data Block insertionwould violate�data ≤ A ·� , eviction

is performed within the data-block region only; metadata blocks

are never evicted to accommodate data blocks.

• Data blocks evicted under the cap are placed in the remote cache

region, remaining accessible at RDMA latency rather than being

dropped to disk.

This layered design ensures that the Memory Allocator makes

database-aware decisions: the engine’s knowledge of block types

and their latency sensitivity directly governs which data resides in

fast local DRAM, which in elastic remote memory, and which falls

through to disk.

7 EVALUATION

7.1 End-to-end Evaluation

To evaluate the integrated system in a production setting, we de-

ployed Narwhal on an AnalyticDB cluster and collected metrics

over a 7-day window. Figure 5(a) shows the dynamic interaction

between local and remote memory. When a pod’s local memory

is insu�cient, it borrows from the remote pool via RDMA; the

scheduler then reallocates local capacity to restore normal oper-

ation. Narwhal raises the memory overselling rate from 92.67%

to 121.89% and node utilization from 78.16% to 96.63%, with the

average remote-borrowing ratio per pod at 1.63% of total memory

usage (max 2.90%), keeping performance degradation negligible.

Figure 5(b) reports PACE-side metrics from a production instance

that was deliberately selected for its heavy remote memory usage.

A clear diurnal pattern is visible: write throughput peaks during

nightly batch ingestion periods each day, and PACE remote mem-

ory allocation rises correspondingly to absorb the transient write

4474



(a) Local and remote memory capacity and usage over time.

(b) PACE allocation, write throughput, write

SQL mean RT, and query RT over a 7-day pro-

duction window.

Figure 5: End-to-end production evaluation.

pressure. Despite these periodic load surges, write SQL mean re-

sponse time remains stable in the single-digit millisecond range,

and query response time stays within tens of milliseconds. This con-

�rms that PACE sustains low-latency remote memory access under

real production workload dynamics without introducing noticeable

performance jitter.

7.2 Schedule

We conducted experiments using pod runtime data from a speci�c

region of the AnalyticDB production environment. In the experi-

ments, we used 14 days of runtime data from 800+ pods in a speci�c

region of the online environment to simulate our algorithm and

compared it with four overselling algorithms: no memory over-

selling, �xed 120% overselling rate, sliding window, and Eigen+ [25].

We compared our algorithm with four other overselling algo-

rithms: no memory overselling (BASE), �xed 120% overselling rate

(FIXED), slidingwindow (SW ), which is representative of prediction-

driven approaches widely adopted in production systems such as

Google Autopilot[34], and Eigen+ [25], the closest prior work on

databasememory oversubscription. As shown in Figure 6, compared

to SW, our algorithm improves single-node memory overselling

by up to 21% and the average by 4%; although SW’s overselling

rate is close to ours, up to 10 nodes experience OOM for 6% of

the total time, and FIXED encounters OOM almost continuously.

Against Eigen+—which treats each machine as a closed bin with

a hard memory ceiling—Narwhal achieves a 15% higher oversub-

scription ratio while requiring remote capacity of only ∼half the

local DRAM footprint and keeping the realized remote-borrowing

ratio within the policy bound nĭ = 2% (consistent with the 1.63%

independently measured in §7.1), transforming hard OOM failures

into soft overload absorbed by remote memory.

