
exhibit different physical properties.3 
For example, hard disks, SSD and PCM 
are non-volatile, and DRAM, cache, 
and registers are volatile. Hard disks 
and SSD are block-addressable, while 
others are byte-addressable. SSD and 
PCM suffer from the endurance with 
limited writes. These two-level differ-
ent requirements, like a hamburger, 
introduce the high memory overhead, 
which means that to support program 
execution in memory, we need to con-
sume extra costs for data movements 
and energy consumption, as well as 
high-security risks.1 To alleviate high 
memory overhead, we build big memo-
ry that not only provides large capacity 

C
O N V E N T I O N A L  M E M O R Y 

S C H E M E S  follow the Pareto 
Principle, in which approxi-
mately maintaining 20% 
hot data can meet 80% of re-

quests. Large-scale applications, such 
as generative AI, recommendation 
systems, big data, and HPC systems, 
require large-capacity and high-speed 
memory and are changing the power-
law locality, which necessitate the 
support of Big Memory. Big Memory 
is a transformative memory-centric 
system that consolidates massive and 
heterogeneous memory resources into 
a unified and shared address space, 
delivering near-DRAM latency and per-
sistence at a terabyte-to-petabyte scale. 
This paradigm mitigates traditional 
I/O bottlenecks, simplifies data place-
ment and programming models, and 
unlocks unprecedented scalability. 

Memory is one of the most con-
tended hardware resources and often 
becomes the performance bottleneck 
in the I/O critical path that connects 
computing with storage. Due to lim-
ited memory capacity, more appli-
cations have to explore and exploit 
the memory beyond traditional lo-
cal main memory, including empty 
memory on remote servers, and dis-
aggregated memory in a memory 
pool.7 This non-local far memory can 
expand memory size and avoid mem-
ory stranding. Since far memory is 
much slower than local memory, ex-
isting systems leverage local memory 
as a cache by transparently swapping 

memory pages between local and far 
memory, which unfortunately causes 
read or write amplification.

To deliver high performance and 
achieve cost-efficiency, we need to care-
fully consider memory overhead that 
comes from the differential require-
ments of high-level applications and 
low-level devices. Specifically, high-
level applications generally include 
peer-to-peer, blockchain, artificial 
intelligence, computability storage, 
and so forth. Different storage appli-
cations exhibit different needs and 
access patterns. On the other hand, 
the low-level devices become heteroge-
neous and highly hierarchical, which 

Opinion 
The Golden Rule of Big Memory: 
Persistence Is Not Harmful
Seeking a transformative memory scheme that grows  
in performance and capacity as the infrastructure expands.
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but also supports fast persistence. The 
persistence guarantees a complete life-
time for data to be finally written into 
non-volatile devices via protocol buf-
fers or checkpoints.2 Since most opera-
tions can be executed and completed 
within the big memory, we significant-
ly reduce data movements through the 
memory and storage hierarchy.

In this hierarchical architecture, 
modern networking technologies 
such as RDMA and CXL are erasing 
the boundaries between memory and 
storage, turning distributed resources 
into a seamless, low-latency memory 
fabric. CXL enables elastic, high-speed 
memory pooling across servers at 
near-DRAM speed, whereas RDMA fa-
cilitates efficient data transfers by by-
passing CPU and software overheads. 
Instead of slow block storage, systems 
now operate on byte-addressable 
memory, where persistence is a prop-
erty. Traditional cache, DRAM, and 
disk hierarchies become inefficient, 
thus replacing them with a scalable 
network-spanning memory system 
that grows in performance and capac-
ity as the infrastructure expands.

The transformation of convention-
al memory into big memory systems 
leverages both vertical and horizontal 
extensions to existing memory hier-
archies. Vertically, this expansion en-
ables each node to host significantly 
larger datasets by increasing memory 
capacity and delivering high perfor-
mance within a flattened hierarchy 
that coalesces traditional memory 
and storage tiers into a unified, high-
speed access layer. Horizontally, the 
architecture scales out across distrib-
uted systems, integrating multiple 
nodes into a pool that collectively 
provides massive, scalable memory 
resources while maintaining efficient 
data access and coherence across the 
entire system. More data is aggregated 
together via atomic operation guaran-
tee, which actually coalesces the cen-
tral and distributed designs. Hence, 
by leveraging the vertical and horizon-
tal ways, we build a big computer, as 
shown in Figure 1.

