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ABSTRACT

The ever-growing demands for memory with larger capacity and
higher bandwidth have driven recent innovations on memory ex-
pansion and disaggregation technologies based on Compute eX-
press Link (CXL). Especially, CXL-based memory expansion tech-
nology has recently gained notable attention for its ability not
only to economically expand memory capacity and bandwidth but
also to decouple memory technologies from a specific memory
interface of the CPU. However, since CXL memory devices have
not been widely available, they have been emulated using DDR
memory in a remote NUMA node. In this paper, for the first time,
we comprehensively evaluate a true CXL-ready system based on
the latest 4™ -generation Intel Xeon CPU with three CXL memory
devices from different manufacturers. Specifically, we run a set of
microbenchmarks not only to compare the performance of true CXL
memory with that of emulated CXL memory but also to analyze
the complex interplay between the CPU and CXL memory in depth.
This reveals important differences between emulated CXL memory
and true CXL memory, some of which will compel researchers to
revisit the analyses and proposals from recent work. Next, we iden-
tify opportunities for memory-bandwidth-intensive applications
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to benefit from the use of CXL memory. Lastly, we propose a CXL-
memory-aware dynamic page allocation policy, Caption to more
efficiently use CXL memory as a bandwidth expander. We demon-
strate that Caption can automatically converge to an empirically
favorable percentage of pages allocated to CXL memory, which
improves the performance of memory-bandwidth-intensive appli-
cations by up to 24% when compared to the default page allocation
policy designed for traditional NUMA systems.
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1 INTRODUCTION

Emerging applications have demanded memory with even larger
capacity and higher bandwidth at lower power consumption. How-
ever, as the current memory technologies have almost reached their
scaling limits, it has become more challenging to meet these de-
mands cost-efficiently. Especially, when focusing on the memory
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Figure 1: CXL memory module architecture.

interface technology, we observe that DDR5 requires 288 pins per
channel [44], making it more expensive to increase the number
of channels for higher bandwidth under the CPU’s package pin
constraint. Besides, various signaling challenges in high-speed par-
allel interfaces, such as DDR, make it harder to further increase
the rate of data transfers. This results in super-linearly increasing
energy consumption per bit transfer [55] and reducing the number
of memory modules (DIMMs) per channel to one for the maximum
bandwidth [33]. As the capacity and bandwidth of memory are
functions of the number of channels per CPU package, the number
of DIMMs per channel, and the rate of bit transfers per channel,
DDR has already shown its limited bandwidth and capacity scala-
bility. This calls for alternative memory interface technologies and
memory subsystem architectures.

Among them, Compute eXpress Link (CXL) [73] has emerged
as one of the most promising memory interface technologies. CXL
is an open standard developed through a joint effort by major
hardware manufacturers and hyperscalers. As CXL is built on the
standard PCle, which is a serial interface technology, it can offer
much higher bit-transfer rates per pin (e.g., PCle 4.0: 16 Gbps/lane
vs. DDR4-3200: 3.2 Gbps/pin) and consumes lower energy per bit
transfer (e.g., PCle 4.0: 6 pJ/bit [75] vs. DDR4: 22 p]/bit [56]), but at
the cost of much longer link latency (e.g., PCle 4.0: ~40 ns [73] vs.
DDR4: <1 ns [15]). Compared to PCle, CXL implements additional
features that enable the CPU to communicate with devices and their
attached memory in a cache-coherent fashion using load and store
instructions. Figure 1 illustrates a CXL memory device consisting
of a CXL controller and memory devices. Consuming ~3X fewer
pins than DDR5, a CXL memory device based on PCle 5.0 X8 may
expand memory capacity and bandwidth of systems cost-efficiently.
Furthermore, with the CXL controller between the CPU and mem-
ory devices, CXL decouples memory technologies from a specific
memory interface technology supported by the CPU. This grants
memory manufacturers unprecedented flexibility in designing and
optimizing their memory devices. Besides, by employing retimers
and switches, a CPU with CXL support can easily access memory in
remote nodes with lower latency than traditional network interface
technologies like RDMA, efficiently facilitating memory disaggre-
gation. These advantages position memory-related extension as
one of the primary target use cases for CXL [25, 32, 65, 67], and
major hardware manufacturers have announced CXL support in
their product roadmaps [4, 25, 35, 65, 67].

Given its promising vision, CXL memory has recently attracted
significant attention with active investigation for datacenter-scale
deployment [59, 64]. Unfortunately, due to the lack of commercially
available hardware with CXL support, most of the recent research
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on CXL memory has been based on emulation using memory in a
remote NUMA node in a multi-socket system, since CXL memory is
exposed as such [6, 59, 64]. However, as we will reveal in this paper,
there are fundamental differences between emulated CXL memory
and true CXL memory. That is, the common emulation-based prac-
tice of using a remote NUMA node to explore CXL memory may
give us misleading performance characterization results and/or lead
to suboptimal design decisions.

This paper addresses a pressing need to understand the capabili-
ties and performance characteristics of true CXL memory, as well
as their impact on the performance of (co-running) applications
and the design of OS policies to best use CXL memory. To this
end, we take a system based on the CXL-ready 4th-generation Intel
Xeon CPU [35] and three CXL memory devices from different man-
ufacturers (§3). Then, for the first time, we not only compare the
performance of true CXL memory with that of emulated CXL mem-
ory, but also conduct an in-depth analysis of the complex interplay
between the CPU and CXL memory. Based on these comprehensive
analyses, we make the following contributions.

CXL memory # remote NUMA memory (§4). We reveal
that true CXL memory exhibits notably different performance
Characteristics from emulated CXL memory. (C1) Depending on
CXL controller designs and/or memory technologies, true CXL
memory devices give a wide range of memory access latency and
bandwidth values. (C2) True CXL memory can give up to 26%
lower latency and 3-66% higher bandwidth efficiency than emu-
lated CXL memory, depending on memory access instruction types
and CXL memory devices. This is because true CXL memory has
neither caches nor CPU cores that modify caches, although it is
exposed as a NUMA node. As such, the CPU implements an on-
chip hardware structure to facilitate fast cache coherence checks
for memory accesses to the true CXL memory. These are important
differences that may change conclusions made by prior work on
the performance characteristics of CXL memory and consequently
the effectiveness of the proposals at the system level. (C3) The
sub-NUMA clustering (SNC) mode provides LLC isolation among
SNC nodes (§3) by directing the CPU cores within an SNC node
to evict their L2 cache lines from its local memory exclusively to
LLC slices within the same SNC node. However, when CPU cores
access CXL memory, they end up breaking the LLC isolation, as
L2 cache lines from CXL memory can be evicted to LLC slices in
any SNC nodes. Consequently, accessing CXL memory can benefit
from effectively 2-4x larger LLC capacity than accessing local DDR
memory, notably compensating for the longer latency of accessing
CXL memory for cache-friendly applications.

Naively used CXL memory considered harmful (§5). Using
a system with a CXL memory device, we evaluate a set of appli-
cations with diverse memory access characteristics and different
performance metrics (e.g., response time and throughput). Subse-
quently, we present the following Findings. (F1) Simple applications
(e.g., key-value-store) demanding ps-scale latency are highly sensi-
tive to memory access latency. Consequently, allocating pages to
CXL memory increases the tail latency of these applications by 10—
82% compared to local DDR memory. Besides, the state-of-the-art
CXL-memory-aware page placement policy for a tiered memory
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system [64] actually increases tail latency even further when com-
pared to statically partitioning pages between DDR memory and
CXL memory. This is due to the overhead of page migration. (F2)
Complex applications (e.g., social network microservices) exhibit-
ing ms-scale latency experience a marginal increase in tail latency
even when most of pages are allocated to CXL memory. This is
because the longer latency of accessing CXL memory contributes
marginally to the end-to-end latency of such applications. (F3) Even
for memory-bandwidth-intensive applications, naively allocating
50% of pages to CXL memory based on the default OS policy may
result in lower throughput, despite higher aggregate bandwidth
delivered by using both DDR memory and CXL memory.

