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ABSTRACT

Memory disaggregation is a promising solution to scale memory
capacity and bandwidth shared by multiple server nodes in a flexi-
ble and cost-effective manner. DRAM power consumption, which
is reported to be around 40% of the total system power in the dat-
acenter server, will become an even more serious concern in this
high-capacity environment. Exploiting the low average utilization
of DRAM capacity in today’s datacenters, it is appealing to put
unallocated/cold DRAM ranks into a power-saving mode. How-
ever, the conventional DRAM address mapping with fine-grained
interleaving to maximize rank-level parallelism is incompatible
with such rank-level DRAM power management techniques. Fur-
thermore, existing DRAM power-saving techniques often require
intrusive changes to the system stack, including OS, memory con-
troller (MC), or even DRAM devices, to pose additional challenges
for deployment. Thus, we propose DRAM Translation Layer (DTL)
for host software/MC-transparent DRAM power management with
commodity DRAM devices. Inspired by Flash Translation Layer
(FTL) in modern SSDs, DTL is placed in the CXL memory controller
to provide (i) flexible address mappings between host physical ad-
dress and DRAM device physical address and (ii) host-transparent
memory page migration. Leveraging DTL, we propose two DRAM
power-saving techniques with different temporal granularities to
maximize the number of DRAM ranks that can enter low-power
states while provisioning sufficient DRAM bandwidth: rank-level
power-down and hotness-aware self-refresh. The first technique con-
solidates unallocated memory pages into a subset of ranks at deallo-
cation of a virtual machine (VM) and turns them off transparently to
both OS and host MC. Our evaluation with CloudSuite benchmarks
demonstrates that this technique saves DRAM power by 31.6% on
average at a 1.6% performance cost. The hotness-aware self-refresh
scheme further reduces DRAM energy consumption by up to 14.9%
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with negligible performance loss via opportunistically migrating
cold pages into a rank and making it enter self-refresh mode.
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1 INTRODUCTION

Recently, demands for DRAM capacity and bandwidth have in-
creased rapidly to run emerging datacenter applications in mem-
ory, such as machine learning and data analytics, with low la-
tency and/or high throughput [43, 44]. However, the conventional
multi-socket server imposes strong coupling between compute
resources and memory resources to make it challenging to scale
DRAM capacity and bandwidth flexibly according to applications’
demands [35, 40]. Several proposals attempt to address this issue by
augmenting OS to classify hot and cold memory pages and offload
some of the cold pages to either persistent storage or unused DRAM
space of remote nodes [19, 20, 31]. However, they incur a large la-
tency/throughput penalty for memory due to coarse-grained data
transfers with heavyweight disk or network I/Os.

Memory disaggregation is a promising solution to this problem
by allowing datacenter providers to scale both DRAM capacity and
bandwidth in a flexible and cost-effective manner. Emerging proces-
sor interconnects such as Compute Express Link (CXL) [3] catalyze
the adoption of this technology. CXL provides high-bandwidth, low-
latency, cache-coherent memory load/store semantics through the
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Figure 1: Memory usage profiling of Microsoft Azure VM
traces.

PCle-based physical interface, enabling applications to access large-
capacity disaggregated memory without OS intervention. State-
of-the-art datacenter CPUs, such as AMD’s Genoa [8] and Intel’s
Sapphire Rapids [4], already support CXL for memory expansion.

However, the widespread adoption of CXL-based high-capacity,
high internal-bandwidth DRAM devices will pose another challenge
in DRAM power management, which is already a serious concern.
According to a recent report from Meta [57], DRAM power con-
sumption is expected to reach 38% of total power consumption
in their datacenter infrastructure. Deployment of terabyte-scale
disaggregated DRAM devices in datacenters is likely to push up this
number by lowering the compute-to-memory capacity ratio. Thus,
reducing DRAM power consumption in disaggregated memory is
critical to save total cost of ownership (TCO) in datacenters [41].

JEDEC standards already specify low-power states to save DRAM
energy consumption, such as maximum power saving mode (MPSM)
and self-refresh mode (SR) [48]. The former turns off a DRAM device
with no data retention for maximal energy savings; the latter main-
tains data retention with periodic refresh commands. However, it
is still challenging to exploit them in the conventional server partly
due to the practice of DRAM address interleaving to maximize rank-
level parallelism [34]. Existing proposals for managing the power
state of a specific rank include memory allocation-time coordina-
tion, run-time active migration, or both. However, these proposals
require intrusive modifications to OS [24, 26, 30, 34, 59], memory
controller (MC) [17, 21, 28, 34, 59], or even DRAM devices [28, 34],
to pose deployment challenges in today’s datacenters.