The foundational rationale for this 
architecture stems from the influen-
tial methodology of “the computer as 
a network.” This perspective draws a 
structural analogy between tradition-
al computer hierarchy, which com-

prises low-level storage, intermediate 
memory, and high-level CPUs, and 
networked systems, where analogous 
roles are fulfilled by remote cloud re-
sources, adjacent edge nodes, and 
end-user clients, respectively. This 
conceptual mapping allows for the 
application of well-understood net-
work principles to the design of inte-
grated computing systems, thereby 
enabling more scalable, efficient, and 
flexible resource orchestration across 
localized and distributed environ-
ments. In the context of a big comput-
er, these items share some similari-
ties. The long-latency storage seems 
like a remote cloud, the high-speed 
memory is like an adjacent edge, and 
the computing units are like clients 
that generate data. After being gener-
ated from clients/CPUs, data will be 
instantaneously transmitted to the 
close-by edges/memory, and consume 
a long latency to arrive at the remote 
clouds/storage.

This methodology can be imple-
mented via existing devices. For exam-
ple, non-volatile devices offer about 
TB-scale memory capacity, which can 
be considered a vertical extension. 
Moreover, from the horizontal view, 
RDMA and CXL protocols support 
memory and cache coherence.7 The 

Figure 1. Big computer coalesces the 
memory and storage, and the central and 
distributed schemes.
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The foundational 
rationale for this 
architecture stems 
from the influential 
methodology of 
“the computer as a 
network.”
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The Golden Rule
We believe that persistence is the Gold-
en Rule of Big Memory systems. Con-
temporary big memory architectures 
have fundamentally reimagined data 
persistence, transforming it from a 
system constraint into a powerful per-
formance enabler. This shift is driven 
by hardware-optimized approaches. 
Specifically, speculative persistence 
employs parallel RDMA replication to 
maintain multiple synchronized cop-
ies across nodes, enabling non-block-
ing durable operations. Deterministic 
persistence leverages CXL-connected 
NVM with efficient cache manage-
ment to deliver memory-tier durability 
without traditional storage penalties. 
The result is a paradigm where per-
sistence accelerates rather than hin-
ders operations. In-memory databases 
achieve instant commits, machine 
learning systems maintain seamless 
checkpoints and distributed applica-
tions preserve consistency at memory 
speeds. By merging the performance 
of volatile memory with the reliabil-
ity of persistent storage, this advance-
ment is reshaping the foundation of 
memory-centric computing.

A case in point comes from an in-
sight that both Von Neumann and 
non-Von Neumann architectures need 
to guarantee the persistence. In prac-
tice, the memory/storage hierarchy 
in the Von Neumann architecture is 
a multi-level subset model, which in-
cludes disks, SSD, PCM, DRAM, L1/L2/
L3 caches, and registers. In this subset 
model, the devices in the lower levels 
contain the data in the higher ones. 
All data needs to be written into per-
sistent devices. On the other hand, for 
non-Von Neumann architecture, per-
sistence still plays an important role. 
A typical workflow in the memristors 
needs to compute the input vector in 

big computer hence achieves persis-
tence in both vertical and horizontal 
extensions. A program in a big com-
puter can be atomically executed in 
an end-to-end way, whether from CPU 
to non-volatile devices or from clients 
to clouds.

Understanding the ‘Big’
In the context of big memory, we need 
to clarify the BIG, which is also the es-
sential difference between big mem-
ory and traditional one. To fully un-
derstand the mentioned BIG, we first 
discuss other related BIG terms in the 
research community. Specifically, the 
difference between data and big data 
is the well-known Vs, including vol-
ume, velocity, variety, veracity, and val-
ue. Moreover, the difference between 
a model and a big model comes from 
algorithms, data, and computation. 
Compared with a chip, the big chip 
needs to consider the programmable, 
scalable, highly available, and adap-
tive properties. The salient feature be-
hind BIGs is their Golden Rule.