CXL-memory-aware dynamic page allocation policy (§6). To
showcase the usefulness of our characterizations and findings de-
scribed above, we propose Caption, a CXL-memory-aware dy-
namic page allocation policy for the OS to more efficiently use
the bandwidth expansion capability of CXL memory. Specifically,
Caption begins by determining the bandwidth of manufacturer-
specific CXL memory devices. Subsequently, Caption periodically
monitors various CPU counters, such as memory access latency
experienced by (co-running) applications and assesses the band-
width consumed by them at runtime. Lastly, based on the moni-
tored CPU counter values, Caption estimates memory-subsystem
performance over periods. When a given application demands an
allocation of new pages, Caption considers the history of memory
subsystem performance and the percentage of pages allocated to
CXL memory in the past. Then, it adjusts the percentage of the
pages allocated to CXL memory to improve the overall system
throughput using a simple greedy algorithm. Our evaluation shows
that Caption improves the throughput of a system co-running a
set of memory-bandwidth-intensive SPEC CPU2017 benchmarks
by 24%, compared with the default static page allocation policy set
by the OS.

2 BACKGROUND

2.1 Compute eXpress Link (CXL)

PCle is the industry standard for a high-speed serial interface be-
tween a CPU and I/O devices. Each lane of the current PCle 5.0 can
deliver 32 GT/s (e.g., ~64 GB/s with 16 lanes). Built on the physical
layer of PCle, the CXL standard defines three separate protocols:
CXL.io, CXL.cache, and CXL.mem. CXL.io uses protocol features
of the standard PCle, such as transaction-layer packet (TLP) and
data-link-layer packet (DLLP), to initialize the interface between a
CPU and a device [20]. CXL.cache and CXL.mem use the aforemen-
tioned protocol features for the device to access the CPU’s memory
and for the CPU to access the device’s memory, respectively.

The CXL . mem protocol accounts only for memory accesses from
the CPU to the device facilitated by the Home Agent (HA) and the
CXL controller on the CPU and the device, respectively [70]. The
HA handles the CXL . mem protocol and transparently exposes CXL
memory to the CPU as memory in a remote NUMA node. That is,
the CPU can access CXL memory with load and store instructions in
the same way as it accesses memory in a remote NUMA node. This
has an advantage over other memory expansion technologies, such
as RDMA, which involves the device’s DMA engine and thus has
different memory access semantics. Lastly, when the CPU accesses
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Figure 2: CXL.mem controller architecture.

CXL memory, it caches data from/to the CXL memory in every
level of its cache hierarchy. This has been impossible with any other
memory extension technologies except for persistent memory.

2.2 CXL-ready Systems and Memory Devices

CXL requires hardware support from both the CPU and devices.
Both the latest 4M-generation Intel Xeon Scalable Processor (Sap-
phire Rapids) and the latest 4th—generation AMD EPYC Processor
(Genoa) are among the first server-class commodity CPUs to sup-
port the CXL 1.1 standard [4, 35]. Figure 2 depicts a typical archi-
tecture of CXL.mem controllers. It primarily consists of (1) PCle
physical layer, (2) CXL link layer, (3) CXL transaction layer, and (4)
memory controller blocks. (2), (3), and other CXL-related compo-
nents are collectively referred to as CXL IP in this paper. As of today,
in addition to some research prototypes, multiple CXL memory de-
vices have been designed by major hardware manufacturers, such
as Samsung [25], SK Hynix [77], Micron [65], and Montage [67].
To facilitate more flexible memory functionality and near-memory
computing capability, Intel also enables the CXL protocol in its
latest Agilex-I series FPGA [40], integrated with hard CXL IPs to
support the CXL. io, CXL.cache, and CXL.mem [41]. Lastly, unlike
a true NUMA node typically based on a large server-class CPU, a
CXL memory device does not have any CPU cores, caches, or long
interconnects between the CXL IP and the memory controller in
the device.

3 EVALUATION SETUP
3.1 System and Device

Systems. We use a server to evaluate the latest commercial hard-
ware supporting CXL memory (Table 1). The server consists of two
Intel Sapphire Rapids (SPR) CPU sockets. One socket is populated
with eight 4800 MT/s DDR5 DRAM DIMMs (128 GB) across eight
memory channels. The other socket is populated with only one
4800 MT/s DDR5 DRAM DIMM to emulate the bandwidth and ca-
pacity of CXL memory. The Intel SPR CPU integrates four CPU
chiplets, each with up to 15 cores and two DDR5 DRAM channels.
A user can choose to use the 4 chiplets as a unified CPU, or each
chiplet (or two chiplets) as a NUMA node in the SNC mode. Such
flexibility is to give users strong isolation of shared resources, such
as LLC, among applications. Lastly, we turn off the hyper-threading
feature and set the CPU core clock frequency to 2.1 GHz for more
predictable performance.
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Table 1: System configurations.

Dual-socket server system

Component Desription
OS (kernel) Ubuntu 22.04.2 LTS (Linux kernel v6.2)
CPU 2x Intel® Xeon 6430 CPUs @2.1 GHz [37], 32 cores
and 60 MB LLC per CPU, Hyper-Threading disabled
Socket 0: 8x DDR5-4800 channels
Memory
Socket 1: 1x DDR5-4800 channel (emulated CXL memory)
CXL memory devices
Device CXLIP Memory technology Max. bandwidth
CXL-A Hard IP DDRS5-4800 38.4 GB/s per channel
CXL-B Hard IP 2x DDR4-2400 19.2 GB/s per channel
CXL-C Soft IP DDR4-3200 25.6 GB/s per channel

CXL memory devices. We take three CXL memory devices (‘CXL
memory devices’ in Table 1), each featuring different CXL IPs (ASIC-
based hard IP and FPGA-based soft IP) and DRAM technologies
(DDR5-4800, DDR4-2400, and DDR4-3200). Since the CXL protocol
itself does not prescribe the underlying memory technology, it can
seamlessly and transparently accommodate not only DRAM but
also persistent memory, flash [72], and other emerging memory
technologies. Consequently, various CXL memory devices may
exhibit different latency and bandwidth characteristics.

3.2 Microbenchmark

To characterize the performance of CXL memory, we use two
microbenchmarks. First, we use Intel Memory Latency Checker
(MLC) [42], a tool used to measure memory latency and bandwidth
for various usage scenarios. Second, we use a microbenchmark
dubbed memo (measuring efficiency of memory subsystems). It
shares some features with Intel MLC, but we develop it to give more
control over characterizing memory subsystem performance in di-
verse ways. For instance, it can measure the latency and bandwidth
of a specific memory access instruction (e.g., AVX-512 non-temporal
load and store instructions).

3.3 Benchmark

Latency-sensitive applications. We run Redis [69], a popular
high-performance in-memory key-value store, with YCSB [19]. We
use a uniform distribution of keys, ensuring maximum stress on the
memory subsystem, unless we explicitly specify the use of other
distributions. We also run DeathStarBench (DSB) [28], an open-
source benchmark suite designed to evaluate the performance of
microservices. It uses Docker to launch components of a microser-
vice, including machine learning (ML) inference logic, web backend,
load balancer, caching, and storage. Specifically, we evaluate three
DSB workloads: (1) compose posts, (2) read user timelines, and
(3) mixed workloads (10% of compose posts, 30% of read user
timelines, and 60% of read home timelines) as a social network
framework. Lastly, we run FIO [7], an open-source tool used for
benchmarking storage devices and file systems, to evaluate the
latency impact of using CXL memory for OS page cache. The page
cache is supported by the standard Linux storage subsystem, which
holds recently accessed storage data (e.g., files) in unused main
memory space to reduce the number of accesses to slow storage
devices.
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Throughput applications. First, we run an inference application
based on a deep learning recommendation model (DLRM) with the
same setup as MERCI [58]. The embedding reduction step in DLRM
inference is known to have a large memory footprint and is re-
sponsible for 50-70% of the inference latency [58]. Second, we take
the SPECrate CPU2017 benchmark suite [13], which is commonly
used to evaluate the throughput of systems in datacenters. Then we
assess misses per kilo instructions (MPKI) of every benchmark and
run the four benchmarks with the highest MPKI: (1) fotonik3d, (2)
mcf, (3) roms, and (4) cactuBSSN. We run multiple instances of a
single benchmark or two different benchmarks.