To address this challenge, we propose DRAM Translation Layer
(DTL), a mechanism for flexible address mapping and data migration
within CXL-based memory devices. Inspired by Flash Translation
Layer (FTL) in modern SSDs, DTL introduces a level of indirection
in address translation from host physical address (HPA) to DRAM
device physical address (DPA). Unlike FTL, DTL adopts a hard-
ware automated data path to have minor (<2%) impact on remote
memory access latency from the host with a low hardware cost.
Leveraging DTL, we can effectively consolidate unallocated/cold
DRAM pages into a subset of ranks to maximize rank-level power-
saving opportunities while provisioning sufficient DRAM band-
width. In particular, we propose two DRAM power management
techniques: rank-level power-down and hotness-aware self-refresh.
The former applies the maximum power saving mode (MPSM) to
a subset of ranks by consolidating unallocated pages to them at
deallocation of a virtual machine (VM). The latter further saves

Jinetal.

8-rank m®4-rank m2-rank

Norm. Performance

Figure 2: Performance profiling with varying numbers of ac-
tive ranks.

DRAM power over the remaining active ranks that require data
retention by entering self-refresh (SR) mode for a rank to which
cold pages are collected. Both techniques are completely transpar-
ent to the host, requiring no changes to OS, hypervisor, MC, or
DRAM device itself. Our evaluation with CloudSuite benchmarks
shows the rank-level power-down technique reduces DRAM en-
ergy consumption by 31.6%. For the remaining active ranks, the
hotness-aware self-refresh scheme can provide additional DRAM
energy savings by up to 14.9%.
Our contributions can be summarized as follows:

e We introduce DRAM Translation Layer (DTL), the first pro-
posal of a mechanism for address (re)mapping from host
physical address to DRAM device physical address and mem-
ory page migration transparent to both software stack and
MC on the host.

e Leveraging DTL, we propose a rank-level power-down tech-
nique to maximize the number of ranks with none of their
pages allocated to any VMs and hence can be safely put into
maximum power saving mode (MPSM).

e We also propose a hotness-aware self-refresh scheme to
further save DRAM energy by collecting and migrating cold
pages to a rank and putting it into self-refresh mode.

e We present detailed evaluation of the two power-saving
techniques to show their effectiveness in terms of DRAM
power savings and negligible performance cost via both real-
machine measurements and trace-driven simulation.

2 BACKGROUND AND MOTIVATION

Low Utilization of DRAM Capacity in Datacenters. Prior stud-
ies show that DRAM power consumption already accounts for a
considerable portion of the total system power [9, 22, 57] and an
increasing portion of the total cost of ownwership (TCO) in data-
centers [41]. However, the memory capacity utilization on average
is relatively low with only around 40-60% [34, 38, 46, 52]. We re-
produce this in Figure 1 using the VM traces from Microsoft Azure
public dataset [15]. We randomly pick 400 VMs whose trace con-
tains information about the numbers of vCPU, vMemory size, and
the lifetime following the same original distribution and schedule
them for six hours on a server machine with 48 vCPUs and 384 GB
memory. The results demonstrate that the average memory capac-
ity usage is less than 50%. Note that the memory usage here means
a sum of memory capacity reserved for all active VMs. The actual
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memory footprint may be smaller as there are free, unallocated
pages within each VM.

Low Returns from Rank-level Parallelism. We also find there
is only small performance degradation even if we reduce the number
of available ranks in a server machine while keeping the number of
DRAM channels and banks constant. We run 10 CloudSuite bench-
marks [2] on a real machine with four DRAM channels and varying
numbers of ranks per channel from eight through two. We allocate
64GB of memory and 28 physical CPU cores in each configuration.
Each workload is tuned to enlarge the working set as much as pos-
sible. Figure 2 shows an average of 0.7% performance loss for the
2-rank configuration compared to the 8-rank configuration. This
is partly because of a sufficient amount of bank/channel-level par-
allelism giving rank-level parallelism only marginal additional re-
turns. A similar observation is made in a long-latency disaggregated
memory environment (Section 3.3). Thus, there are opportunities
to take advantage of this, together with low memory utilization, to
save DRAM power with little performance loss.