The transition from conventional 
memory to “big memory” necessitates 
a clear understanding of their fun-
damental differences and the estab-
lishment of a guiding principle, that 
is, the “Golden Rule of Big Memory.” 
Vertically, this evolution signifies not 
only an expansion in capacity but also 
an extension in effective access dis-
tance, moving beyond local DRAM to 
incorporate broader hierarchies. Hori-
zontally, it introduces immense scal-
ing complexity in distributed systems 
deploying numerous GPUs for large 
model training. In such environments, 
horizontal scaling often relies on dis-
tributed shared memory to temporar-
ily maintain intermediate results as 
replicas in remote volatile memory, 
offering probabilistic persistence but 
posing high risks of data loss. Without 
robust persistence guarantee, these 
volatile checkpoints consume exces-
sive memory space and incur substan-
tial broadcast overhead for synchroni-
zation and recovery.5 This problem is 
exemplified by large language models, 
whose checkpoint states reach tera-
byte scales, which far surpasses the 
capacity of individual GPU memories. 
This leads to significant performance 
degradation when remote GPUs can-
not host entire checkpoints.

the matrix and the result is a new vec-
tor that is volatile. By using extra op-
erations, the new vector can be finally 
persisted in the non-volatile devices. 
Hence, both Von Neumann and non-
Von Neumann architectures follow the 
persistence principle.

There exist some non-persistence 
operations in conventional systems, 
for example, replicating data into the 
DRAMs across servers or writing data 
in a batch through a cache/memory/
storage hierarchy. These operations of-
ten cause misleading the understand-
ing that persistence is harmful to high 
performance, which is actually not. To 
avoid the high overheads of rereading 
or recomputing the lost data, systems 
persist data but suffer from the huge 
gap between high-speed memory and 
low-speed disks. Many efforts have to 
be put into maintaining data in a vol-
atile manner, which is vulnerable to 
just one system crash or failure. This 
awkward situation can be efficiently 
addressed using the big memory that 
offers large-size non-volatility with a 
shortened critical path. For example, 
eADR (extended Asynchronous DRAM 
Refresh) offers persistence for in-cache 
data and guarantees to flush them into 
non-volatile devices in case of system 
crash or failure. Hence, the number of 
flushing data is significantly reduced 
even during normal system execu-
tion. Systems thus deliver high perfor-
mance with the aid of persistence.

Conventional computing systems 
operate on a heterogeneous hierarchy: 
fast, byte-addressable, volatile main 
memory, and slow, block-addressable, 
non-volatile storage. This separa-
tion necessitates data to migrate fre-
quently and expensively between the 
two tiers to achieve persistence, which 
not only introduces significant perfor-
mance overheads due to constant data 
swapping but also amplifies the risk of 
consistency bugs. Persistence needs 
to be guaranteed by storing states and 
data in non-volatile storage devices. 
A program hence transfers states and 
data to and from storage devices via an 
I/O bus, which is supported by leverag-
ing specific instructions in a program. 
Persistence is important to deal with 
system failure and power down with-
out data loss.

Persistent memory9 fundamentally 
rearchitects data persistence by merg-

Persistence needs 
to be guaranteed by 
storing states and 
data in non-volatile 
storage devices.
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tees that data residing in multi-level 
CPU caches are persisted. To address 
the volatility of registers, which re-
main beyond the reach of capacitor-
based flushing mechanisms, systems 
employ frequent and expensive check-
pointing techniques to capture com-
putational states.8 Consequently, the 
entire hierarchy, from computational 
registers to large-scale persistent 
memory, now supports end-to-end 
persistence, enabling not only near-
instantaneous recovery and simpli-
fied programming models but also 
a substantial expansion of effective 
memory capacity available for persis-
tent operations.