4 MEMORY LATENCY AND BANDWIDTH
CHARACTERISTICS

In this section, we first evaluate the latency and bandwidth of ac-
cessing different memory devices: an emulated CXL memory device
based on DDR5 memory in a remote NUMA node (DDR5-R), and
three true CXL memory devices (CXL-A, CXL-B, and CXL-C). We
conduct this evaluation to understand the performance characteris-
tics of various CXL memory devices for different memory access
instruction types. Next, we investigate interactions between the
Intel SPR CPU’s cache hierarchy and the CXL memory devices.

4.1 Latency

Figure 3 presents the measured latency values of accessing both
emulated and true CXL memory devices. The first group of bars
shows average (unloaded idle) memory access latency values mea-
sured by Intel MLC that performs pointer-chasing (i.e., getting the
memory address of a load from the value of the preceding load) in a
memory region larger than the total LLC capacity of the CPU. This
effectively measures the latency of serialized memory accesses. The
remaining four groups of bars show the average memory access
latency values measured by memo for four memory access instruc-
tion types: (1) temporal load (1d), (2) non-temporal load (nt-1d),
(3) temporal store (st), and (4) non-temporal store (nt-st). For
these groups, we first execute c1flush to flush all cache lines from
the cache hierarchy and then mfence to ensure the completion
of flushing the cache lines. Then, we execute 16 memory access
instructions back to back to 16 random memory addresses in a
cacheable memory region. To measure the execution time of these
16 memory access instructions, we execute rdtsc, which reads
the current value of the CPU’s 64-bit time-stamp counter into a
register immediately before and after executing the 16 memory
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Figure 3: Random memory access latency of various memory
devices (DDR5-R, CXL-A, CXL-B, and CXL-C), measured by
Intel MLC and memo.
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access instructions, followed by an appropriate fence instruction.
This effectively measures the latency of random parallel memory
accesses for each memory access instruction type for a given mem-
ory device. To obtain a representative latency value, we repeat the
measurement 10,000 times and choose the median value to exclude
outliers caused by TLB misses and OS activities.

Analyzing the latency values shown in Figure 3, we make the
following Observations.

(01) The full-duplex CXL and UPI interfaces reduce memory
access latency. memo gives emulated CXL memory 76% lower 1d
latency than Intel MLC. This difference arises because serialized
memory accesses by Intel MLC cannot exploit the full-duplex capa-
bility of the UPI interface that connects NUMA nodes. In contrast,
random parallel memory accesses by memo can send memory com-
mands/addresses and receive data in parallel through the full-duplex
UPI interface, effectively halving the average latency cost of going
through the UPI interface. Since true CXL memory is also based
on the full-duplex interface (i.e., PCle), it enjoys the same benefit
as emulated CXL memory. Nonetheless, with memo, CXL-A gets a
3 percentage points more 1d latency reduction than for DDR5-R.
(O3) explains the reason for this additional latency reduction.

(02) The latency of accessing true CXL memory devices is
highly dependent on a given CXL controller design. Figure 3
shows that CXL-A exhibits only 35% longer 1d latency than DDR5-
R, while CXL-B and CXL-C present almost 2X and 3x longer 1d
latency, respectively. Even with the same DDR4 DRAM technology,
CXL-C based on DDR4-3200 gives 67% longer 1d latency than CXL-
B based on DDR4-2400.

(03) Emulated CXL memory can give longer memory access
latency than true CXL memory. When issuing memory requests
to emulated CXL memory, the local CPU must first check with
the remote CPU, which is connected through the inter-chip UPI
interface, for cache coherence [62, 66]. Moreover, the memory re-
quests must travel through a long intra-chip interconnect within
the remote CPU to reach its memory controllers [83]. These over-
heads increase with more CPU cores, i.e., more caches and a longer
interconnect path. For example, the 1d latency values of DDR5-R
with 26- and 40-core Intel SPR CPUs are 29% lower and 19% higher,
respectively, than those of DDR5-L with the 32-core Intel SPR CPU
used for our primary evaluations. In contrast, true CXL memory
has neither caches nor CPU cores that modify caches, although it
is exposed as a remote NUMA node. As such, the CPU implements
an on-chip hardware structure to facilitate fast cache coherence
checks for memory accesses to the true CXL memory. Moreover,
true CXL memory features a short intra-chip interconnect within
the CXL controller to reach its memory controllers.

Specifically for DDR5-R and CXL-A, memo provides 76% and 79%
lower 1d latency values, respectively, than Intel MLC. Although
both DDR5-R and CXL-A benefit from (O1), CXL-A gives a more
1d latency reduction than DDR5-R. This arises from the following
differences between memo and Intel MLC. As Intel MLC accesses
memory serially, the local CPU performs the aforementioned cache
coherence checks one by one. By contrast, memo accesses memory in
parallel. In such a case, memory accesses to emulated CXL memory
incur a burst of cache coherence checks that need to go through the
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inter-chip UPI interface, leading to cache coherence traffic conges-
tion. This, in turn, increases the time required for cache coherence
checks. However, memory accesses to true CXL memory suffer
notably less from this overhead because the CPU checks cache
coherence through its local on-chip structure described earlier. This
contributes to a further reduction in the 1d latency for true CXL
memory. Also note that DDR5-R, based on a 40-core Intel SPR CPU,
presents 4% longer 1d latency than CXL-A due to a higher overhead
of cache coherence checks.

The overhead of cache coherence checks becomes even more
prominent for st because of two reasons. First, the st latency
is much higher than the 1d latency in general. For example, the
latency of st to DDR5-R is 2.3% longer than that of 1d from DDR5-
L. This is because of the cache write-allocate policy in Intel CPUs.
When st experiences an LLC miss, the CPU first reads 64-byte
data from memory to a cache line (i.e., implicitly executing 1d), and
then writes modified data to the cache line [43]. This overhead is
increased for both emulated CXL memory and true CXL memory,
as the overhead of traversing the UPI and CXL interfaces is doubled.
Yet, the latency of st to emulated CXL memory increases more
than that of st to emulated CXL memory, when compared to 1d or
nt-1d. This is because the emulated CXL memory incurs a higher
overhead for cache coherence checks than the true CXL memory,
as discussed earlier.

Lastly, although both nt-1d and nt-st bypass caches and di-
rectly access memory, the local CPU accessing emulated CXL mem-
ory still needs to check with the remote CPU for cache coher-
ence [39]. This explains why the nt-1d latency values of all the
memory devices are similar to those of 1d that needs to be served
by memory in Figure 3. Unlike st, however, nt-st does not read
64-byte data from the memory since it does not allocate a cache line
by its semantics, which eliminates the memory access and cache
coherence overheads associated with implicit 1d. Therefore, the
absolute values of nt-st latency across all the memory devices are
smaller than those of st latency. Furthermore, nt-st can also offer
shorter latency than 1d and nt-1d because the CPU issuing nt-st
sends the address and data simultaneously. In contrast, the CPU
issuing 1d or nt-1d sends the address first and then receive the data
later, which makes signals go through the UPI and CXL interfaces
twice. With shorter latency for a cache coherency check, nt-st
to true CXL memory can be shorter than nt-st to emulated CXL
memory. For instance, CXL-A exhibits a 25% lower latency than
DDR5-R for nt-st. Note that nt-st behaves differently depending
on whether the allocated memory region is cacheable or not [39],
and we conduct our experiment with a cacheable memory region.

4.2 Bandwidth

The sequential memory access bandwidth represents the maximum
throughput of the memory subsystem when all the CPU cores sends
memory requests in this paper. Nonetheless, it notably varies across
(1) CXL controller designs, (2) memory access instruction types, and
(3) DRAM technologies (i.e., DDR5-4800, DDR4-3200, and DDR4-
2400 in this paper). As such, for fair and insightful comparison,
we use bandwidth efficiency as a metric, normalizing the mea-
sured bandwidth to the theoretical maximum bandwidth. Figure 4
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Figure 4: Efficiency of maximum sequential memory access
bandwidth across different memory types.

presents the bandwidth efficiency values of DDR5-R, CXL-A, CXL-
B, and CXL-C for various read/write ratios and different memory
instruction types, respectively. Analyzing these values, we make
the following Observations.