7.3 Multi-tenant

We evaluate Narwhal’s multi-tenant performance and security

across four dimensions. For latency and bandwidth, we compare

Narwhal, PACE, and cloud disk under varying client counts and

concurrency levels. As shown in Figure 7a, Narwhal’s read/write

latency is 47%–76% lower than cloud disk, and Figure 7b shows cor-

responding bandwidth improvements. For multi-tenant overhead,

as shown in Figure 7c, Narwhal’s latency is essentially on par with

PACE under various client numbers and concurrency levels, and in

some scenarios, it performs even better than PACE, indicating that

the multi-tenancy feature has a negligible impact on latency. We

also tested latency variation with the number of clients, shown in

Figure 7d. As the number of clients increases, Narwhal’s average

latency does not increase signi�cantly, showing that PD isolation,

WFQ, and bandwidth throttling mitigate bandwidth-related noisy-

neighbor interference; on-NICmicroarchitectural contention [17] is

only partially addressed at the tra�c-shaping layer, but the closed,

operator-controlled storage-kernel verb path (Section 5.3) is the

primary mitigation that prevents the adversarial premise from ap-

plying, with the 1.63% remote-borrowing ratio measured in §7.1

serving as a supporting (not load-bearing) margin. For isolation

under skewed tenant load, we measure small-request latency while

competing tenants generate skewed elephant �ows at increasing

aggregate bandwidth up to 100Gbps NIC saturation. As shown

in Figure 7e, latency remains essentially unchanged across the

entire pressure range (Avg CV = 1.89%), attributable to QP-level

hardware isolation and HPCC-RTT congestion control preventing

queue buildup.

For security, we issue 100,000 cross-access attempts by 32 clients

bound 1-to-1 to 32 tenants (90,000 unauthorized, 10,000 legitimate);

all unauthorized accesses are rejected by PACE and all legitimate

ones succeed.

7.4 Performance

We present two micro-benchmarks validating Narwhal’s core

performance.

7.4.1 Cache-Size Sensitivity Under Skewed Access. We load a TPC-

H lineitem subset into AnalyticDB, using all columns as the com-

posite primary key to exercise the full index–�lter–data lookup

path, with record access probabilities drawn from an exponential

distribution to induce pronounced temporal locality. We sweep the

local block cache capacity from 400 × 103 (full size) down to near

zero, and measure cache hit ratio, mean/median query latency (`s),

p75, and p99.9 tail.

Figure 8 shows three regimes as cache shrinks: a stable region

(≥ 200 × 103, hit ratio ≥0.9, �at latencies), a graceful degradation

region (50–200 × 103, hit ratio declining 0.9 → 0.4, latency up

<30%), and a collapse region (< 50 × 103, hit ratio near zero, tail

latencies spike). Thus a substantial fraction of local cache can be

o�oaded to the remote tier without crossing into collapse, provided
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(a) Memory Overselling Rate Over Time (b) OOM Nodes Over Time (c) CPU Overselling Rate Over Time

(d) Memory overselling rate (e) OOM (f) CPU Overselling Rate (g) Average Node Count

Figure 6: Comparison of �ve algorithms

(a) Read and write latency vs. cloud disk (b) Bandwidth comparison vs. cloud disk

(c) Single-tenant vs. multi-tenant PACE la-

tency (d) Latency variation with number of clients (e) Latency under skewed elephant �ows

Figure 7: Performance comparison of single-tenant PACE, multi-tenant PACE, and cloud disk.

access locality is present. Real AnalyticDB workloads exhibit even

stronger locality than the synthetic exponential model (index/�lter

blocks form 1:N hot spots; partition-aligned ingestion concentrates

data-block accesses), so this experiment is a conservative lower

bound on the locality headroom.

7.4.2 Type-Aware Placement and the Data-Block Cap. We use the

same TPC-H lineitem ingestion but draw queries uniformly to

eliminate locality.We vary the data-block cap ratio A ∈ {0.1, 0.55, 1.0}—

the maximum fraction of L1 cache that Data Blocks may occupy

(Section 6.2; A = 1.0 is the type-oblivious baseline)—and sweep total

L1 size from 50 × 103 to 400 × 103.

Figure 9 presents the six metrics; three observations follow.

Index hit rate and the performance cli�. With A = 1.0 (no cap,

bottom-left panel), index-block hit ratio saturates at ∼65% even at

the largest cache size because bulky Data Blocks continuously

evict index entries. Setting A = 0.1 drives index hit ratio to 100%

already at ≈ 150 × 103, roughly 2× earlier than A = 0.55—the

metadata thrashing pathology of Section 6.2.

Throughput and latency. At small-to-medium cache sizes (<

200 × 103), A = 0.1 sustains ∼10–20k more ops/s than A = 1.0

with lower mean/p50 latency, because a saturated index hit ratio

eliminates metadata-induced disk I/O and outweighs the lower

data-block hit rate.