Full-stack persistence requires the 
support from non-volatile devices and 
periodic checkpointing to facilitate 
fast recovery from system crashes or 
power failures. Although this hierar-
chy supports full-stack persistence, 
the implementations are different. 
For persistent memory, persistence 
can be naturally obtained due to its 
physical features. However, the mem-
ory controller and multi-level caches, 
which are volatile, require extra power 
to flush data into non-volatile devic-
es, called moving persistence. Since 
data move via the I/O bus, there exist 
security issues due to bus snooping. 
These problems can be addressed by 
efficiently coordinating the hierarchy, 
capacity, and operations for high per-
formance and strong security, thus 
achieving a suitable trade-off between 
performance and security.

For large-scale distributed systems, 
we conventionally leverage IP protocol 
to connect the hard disks in multiple 
nodes. RDMA is further used to ag-
gregate memory resources together. 
CXL can achieve the cache coherence.4 
These designs allow the processing 
boundary to move up and more opera-
tions can be completed in the higher 
levels. Since data need to be finally 
written into non-volatile devices, the 
end-to-end critical path can be signifi-
cantly shortened. We hence achieve 
the savings of data movements and 
decrease energy consumption, as well 
as alleviating bus conflicts and side-
channel attacks.

Quantitative Validation
To demonstrate the real-world impact 
of persistence, we select our state-of-

techniques to capture and guarantee 
the persistence of full-stack architec-
tural states, ensuring comprehensive 
recovery integrity across the entire hi-
erarchy.

Full-Stack and Moving Persistence
As shown in Figure 2, achieving full-
stack persistence across the entire 
memory hierarchy represents a para-
digm shift in system design, fun-
damentally moving the persistence 
boundary from the traditional in-
terface between SSDs and DRAM di-
rectly into CPU. This transformation 
is enabled through a combination of 
hardware and software mechanisms. 
Persistent memory provides founda-
tional data persistence at scale due 
to its inherent non-volatile physical 
properties. ADR ensures that data 
within the memory controller are 
flushed to non-volatile media during 
power events. eADR further guaran-

ing memory and storage into a single 
tier, offering DRAM-like performance 
with disk-like non-volatility through 
a unified, flat address space. This de-
sign allows applications to maintain 
consistent states directly in memory 
and flush them to non-volatile media 
in batches,6 reducing the costly data 
movements while simultaneously 
avoiding security vulnerabilities asso-
ciated with bus snooping. The flat ad-
dressing model simplifies error-prone 
persistence logic, enables near-in-
stantaneous recovery, and permits di-
rect manipulation of persistent data. 
However, while technologies like 
eADR ensure the persistence of data 
residing in multi-level CPU caches, 
data within registers remain vulner-
able to power loss, as onboard power 
capacitors cannot efficiently flush 
register contents to non-volatile me-
dia. To address this limitation, mod-
ern systems employ checkpointing 

Figure 2. The full-stack and moving persistence.
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Table. Quantitative performance comparisons in terms of multiple metrics.

Applications
Metrics

Throughput
Memory  

Overhead
Operation Latency

Examples

Non-Persistent 
Memory

Standard 1 1 1

Transactions
Motor[OSDI 24] 2.15 0.57 N/A

SiLo[HPCA 23] 3.63 0.24 N/A

Indexing

DALdex[ICS 25] 2.66 0.61 N/A

Level[OSDI 18] N/A N/A 0.42(Insert)/0.51(Update)

LightCheck[ICCD 23] N/A 0.62 0.07(Recovery)

FINEdex[VLDB 22] 2.26 0.05 N/A

Security
STAR[HPCA 21] N/A N/A 0.35 (Write)