(04) The bandwidth is strongly dependent on the efficiency of
CXL controllers. The maximum sequential bandwidth values that
can be provided by the DDR5-4800, DDR4-3200, and DDR4-2400
DRAM technologies are 38.4 GB/s, 25.6 GB/s, and 19.2 GB/s per
channel, respectively. Nonetheless, Figure 4a shows that DDR5-R,
CXL-A, CXL-B, and CXL-C provides only 70%, 46%, 47%, and 20%
of the theoretical maximum bandwidth, respectively, for ‘All Read’.
DDR5-R and CXL-A are based on the same DDR5-4800 DRAM tech-
nology, yet the bandwidth efficiency of DDR5-R is 23 percentage
points higher than that of CXL-A. We speculate that the lower effi-
ciency of the CXL-A’s memory controller for memory read accesses
contributes to this bandwidth efficiency gap, as both DDR5-R and
CXL-A exhibit similar 1d latency values.

As the write ratio increases, however, CXL-A starts to provide
higher bandwidth efficiencies. For example, Figure 4a shows that
the bandwidth efficiency of CXL-A for ‘2:1-RW’ is 23 percentage
points higher than that of DDR5-R. We speculate that the CXL-
A’s memory controller is designed to handle interleaved memory
read and write accesses more efficiently than the DDR5-R’s and
CXL-B’s memory controllers. This is supported by (1) the fact that
st involves both memory read and write accesses due to implicit
1d when it incurs a cache miss (cf. (03)), and (2) the bandwidth
efficiency of CXL-A for all the other memory access instruction
types is lower than that of DDR5-R and CXL-B. This also implies
that the higher bandwidth efficiency of CXL-A for st is not solely
attributed to a unique property of true CXL memory.

Figure 4b shows that the bandwidth efficiency of CXL-B is higher
than that of CXL-A, except for st, although the latency values of
CXL-B is higher than those of CXL-A. Specifically, the bandwidth
efficiency values of CXL-B for 1d, nt-1d, and nt-st are 1, 1, and 6
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percentage points higher than that of CXL-A, respectively. We spec-
ulate that the recently developed third-party DDR5 memory con-
trollers may not be as efficient as the mature and highly optimized
DDR4 memory controller used in CXL-B for read- or write-only
memory accesses. Note that CXL-C is based on DDR4-3200 DRAM
technology, but it generally exhibits poor bandwidth efficiency due
to the FPGA-based implementation of the CXL controller. The band-
width efficiency values of CXL-C for 1d, nt-1d, st, and nt-st are
26, 26, 3, and 20 percentage points lower, respectively, than those of
CXL-B, which is based on the same DDR4 DRAM technology but
provides 25% lower theoretical maximum bandwidth per channel.

(05) True CXL memory can offer competitive bandwidth ef-
ficiency for the store compared to emulated CXL memory.
Figure 4b shows that st yields lower bandwidth efficiency values
than 1d across all the memory devices due to the overheads of
implicit 1d and cache coherence checks (cf: (03)). Specifically, st
to DDR5-R, CXL-A, CXL-B, and CXL-C offers 74%, 31%, 59%, and
15% lower bandwidth efficiency values, respectively, than 1d from
DDR5-R, CXL-A, CXL-B, and CXL-C. This suggests that emulated
CXL memory experiences a notably more bandwidth efficiency
degradation than true CXL memory partly because it suffers more
from the overhead of cache coherence checks. As a result, the band-
width efficiency values of CXL-A and CXL-B for st are 12 and 1
percentage points higher, respectively, than DDR5-R. For nt-st,
the bandwidth efficiency gap between emulated CXL memory and
true CXL memory is noticeably reduced compared to nt-1d. Specif-
ically, the bandwidth efficiency gap between DDR5-R and CXL-A
for nt-1d is 26 percentage points, whereas it is reduced to 6 percent-
age points for nt-st. CXL-B provides almost the same bandwidth
efficiency as DDR5-R for nt-st.

4.3 Interaction with Cache Hierarchy

Starting with the Intel Skylake CPU, Intel has adopted non-inclusive
cache architecture [34]. Suppose that a CPU core with non-inclusive
cache architecture incurs an LLC miss that needs to be served by
memory. Then it loads data from the memory into a cache line in
the the CPU core’s (private) L2 cache rather than the (shared) LLC,

CXL memory

Legend

Local DDR path
= CXL.mem path
[] Local DDR data
[ cXL.mem data

Mem. ctrl.

Figure 5: Difference in L2 cache line eviction paths between
local DDR memory and CXL memory in SNC mode.
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Figure 6: 99" -percentile (p99) latency values of Redis with various percentages of pages allocated to CXL memory and DSB
with 100% of only ‘caching and storage’ pages allocated to either CXL memory or DDR memory.

in contrast to a CPU core with inclusive cache architecture. When
evicting the cache line in the L2 cache, the CPU core will place it
into the LLC. That is, the LLC serves as a victim cache. The SNC
mode (§3.1), however, restricts where the CPU core places evicted
L2 cache lines within the LLC to provide LLC isolation among SNC
nodes. The LLC comprises as many slices as the number of CPU
cores, and L2 cache lines in an SNC node are evicted only to LLC
slices within the same SNC node when data in the cache lines are
from the local DDR memory of that SNC node (light-green lines in
Figure 5). In contrast, we notice that L2 cache lines can be evicted
to any LLC slices within any SNC nodes when the data are from
remote memory, including both emulated CXL memory and true
CXL memory (red-dashed lines in Figure 5). As such, CPU cores
accessing CXL memory break LLC isolation among SNC nodes in
SNC mode. This makes such CPU cores benefit from 2-4X larger
LLC capacity than the ones accessing local DDR memory, notably
compensating for the slower access latency of CXL memory.

To verify this, we run a single instance of Intel MLC on an idle
CPU and measure the average latency of randomly accessing 32 MB
buffers allocated to DDR5-L and CXL-A, respectively, in the SNC
mode. The total LLC capacity of the CPU with four SNC nodes
in our system is ~60 MB. A 32 MB buffer is larger than the total
LLC capacity of a single SNC node but smaller than that of all
four SNC nodes. This shows that accessing the buffer allocated to
CXL-A gives an average memory access latency of 41 ns, whereas
accessing the buffer allocated to DDR5-L offers an average memory
access latency of 76.8 ns. The shorter latency of accessing the buffer
allocated to CXL-A evidently shows that the CPU cores accessing
CXL memory can benefit from larger effective LLC capacity than
the CPU cores accessing local DDR memory in the SNC mode.

(06) CXL memory interacts with the CPU’s cache hierar-
chy differently compared to local DDR memory. As discussed
above, the CPU cores accessing CXL memory are exposed to a
larger effective LLC capacity in the SNC mode. This often signifi-
cantly impacts LLC hit/miss and interference characteristics that
the CPU cores experience, and thus affecting the performance of ap-
plications (§5.3). Therefore, we must consider this attribute of CXL
memory when analyzing the performance of applications using
CXL memory, especially in the SNC mode.
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5 IMPACT OF USING CXL MEMORY ON
APPLICATION PERFORMANCE

To study the impact of using CXL memory on the performance
of applications (§3.3), we take CXL-A, which provides the most
balanced latency and bandwidth characteristics among the three
CXL memory devices. We use numactl in Linux to allocate memory
pages of a given program, either fully or partially, to CXL memory,
exploiting the fact that the OS recognizes CXL memory as memory
in a remote NUMA node by the OS. Specifically, numactl allows
users to: (1) bind a program to a specific memory node (membind
mode); (2) allocate memory pages to the local NUMA node first,
and then other remote NUMA nodes only when the local NUMA
node runs out of memory space (preferred mode); or (3) allocate
memory pages evenly across a set of nodes (interleaved mode).
A recent Linux kernel patch [85] enhances the interleaved mode
to facilitate fine-grained control over the allocation of a specific
percentage of pages to a chosen NUMA node. For example, we can
change the percentage of pages allocated to CXL memory from
the default 50% to 25%. That is, 75% of pages are allocated to local
DDR5 memory.

In this section, we will vary the percentage of pages allocated
to CXL memory and analyze its impact on performance using
application-specific performance metrics, setting the stage for our
CXL memory-aware dynamic page allocation policy (§6). Note that
we enable the SNC mode to use only two local DDR5 memory
channels along with one CXL memory channel. This is because
our system can accommodate only one CXL memory device, and it
needs to make a meaningful contribution to the total bandwidth
of the system. In such a setup, the local DDR5 memory with two
channels provides ~2x higher bandwidth for st and ~3.4X higher
bandwidth for 1d than CXL memory. As future platforms accommo-
date more CXL memory devices, we may connect up to four CXL
memory devices to a single CPU socket with eight DDR5 memory
channels, providing the same DDRS5 to CXL channel ratio as our
setup.