Trade-o� at large cache sizes. At ≥ 350 × 103, A = 0.55 is best:

the cache now holds all index/�lter blocks regardless of the cap, so

a higher data-block quota additionally improves data hit rate. Thus

A should track the cache budget; the o�ine scheduler (Section 4.2.2)

can update A jointly with @Lĭ .

8 RELATED WORKS

8.1 RDMA-Based Data Systems

A substantial body of work redesigns databases, key-value stores,

and indexes around RDMA. FaRM [8], DrTM [45], and FORD [27]
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Figure 8: Data access performance under di�erent cache size.

Figure 9: Data access performance under di�erent cacheman-

agement policies.

build distributed transactions over one-sided RDMA (FaRM/FORD)

or combine RDMA with HTM (DrTM). Pilaf [30], FaSST [16], and

HERD [14] span the design space of RDMA key-value stores, trad-

ing o� one-sided reads, two-sided messaging, and hybrid server-

side processing. GAM [5] and Clover [47] propose coherent global

address spaces and metadata–data disaggregation, respectively.

RDMA-optimized indexes include Sherman [44], Mira [13], and

ROLEX [50].

All of these target single-tenant trusted clusters and redesign the

full data path around RDMA. Narwhal instead operates in a multi-

tenant cloud environment requiring hardware-enforced isolation

(Section 5.2) and per-tenant QoS (Section 5.3), and integrates remote

memory as an elastic cache tier within an existing OLAP engine to

minimize adoption cost.

8.2 Remote Memory Management

In�niswap [11], Fastswap [1], and Leap [28] expose remote DRAM

as an OS-level swap device with increasingly sophisticated kernel

integration and prefetching; Carbink [55] adds erasure-coded fault

tolerance. At the pooling level, Spirit [23], Pond [12], Canvas [42],

TPP [29], and DirectCXL [10] explore page-coherent, CXL-based,

or hybrid RDMA/CXL abstractions.

These systems maximize compatibility by being transparent to

applications but treat memory as semantically opaque. In contrast,

Narwhal’s Memory Allocator (Section 6) leverages the database

engine’s knowledge of block types and access patterns to keep

latency-critical metadata local and sink tolerant data blocks to

remote memory.

8.3 Multi-Tenant Isolation in Disaggregated
Memory

Multi-tenant isolation in RDMA-based memory pools remains un-

derexplored. 1RMA [37] re-envisions remote memory access for

multi-tenant datacenters by introducing a newRDMAprimitive that

decouples naming from protection, enabling �exible sharing poli-

cies; however, it requires custom NIC hardware modi�cations not

yet available on commodity RNICs. TDMem [46] provides trusted

disaggregated memory with hardware-assisted encryption and ac-

cess control trusted execution environments (TEEs), but targets

security rather than performance isolation and QoS among data-

base tenants. PolarDB Serverless [52] and PolarDB-MP [53] sepa-

rate compute from shared memory or storage in a cloud database

context; they provide instance-level isolation but are too coarse to

protect workers within the same instance competing for shared

remote memory.

Narwhal occupies a unique point in this design space: it pro-

vides hardware-enforced tenant isolation via standard RDMA Pro-

tection Domains on commodity NICs (Section 5.2), layered with

per-tenant memory quotas, weighted fair queuing, and bandwidth

throttling (Section 5.3)—all integrated with a database-aware mem-

ory allocator and a joint resource scheduler. To our knowledge,

Narwhal is the �rst system to combine all three properties (hard-

ware isolation, application-aware placement, and joint scheduling)

for multi-tenant analytical databases over RDMA-disaggregated

memory.

9 CONCLUSION

In this paper, we presented Narwhal, an RDMA-co-designed an-

alytical database that overcomes the rigid per-machine memory

boundary in multi-tenant OLAP environments. It combines a joint

scheduler, hardware-enforced tenant isolation via RDMA Protec-

tion Domains, and a database-aware three-tier memory allocator.

Deployed in production on Alibaba AnalyticDB, Narwhal elimi-

nates OOM incidents, reduces TCO by 21.54%, and boosts memory

overselling from 92.67% to 121.89% (+29.22)—without database mi-

gration or SLO degradation.
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