Secon[DAC 22] 1.95 N/A N/A

54    COMMUNICATIONS OF THE ACM   |   MAY 2026  |   VOL.  69  |   NO.  5

opinion



and large-scale graph processing. Da-
tabases benefit from NVM-optimized 
designs that support instant recovery 
and high-speed transactions, while 
scientific computing leverages big 
memory for in-situ visualization and 
simulations. Edge and cloud comput-
ing can adopt memory-as-a-service 
(MaaS) models for dynamic resource 
allocation. Modern networking tech-
nologies are flattening memory and 
storage hierarchy, creating a seam-
less, low-latency memory fabric. This 
evolution enables byte-addressable 
persistence, replacing traditional 
storage hierarchies with scalable, 
network-spanning memory systems. 
As research progresses, the focus 
remains on hardware-software co-
design, intelligent memory manage-
ment, and expanding use cases in 
emerging fields, thus paving the way 
for transformative paradigms. 
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the-art designs and real implementa-
tions for persistent memory, which 
provide detailed comparisons with 
standard non-persistent memory 
systems (that is, conventional DRAM-
based systems). As shown in the ac-
companying table, the widely used 
evaluation metrics include through-
put, memory overhead, and typical 
operation latency. The comparisons 
leverage various workloads from 
real-world applications and large-
scale benchmarks. These workloads 
exhibit the typical patterns of exist-
ing and emerging applications in the 
context of big memory. We mainly 
show the average values due to space 
limitation. More details about con-
figurations can be found in the ex-
periments of our original papers. 
Moreover, applications consist of 
transactions, indexing, and security, 
which are widely used and well rec-
ognized in the memory community. 
Due to the heterogeneity of these ap-
plications, we present the evaluation 
results normalized to non-persistent 
memory to demonstrate the strength 
of persistence.

Persistent memory systems achieve 
significant performance improve-
ments in all evaluation metrics. Spe-
cifically, in terms of throughput, the 
persistent systems achieve almost two 
times improvements compared with 
the non-persistent ones. The memory 
space can be significantly saved in 
most applications. Furthermore, the 
typical operations decrease the laten-
cy in the persistent memory systems. 
The main reason comes from the 
fact that the persistence guarantees 
consistency, integrity and reliabil-
ity, which essentially decrease system 
overheads and avoid extra costs, such 
as frequent data movements and CPU/
memory instructions.

Shaping the Future
Big memory systems, leveraging tech-
nologies like persistent memory, 
large-scale DRAM, and disaggregated 
memory architectures, have trans-
formed data-intensive computing by 
enabling faster access to vast datasets. 
However, significant challenges re-
main in ensuring efficient and reliable 
operations. Crash consistency and du-
rability in big memory systems pose a 
key challenge, since balancing perfor-

mance with correctness is non-trivial. 
Memory disaggregation introduces 
latency and contention issues, while 
security concerns such as persistent 
memory vulnerabilities and secure 
memory sharing in distributed setups 
require further exploration. Moreover, 
programmability is still difficult, since 
developers lack universal models for 
managing big memory systems, and 
debugging persistent applications is 
still complex. Addressing these chal-
lenges is crucial for advancing big 
memory adoption.

To overcome these challenges, 
hardware and software innovations 
are essential. Hardware advance-
ments, such as CXL 3.0+ for improved 
memory pooling and near-memory 
processing to minimize data move-
ment, could significantly boost per-
formance. On the software side, per-
sistent memory-aware file systems, 
lightweight checkpointing mecha-
nisms, and machine learning-driven 
memory tiering could optimize data 
placement across DRAM and NVM. 
Distributed coherence protocols and 
hardware-accelerated RDMA persis-
tence mechanisms are also needed to 
ensure efficient memory sharing in 
disaggregated environments. Multi-
tier memory techniques are narrow-
ing performance gaps and enabling 
scalable, cost-effective memory sys-
tems. CXL, in particular, seamlessly 
integrates persistent memory, GPUs, 
and accelerators, allowing direct 
memory access and improving system 
scalability.

Beyond technical improvements, 
big memory systems unlock novel ap-
plications across various domains. In 
AI and real-time analytics, they enable 
in-memory machine learning training 

Beyond technical 
improvements, big 
memory systems 
unlock novel 
applications across 
various domains.
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