5.1 Latency

Redis. Figure 6a shows the 99th—percentile (p99) latency values
of Redis with YCSB workload A (50% read and 50% update) while
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Figure 7: Impact of TPP on latency of Redis compared with
statically allocating 25% of (random) pages to CXL memory.
We show the distributions up to the p99 latency.

varying the percentage of pages allocated to CXL memory or lo-
cal DDR5 memory (referred to as DDR memory hereafter). First,
allocating 100% of pages to CXL memory (CXL 100%) significantly
increases the p99 latency compared to allocating 100% of pages
to DDR memory (DDR 100%), especially at high target QPS val-
ues. For example, CXL 100% results in 10%, 73%, and 105% higher
p99 latency than DDR 100% at 25 K, 45 K, and 85 K target QPS,
respectively. Second, as more pages are allocated to CXL memory,
the p99 latency increases proportionally. For instance, at 85 K tar-
get QPS, allocating 25%, 50%, and 75% of pages to CXL memory
results in p99 latency increases of 9%, 23%, and 45%, respectively,
compared to DDR 100%. Finally, as expected, allocating 100% of
pages to DDR memory results in the lowest and most stable p99
latency. Explaining the substantial difference in the p99 latency
values for various percentages of pages allocated to CXL memory
and different target QPS values, we note that Redis typically oper-
ates with response time at a s scale, making it highly sensitive to
memory access latency (§3.3). Therefore, allocating more pages to
CXL memory and/or increasing the target QPS makes Redis more
frequently access CXL memory with almost 2x longer latency than
DDR memory, resulting in higher p99 latency.

Redis+TPP. We conduct an experiment to assess whether the
most recent transparent page placement (TPP) [64] can minimize
the impact of using CXL memory on the p99 latency. The most
recent publicly available release [63] only offers an enhanced page
migration policy, and it does not automatically place pages in CXL
memory. Thus, we begin by allocating 100% of pages requested by
Redis to CXL memory and let TPP automatically migrate pages to
DDR memory until the percentage of the pages allocated to CXL
memory becomes 25%, based on the DDR to CXL bandwidth ratio in
our setup. Then we measure the latency values of Redis. Figure 7
compares two distributions of the measured latency values. The
first one is from using TPP, while the second one is from statically
allocating 25% of pages to CXL memory.

TPP migrates a large number of pages to DDR memory in the
beginning phase, requiring the CPU to (1) copy pages from one
memory device to another and (2) update the OS page table entries
associated with the migrated pages [89]. Since (1) and (2) incur high
overheads, we measure the p99 latency only after 75% of pages are
migrated to DDR memory. As shown in Figure 7, TPP generally
gives higher latency, resulting in 174% higher p99 latency than
statically allocating 25% of pages to CXL memory. This is because
TPP constantly migrates a small percentage of pages between DDR
memory and CXL memory over time, based on its metric assessing

112

Sun et al.

Table 2: Components of DSB social network benchmark.

Name Working set Intensiveness Allocated mem. type
Frontend 83 MB Compute DDR memory
Logic 208 MB Compute DDR memory
Caching & Storage 628 MB Memory CXL memory

hotness/coldness of the pages. Although TPP has a feature that re-
duces ping-pong behavior (i.e., pages are constantly being promoted
and demoted between DDR memory and CXL memory), migrating
pages incurs the overheads from (1) and (2) above. (1) blocks the
memory controllers from serving urgent memory read requests
from latency-sensitive applications [57], and (2) also requires a
considerable number of CPU cycles and memory accesses.

DSB. Figure 6b-6d present the p99 latency values of (b) compose
posts, (c) read user timelines, and (d) mixed workloads. Ta-
ble 2 summarizes the components of the benchmarks, their working
set sizes and characteristics, and allocated memory devices. In our
experiment, we allocate 100% of the pages pertinent to the caching
and storage components with large working sets to either DDR
memory (DDR 100%) or CXL memory (CXL 100%). Meanwhile, we
always allocate 100% of the pages associated with the remaining
components, such as nginx front-end and analytic docker images
(e.g., logic in Table 2), to DDR memory, since these components
are more sensitive to memory access latency than the caching and
storage components. For example, nginx spends 60% of CPU cycles
on the CPU front-end, which is dominated by fetching instructions
from memory [28]. Therefore, pages of such components should
be allocated to DDR memory.

This experiment shows that all three benchmarks, compose
posts, read user timelines, and mixed workloads are not sen-
sitive to long latency of accessing CXL memory as they exhibit
little difference in p99 latency values between CXL 100% and DDR
100%. This is because of two reasons. First, most of the p99 latency
in these benchmarks is contributed by the front-end and/or logic
components (i.e., DDR 100%). This makes the latency of accessing
CXL memory amortized by the these components, and thus the
p99 latency is much less dependent on the latency of accessing
databases (i.e., CXL 100%). Second, the p99 latency of DSB is at a
ms scale and two orders of magnitude longer than that of Redis.
Therefore, it is not as sensitive to memory access latency as that of
Redis.

Note that CXL 100% provides lower p99 latency values than
DDR 100% for mixed workloads when the QPS range is between
5 K and 11 K. This is because mixed workloads is far more
memory-bandwidth-intensive than compose posts and read user
timelines. Specifically, when we measure the average bandwidth
consumption by these three benchmarks in the QPS range that sat-
urates the throughput of the benchmarks, we observe that mixed
workloads consumes 32 GB/s while compose postsand read user
timelines consume only 7 GB/s and 10 GB/s, respectively. When
a given application consumes such high bandwidth in our setup,
we observe that the application’s throughput, which is inversely
proportional to its latency, becomes sensitive to the bandwidth
available for the application (§5.2). Lastly, as the QPS approaches
to 11 K, the compute capability of the CPU cores becomes the
dominant bottleneck, leading to a decrease in the p99 latency gap
between DDR 100% and CXL 100%.
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page cache to CXL. 5.2 Throughput

FIO. Figure 8 presents the p99 latency values of FIO with 4 GB DLR_M‘ Figure .93 shows the throughput of DLRM embedding re-
page cache allocated to either DDR memory or CXL memory for duction for various percentages of pages allocated to CXL mem-
various I/0 block sizes. We use a Zipfian distribution for FIO to ory. As the throughput of DLRM embedding reduction is bounded

evaluate the impact of using page cache on file-system performance. by memory bandwidth [50, 58, 94], it begins to saturate over 20
It shows that allocating the page cache to CXL memory gives only threads when 100% of pages are allocated to DDR memory. In such
~3% longer p99 latency than DDR5 memory for 4 KB block size. a case, we observe that allocating a certain percentage of pages
This is because the p99 latency for a 4 KB block size is primarily to CXL memory can improve the throughput further, as it supple-
dominated by the Linux kernel operations related to page cache ments to the bandwidth of DDR memory, increasing the total band-
management, such as context switching, page cache lookup, send- width available for DLRM. For instance, when running 32 threads,

ing an I/O request through the file system, block layer, and device we observe that allocating 63% of pages to CXL memory can maxi-
driver. However, with a 8 KB block size, the cost of Linux kernel mize the throughput of DLRM embedding reduction, providing 88%
operations is amortized, as multiple 4 KB pages are brought from a higher throughput than DDR 100%. Note that a lower percentage of
storage device by a single system call. Consequently, longer access pages will be allocated to CXL memory for achieving the maximum
latency of CXL memory affects the p99 latency of FIO more no- throughput if the maximum bandwidth capability of a given CXL
tably, resulting in a ~4.5% increase in the p99 latency. Meanwhile, memory device is lower (e.g., CXL-C). This clearly demonstrates
as the block size increases beyond 8 KB, the page cache hit rate the benefit of CXL memory as a memory bandwidth expander.
decreases from 76% for 8 KB to 65% for 128 KB. As lower page cache Redis. Although Redis is a latency-sensitive application, its
hit rates necessitate more page transfers from the storage device, throughput is also an important performance metric. Figure 9b
the storage access latency begins to dominate the p99 latency. In shows the maximum sustainable QPS for various percentages of
such a case, the difference in memory access latency between DDR pages allocated to CXL memory. For example, for YCSB-A, allocat-
memory and CXL memory exhibits a lower impact on p99 latency, ing 25%, 50%, 75%, and 100% of pages to CXL memory provides
since Data Direct I/O (DDIO) [38] directly injects pages read from 8%, 15%, 22%, and 30% lower throughput than allocating 100% of
the storage device into the LLC [3, 26, 27, 93]. Lastly, we observe pages to DDR memory. As Redis does not fully utilize the memory
another trend shift beyond 128 KB block size, which is mainly due bandwidth, its throughput is bounded by memory access latency.
to the limited read and write bandwidth of CXL memory. As more Thus, similar to its p99 latency trends (Figure 6a), allocating more
page cache entries are evicted from the LLC to memory as well as pages to CXL memory reduces the throughput of Redis.

from memory to the storage device, the limited bandwidth of CXL

Key findings. Based on our analyses above, we present the follow-
memory increases the effective latency of I/O requests.

ing key Finding. (F4) For memory-bandwidth-intensive applica-

Key findings. Based on our analyses above, we present the follow- tions, naively allocating 50% of pages to CXL memory based on the
ing three key Findings. (F1) Allocating any percentage of pages to OS default policy may result in lower throughput than allocating
CXL memory proportionally increases the p99 latency of simple 100% of pages to DDR memory, even with higher total bandwidth
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Figure 9: Impact of using CXL memory on throughput of Redis and DLRM for various ratios of page allocation to CXL memory.
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Table 3: Throughput of DLRM using only 1 SNC node versus all
4 SNC nodes, normalized to the throughput of DLRM running
on 1 SNC node allocating all the pages to local DDR memory.

1 SNC node 4 SNC nodes
DDR 100% CXL 100% DDR 100% CXL 100%
1 0.947 1 0.504

from using both DDR memory and CXL memory together. This
motivates us to develop a dynamic page allocation policy that can
automatically configure the percentage of pages allocated to CXL
memory at runtime based on the bandwidth capability of a given
CXL memory device and bandwidth consumed by co-running ap-
plications (§6).

5.3 Interaction with Cache Hierarchy

Previously, we discussed that accessing CXL memory breaks the
LLC isolation among SNC nodes (§4.3). To analyze the impact of
such an attribute of accessing CXL memory on application perfor-
mance, we evaluate two cases. In the first case (‘1 SNC node’ in
Table 3), only one SNC node (i.e., SNC-0 in Figure 5) runs 8 DLRM
threads while the other three SNC nodes idle. In the second case (‘4
SNC nodes’ in Table 3), each SNC node runs 8 DLRM threads. Only
SNC-0 allocates 100% of its pages to either its DDR memory or CXL
memory, while the other three SNC nodes (i.e., SNC-1, SNC-2, and
SNC-3) allocate 100% of their pages only to their respective local
DDR memory. The second case is introduced to induce interference
at the LLC among all the SNC nodes when SNC-0 with CXL 100%.

Table 3 shows that SNC-0 with CXL 100% in ‘1 SNC node’ offers
88% higher throughput than SNC-0 with CXL 100% in ‘4 SNC nodes.
This is because of the other three SNC nodes in ‘4 SNC nodes’
reduces the effective LLC capacity of SNC-0 with CXL 100% (i.e.,
LLC slices from all the SNC nodes). Specifically, while the other
three SNC nodes evict LLC lines within their respective LLC slices,
they also inevitably evict many LLC lines from SNC-0 with CXL
100%. Although not shown in Table 3, SNC-0 with DDR 100% in ‘1
SNC node’ provides 2% higher throughput than each of the other
three SNC nodes in ‘4 SNC nodes’ when SNC-0 in ‘4 SNC nodes’ is
with CXL 100%. This is because SNC-0 with CXL 100% in ‘4 SNC
nodes’ pollutes the LLC slices of the other three SNC nodes with
cache lines evicted from the L2 caches of SNC-0, breaking the LLC
isolation among the SNC nodes. Lastly, in our previous evaluation
of DLRM throughput (§5.2), when SNC-0 needs to run more than 8
threads of DLRM in the SNC mode, it makes the remaining threads
run on the CPU cores in the other three SNC nodes. Nonetheless,
the CPU cores in the other three SNC nodes continue to access the
DDR memory of SNC-0, and cache lines in the L2 caches of these
CPU cores are still evicted to the LLC slices of SNC-0 since the
cache lines were from the DDR memory of SNC-0.

6 CXL-MEMORY-AWARE DYNAMIC PAGE
ALLOCATION POLICY

We have demonstrated a potential of CXL memory as a band-
width expander, which can improve the performance of bandwidth-
intensive applications (§5.2). If the throughput of a given application
is limited by the bandwidth, allocating a higher percentage of pages
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to CXL memory may alleviate bandwidth pressure on DDR memory,
and hence reduce average memory access latency. Intuitively, such
a percentage should be tuned for different CXL memory devices
given their distinct bandwidth capabilities (§5.2). By contrast, if a
given application is not memory-bandwidth-bounded, allocating
a lower percentage of pages to CXL memory may lead to lower
average memory access latency and thus higher throughput. That
stated, to better utilize auxiliary memory bandwidth provided by
CXL memory, we present Caption, a dynamic page allocation pol-
icy. Caption automatically tunes the percentage of new pages to
be allocated by the OS to CXL memory based on three factors: (1)
bandwidth capability of CXL memory, (2) memory intensiveness of
co-running applications, and (3) average memory access latency.
Note that Caption, focusing on the page allocation ratio between
DDR memory and CXL memory, is orthogonal and complementary
to TPP.

6.1 Policy Design

Caption consists of three runtime Modules (Figure 10). (M1) peri-
odically monitors some CPU counters related to memory subsystem
performance, and then (M2) estimates memory-subsystem perfor-
mance based on values of the counters. When a given application
requests an allocation of new pages, (M3) tunes the percentage of
the new pages allocated to CXL memory, aiming to improve the
throughput of the application. Subsequently, mempolicy [85] sets
the page allocation ratio between DDR memory and CXL memory
based on the percentage guided by (M3), and instructs the OS to
allocate the new pages based on the ratio.

(M1) Monitoring CPU counters related to memory subsys-
tem performance. We use Intel PCM [36] to periodically sample
various CPU counters related to memory subsystem performance,
as listed in Table 4. These CPU counters allow (M2) to estimate
overall memory-subsystem performance. In Figure 11, we run DLRM,
of which the throughput is bounded by memory bandwidth. Then
we observe correlations between DLRM throughput and values of
those counters, as we vary the percentage of pages allocated to
CXL memory.

Table 4: CPU counters pertinent to memory-subsystem perf.

Metric Tool Description

pem-latency  Average L1 miss latency (ns)
DDR read latency (ns)
Instructions per cycle

L1 miss latency
DDR read latency pcm-latency
IPC pem
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Figure 11: Correlations between throughput and various
counter values, as we increase the percentage of pages al-
located to CXL memory for DLRM. The system bandwidth is
the total consumed memory bandwidth, and The throughput
is normalized to DDR 100%.

Figure 11a shows that DLRM throughput is proportional to the
consumed memory bandwidth. Yet, as the consumed memory band-
width exceeds a certain amount, the memory access latency rapidly
increases due to contention and resulting queuing delay at the mem-
ory controller [80], which, in turn, decreases the DLRM throughput.

Meanwhile, Figure 11b shows that DLRM throughput is inversely
proportional to L1 miss latency. The L1 miss latency is an impor-
tant memory-subsystem performance metric that simultaneously
captures both the cache friendliness and bandwidth intensiveness
(i.e., queuing delay at the memory controller) of given (co-running)
applications at the same time. At first, allocating more pages to CXL
memory reduces pressure on the DDR memory controller, thereby
decreasing the latency of accessing DDR memory and handling
L1 misses. However, at some point, the long latency of accessing
CXL memory begins to dominate that of handling L1 misses, and
the application throughput begins to decrease. Finally, IPC is an-
other important metric that implicitly measures the efficiency of
the memory subsystem for the applications.

(M2) Estimating system throughput. To build a model that esti-
mates the system performance, we collect CPU counter values at
various DDR:CXL ratios while running DLRM with 24 threads. We
then build a linear-regression model that correlates these counter
values with DLRM throughput. Taking these counter values from
(M1), Caption periodically estimates (or infers) memory-subsystem
performance at runtime. In our current implementation of Caption,
(M1) samples the counters every 1 second. To reduce the noise
among the values, we collect a moving average of the past 5 sam-
ples for each counter. The averaged value is then fed into (M2) for
performance estimation. Although we may use a machine-learning
(ML) model, we use the following simple linear model for the cur-
rent implementation of Caption:

Y= ﬁo + ﬂ]Xl + ﬂng + ... (l)

where Y represents the estimated memory-subsystem performance,
Xn represents a counter value listed in Table 4, and S, represents
the X,,’s weight obtained through multiple linear regression steps.
This linear model is simple enough to be used by the OS at a low
performance cost, yet effective enough to estimate the memory-
subsystem performance. In the current implementation of Caption,
we find that using PCM toolkit is sufficient. Nonetheless, we may use
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Algorithm 1: Caption tuning algorithm. state, step and
ratio represent memory subsystem performance, unit of
tuning page allocation ratio, and ratio of page allocation
between DDR and CXL memory.

1 while true do

2 curr_state < estimator()

3 if curr_state < prev_state then

4 L curr_step < prev_step X (—0.5) // reverse
5 curr_ratio «— prev_ratio + curr_step
6 check_ratio_bound()

7 set_ratio(curr_ratio)

8 if new allocations then

9 prev_state «— curr_state

10 prev_step « curr_step

11 prev_ratio < curr_ratio

12 sleep(tune_interval)

PMU tools and eBPF [24] to access more diverse counters, facilitat-
ing a more precise estimation of memory-subsystem performance.

(M3) Tuning the percentage of pages allocated to CXL mem-
ory. When a given application demands allocation of memory
pages, Caption (Algorithm 1) first compares the estimated memory-
subsystem performance value from the past period (line: 9-11) with
the current period (line: 3). If the memory-subsystem performance
in the current period has increased compared to the previous pe-
riod, Caption assumes that its previous decision, i.e., increasing
(or decreasing) the percentage of pages allocated to CXL memory,
was correct. Then it continues to incrementally increase (or de-
crease) the percentage by a fixed amount (line: 5). Otherwise, it
will begin to reverse the step by half (line: 4), which decreases (or
increases) the percentage and evaluate the decision in the future
period to determine a favorable percentage of pages allocated to
CXL memory. Note that the absolute value of the step variable has
the minimum limit (e.g., 9% in our evaluation) to prevent it from
being close to zero. Lastly, inspired by conventional control theory,
Caption implements mechanisms to efficiently handle very small
or sudden large changes in memory subsystem performance, even
though they are not described in Algorithm 1.

6.2 Evaluation

We have developed Caption after analyzing the various perfor-
mance characteristics and memory subsystem statistics of DLRM.
However, we expect that Caption should work well for other appli-
cations because the monitored L1 miss latency, DDR read latency,
and IPC counters are fundamental memory subsystem performance
metrics that are strongly correlated with the throughput of memory-
bandwidth-intensive applications; we believe CXL memory access
latency and bandwidth statistics are also useful for estimating mem-
ory subsystem performance, but we currently cannot access the
corresponding counters. To demonstrate this, we evaluate the ef-
ficacy of Caption by co-running (1) SPEC-Mix, various mixes of
memory-intensive SPECrate CPU2017 benchmarks, and (2) Redis
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Figure 12: Estimated memory-subsystem performance, mea-
sured application throughput, and Pearson coefficient values
over time. The numbers represent the percentage values of
pages allocated to CXL memory.

and DLRM without measuring their performance characteristics and
memory-subsystem statistics in advance.

Figure 12 shows normalized measured throughput (Throughput),
normalized estimated memory-subsystem performance (Eq. (1),
Model Output), and Pearson correlation coefficient values. For DLRM
we simply sweep the percentage of pages allocated to CXL memory
over time. For SPEC-Mix, we let Caption automatically tune the per-
centage of pages allocated to CXL memory whenever a benchmark
completes its execution. The Pearson correlation method allows us
to quantify synchrony between time-series data [9]. The coefficient
value can range from -1 and 1, indicating that both sets of data
trend the same direction when it is positive. We calculate the Pear-
son correlation coefficient values to assess the effectiveness of the
estimation model, as Algorithm 1 depends on precisely determining
only the direction of performance changes after tuning the percent-
age of pages allocated to CXL memory. Figure 12 demonstrates that
the Pearson correlation coefficient values mostly remains positive
for both DLRM and SPEC-Mix. This indicates that the estimation
model is adequate for Algorithm 1 to effectively tune both DLRM
and SPEC-Mix. It is important to note that the estimation model is
based on the weight values derived by fitting counter values from
DLRM exclusively in this paper. However, it has the potential for
further improvement by fitting counter values from a more diverse
range of applications.

Figure 13 evaluates the efficacy of Caption for 16 instances of
individual SPEC benchmarks, two different SPEC-Mix, and a mix
of Redis and DLRM. For all the evaluation cases, Caption outper-
forms both 100% and 50% allocations to DDR memory while allocat-
ing substantial percentages of pages to CXL memory. Specifically,
Caption offers 19%, 18%, 8%, and 20% higher throughput values for
fotonik3d, mcf, roms, and cactuBSSN, respectively, than the best
static allocation policy (i.e., 100% or 50% allocation to DDR memory),
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Figure 13: Throughput of each evaluated benchmark or mix,
normalized to that with the default static policy allocating
50% of pages to CXL memory. A number atop each bar is the
percentage of pages allocated to CXL memory by Caption.

allocating 29%-41% of pages to CXL memory in a steady state. For
the mixes of mcf and roms, cactuBSSN and roms, and Redis and
DLRM, Caption provides 24%, 1%, and 4% higher throughput values
than the best static allocation policy, allocating 33%—-41% of pages
to CXL memory. Since DLRM and Redis use different throughput
metrics, we show a geometric mean value of normalized through-
put values of DLRM and Redis as a single throughput value. These
demonstrate that Caption captures the immense memory pres-
sure from co-running applications and tunes to the percentage of
pages to CXL memory that yields higher throughput than the static
allocation policies.

In Figure 13, we do not compare Caption with the static al-
location policy for DLRM and Redis individually. This is because
we have derived the estimation model after running DLRM (§6.1)
and demonstrated that allocating all the pages to DDR memory is
best for Redis (§5.2). However, our evaluation shows that Caption
presents 80% higher and 4% lower throughput values than allocat-
ing 100% and 50% of pages to DDR memory, respectively, for DLRM.
For Redis, Caption is able to identify that allocating more mem-
ory to low-latency DDR memory is beneficial, and thus offers 3.2%
higher throughput than allocating 50% of pages to DDR memory
but 8.6% lower throughput than allocating 100% of pages to DDR
memory. Albeit not perfect, Caption demonstrates its capability
of searching near-optimal percentage values of pages allocated to
CXL memory without any guidance from users and/or applications
for several workloads with notably different characteristics. Lastly,
one of our primary goals is to emphasize the need for a dynamic
page allocation policy and show a potential of such a policy. Hence,
we leave further enhancement of Caption as future work.

7 RELATED WORK

With the rapid development of memory technologies, diverse het-
erogeneous memory devices have been introduced. These memory
devices are often different from the standard DDR-based DRAM
devices, and each memory device offers unique characteristics and
trade-offs. These include but are not limited to persistent mem-
ory, such as Intel Optane DIMM [84, 88, 90], remote/disaggregated
memory [12, 21, 30, 46, 54, 60, 76], and even byte-addressable
SSD [1, 8]. These heterogeneous memory devices in the memory
hierarchy of datacenters have been applied to diverse domains of
applications. For example, in a tiered memory/file system, pages
can be dynamically placed, cached, and migrated across different
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memory devices, based on their hotness and persistency require-
ments [2, 5, 14, 22, 23, 31, 48, 49, 51, 61, 64, 68, 78, 79, 81, 82, 89, 97].
Besides, database or key-value store can leverage these memory
devices for faster and more scalable data organization and re-
trieval [10, 16, 17, 45, 47, 53, 92, 95, 98]. Solutions similar to Caption
were proposed in the context of HBM [18] and storage system [87].
While they have been extensively profiled and studied, CXL mem-
ory, as a new member in the memory tier, still has unclear per-
formance characteristics and indications, especially its interaction
with CPUs. This leads to new challenges and opportunities for ap-
plying CXL memory to the aforementioned domains. This paper
aims to bridge the gap of CXL memory understanding, and thus
enable the wide adoption of CXL memory in the community. Lastly,
our Caption is specifically optimized for CXL memory, making the
most out of the memory bandwidth available for a given system.

Since the inception of the concept in 2019, CXL has been heav-
ily discussed and invested by researchers and practitioners. For
instance, Meta envisioned using CXL memory for memory tiering
and swapping [64, 86]; Microsoft built a CXL memory prototype sys-
tem for memory disaggregation exploration [11, 59]. Most of them
used NUMA servers to emulate the behavior of CXL memory. There
are also efforts in building software-based CXL simulators [91, 96].
Gouk et al. built a CXL memory prototype on FPGA-based RISC-
V CPU [29]. There are also a body of work focusing on certain
particular applications [52, 71, 74]. Different from the prior stud-
ies, this paper presents the first comprehensive study on true CXL
memory and compares it with emulated CXL memory using the
commercial high-performance CPU and CXL devices with both
microbenchmarks and widely-used applications, which can bet-
ter help the design space exploration of both CXL-memory based
software systems and simulators.

8 CONCLUSION

In this paper, we have taken a first step to analyze the device-
specific characteristics of true CXL memory and compared them
with NUMA-based emulations, a common practice in CXL research.
Our analysis revealed key differences between emulated and true
CXL memory, with important performance implications. Our analy-
sis also identified opportunities to effectively use CXL memory as a
memory bandwidth expander for memory-bandwidth-intensive ap-
plications, which leads to the development of a CXL-memory-aware
dynamic page allocation policy and demonstrated its efficacy.
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A ARTIFACT APPENDIX
A.1 Abstract

This appendix explains how to reproduce the results presented in
this paper, which is based on an evaluation platform described
in Table 1. In the following sections, we provide guidelines to
access, build, and setup the environments for individual (mi-
cro)benchmarks evaluated in this work. We also provide a set of
scripts that automatically collect the results after running experi-
ments. The artifact is available publicly through an archived repos-
itory.

A.2 Artifact check-list

e Program:

- Intel MLC (Memory Latency Checker) v3.10 [42]: Figure 3, 4.
- memo: Figure 3, 4.

— YCSB (Yahoo! Cloud Serving Benchmark) [19]: Figure 6, 9, 13.
- Redis [69]: Figure 6, 9, 13.

— DSB (DeathStarBench) [28]: Figure 6.

— FIO (Flexible I/O Tester) [7]: Figure 8.

- MERCI [58]: Figure 9, 11, 12.

- SPEC CPU2017 [13]: Figure 12, 13.

- Caption: Figure 12, 13.

e Compilation: GCC-11.4.0 (memo, FIO, SPEC2017, MERCI), Maven
3 (YCSB). For the other benchmarks, please refer to their repository
for proper environemnet setup.

e Binary: Intel MLC v3.10, Redis, DeathStarBench.

OS environment: Ubuntu 22.04.2 LTS with different kernel ver-

sions and patches.

— TPP-related tests: Linux kernel v5.13 with TPP patch [63].

- Caption, memory interleaving tests: Linux kernel v5.19 with
m-n memory interleave patch [85].

— Else: Linux kernel v6.2.

e Hardware: An evaluation platform with dual-socket Intel Xeon
6430 CPUs, 8-channel DDR5-4800 modules for socket 0, 1-channel
DDR5-4800 module for socket 0, and three CXL devices (Table 1).

e Run-time state: Fixed CPU frequency (2.1 GHz), Turbo

Boost/Hyper-Threading off.

Metrics: The artifact reports memory access latency (ns), memory

bandwidth (GB/s), or application throughput (query per second for

Redis, inference per second for DLRM).

o Output: . txt files including collected metrics corresponding to

individual experiments.

Experiments reproduced: Figure 3,4, 6, 8,9, 13.

How much disk space required (approximately)?: 20 GB stor-

age for DeathStarBench docker images, 50 GB storage for FIO, 5 GB

for MERCI dataset.

o How much time is needed to prepare workflow (approxi-
mately)?: More than 3 hours.

o How much time is needed to complete experiments (approxi-
mately)?: More than 48 hours.

o Publicly available?: Yes.

o Code licenses (if publicly available)?: GPL v2.0.

e Archived: https://zenodo.org/record/8332543

A.3 Description

A.3.1  How to access. Our own microbenchmark (memo) and pro-
posed page allocation software (Caption) are archived at Github
and Zenodo. The other (micro)beanchmarks (except for SPEC
CPU2017) are open-sourced that are publicly available at:
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e Intel MLC v3.10: https://www.intel.com/content/www/
us/en/download/736633/763324/intel-memory-latency-
checker-intel-mlc.html

YCSB: https://github.com/brianfrankcooper/YCSB

Redis: https://github.com/redis/redis

DSB: https://github.com/delimitrou/DeathStarBench

FIO: https://github.com/axboe/fio

MERCI: https://github.com/SNU-ARC/MERCI

A.3.2  Hardware dependencies. We conduct evaluations on an Intel
SPR platform equipped with three types of CXL memory devices,
as described in Table 1. Sub-NUMA clustering mode (SNC) is dis-
abled for Intel MLC and memo and enabled (i.e., SNC-4) for the later
experiments. For a fair comparison with the local CXL memory
devices each of which uses a single PCle link, we limit the remote
DDR5 memory to use only a single DRAM channel, as follows:

- Socket @ (Local)
- DIMM 0@ <Inserted>
- DIMM 1 <Inserted>

- DIMM 7 <Inserted>
- Socket 1 (Remote)

- DIMM @ <Inserted>

- DIMM 1 <Not used>

- DIMM 7 <Not used>

A.3.3  Software dependencies. Our testbed runs Ubuntu 22.04.3 LTS
with kernel version 6.2. Most native installation of Ubuntu does not
come with 1ibnuma, which is used in memo for allocating memory
on a specific NUMA node. The following command will install
libnuma on Ubuntu.

$ sudo apt install libnuma-dev

Additionally, we use cpupower to fix the CPU frequency to 2.1 GHz
in all experiments. The following command will install Linux tools
including cpupower on Ubuntu.

$ sudo apt install linux-tools-$(uname -r)

For the rest of the benchmarks, please follow the guidelines in
GitHub pages to setup the corresponding environments.

A.4 Installation

To install memo or Caption, we first need to clone the source code:

$ git clone https://github.com/ece-fast-lab/cx1_type3_tests

Then, go to the source code directory:

$ cd memo_ae/src

Finally, build the executable binary from the source code:

$ make
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To test Caption, please go to the source code directory for Caption:

$ cd caption_ae/src

A.5 Experiment workflow

We provide guidelines for BIOS configuration as well as automated
scripts for all evaluated workflows. Within these scripts, the com-
mon operation goes as follows:

$ # set software / hardware environment
$ # run application in loops
$ # unset the environment

In most cases, BIOS configuration involves enabling and disabling
Sub-NUMA clustering (SNC) and hyperthreading. In the software
level, Setting and un-setting the environment involves locking/un-
locking the CPU frequency, and creating cgroup directories for
fine-grain control over cpu and memory resources. Detailed experi-
ment steps for each experiment (regarding Figure X) is available at
the config_figure_X.md file in the folders of the repository.

A.6 Evaluation and expected results

After running each experiment (§A.5), the result data (memory
access latency and bandwidth, application throughput, etc.) can
be automatically collected using a provided script corresponding
to each figure. For more detailed instructions, please refer to each
run_figure_X.md file in the repository.

A.7 Experiment customization

To run DeathStarBench with the proper NUMA node in Figure 6b,
6¢, and 6d, we modify the following docker images to pin their CPU
and memory to the desired NUMA node.

e MongoDB: Change entrypoint.sh
e Redis: Install numactl
e Memcached: Install numactl

For Redis and Memcached, the numactl command is embedded
in the docker-compose file, whereas MongoDB requires manual
changes to the entrypoint.sh within the docker image. Please
refer to the setup_docker.md in the repository for the detailed
steps in modifying the docker images.
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