DRAM Low-power States. DRAM modules support several low-
power states performed at the rank-level, which consists of a group
of DRAM banks selected by the Chip Select (CS) bit and operating
in tandem. In the self-refresh mode, the DRAM device retains data
without external clocking and thus consumes only about 10-20% of
power [30, 34] compared to the standby (active) mode, with an exit
penalty of hundreds of nanoseconds [47]. The maximum power
saving mode (MPSM) is similar but with no self-refresh. MPSM does
not guarantee data retention and does not respond to any external
commands other than MSPM_exit, thus providing the lowest power
state. According to JEDEC, turning off refresh operations for half of
the ranks could reduce the DRAM power in the self-refresh mode
by 33% [32]. This implies that DRAM in MPSM consumes only 3.4-
6.8% of power compared to the standby power. MPSM exit penalty
is in an order of hundreds of nanoseconds [47].

Limitations of Existing Work. Existing proposals to leverage
the low-power states of DRAM devices for system power savings
mostly target the conventional server and hence require modifica-
tions to OS, MC, or both. On the software side, virtual-to-physical
address mappings are controlled by OS and it is very challenging to
consolidate unallocated/cold pages into a specific rank without co-
ordination with/modifications to the OS. This becomes even more
challenging with DRAM address interleaving of channel, rank, and
bank bits to balance utilization and maximize parallelism in DRAM
accesses. To overcome this challenge, there are proposals for hard-
ware support. For example, both RamZzz [59] and Huang et al. [26]
propose tracking mechanisms for hot/cold pages and dynamic mi-
gration of DRAM pages to consolidate cold pages. GreenDIMM [34]
is a recent proposal for sub-array level power management to not
interfere with DRAM address interleaving. However, this proposal
requires modifications to all of OS, MC, and DRAM devices. In
spite of the power-saving potentials, such intrusive changes to the
system hardware/software stack require careful multi-party coor-
dination including DRAM vendors, CPU vendors, and datacenter
operators, to pose significant deployment challenges.

Our Approach. CXL opens up opportunities for encapsulating
power-state management completely within the CXL memory de-
vice. This makes the DRAM power management transparent to the
host, including OS, MC, and user applications. It can be realized
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Figure 3: Design overview.

by introducing a level of address translation and a mechanism for
flexible data migration, which currently lacks in the CXL memory
device. To this end, we propose DRAM Translation Layer (DTL) and
two device-side power-management schemes for both unallocated
and cold pages.

3 DRAM TRANSLATION LAYER

3.1 Overview

Our design goal is to translate unallocated/cold DRAM capacity
into DRAM power savings transparently to OS and MC on the
host, while minimizing performance degradation caused by address
translation or page migration. At the core of our design is DRAM
translation layer (DTL), which flexibly controls DRAM address map-
pings and data migration to maximize the number of DRAM ranks
that can be put into low-power states. In particular, DTL serves
as an in-device address translation layer between host physical
address (HPA) and DRAM device physical address (DPA).

Figure 3 shows an overview of the design. In a multi-tenant
VM environment, VMs on multiple compute nodes share a CXL-
attached pooled memory node. DTL evenly allocates the VM’s data
across the memory channels without rank-interleaving. Thus, idle
ranks can enter low-power states without compromising available
channel bandwidth. We integrate DTL in the CXL controller, which
provides the following three functionalities:

e Address translation from HPA to DPA to support flexible
data migration and address remapping

e Rank-level power-down for consolidating unallocated DRAM

pages to a subset of ranks at VM deallocation to maximize
opportunities for entering maximum power saving mode
(MPSM)
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Figure 4: Address translation in DTL.

e Hotness-aware self-refresh for periodically monitoring
per-rank accesses to identify a cold (victim) rank and swap-
ping cold-hot pages across ranks to maximize the rank idle
time for entering self-refresh mode

3.2 Address Translation

Figure 4 illustrates the HPA-DPA translation process in DTL. DTL
adopts address translation at a segment granularity. A large segment
would reduce the storage overhead of the segment mapping table
while increasing the overhead of segment migration and the degree
of internal hot/cold fragmentation. We use the segment size of
2MB by default to balance the storage overhead and the segment
migration overhead. When a DRAM access request arrives, DTL
looks up the segment mapping cache, which takes a two-level TLB-
like structure for fast HPA-to-DPA translation. Upon a cache hit,
the request is sent to the corresponding MC for DRAM access. If it
misses, DTL walks through a three-level indirection path to retrieve
the HPA-to-DPA mapping.

The address translation process finds the DRAM segment number
(DSN) for the given host segment number (HSN). Figure 4 also
shows the breakdown of the HPA address bits including HSN and
the three tables on the miss path. An HSN consists of host ID,
allocation unit (AU) ID, and AU offset, where AU is the minimum
memory allocation unit to each VM. We use the AU size of 2GB
as it is the minimum vMemory allocation size per instance in the
top-three cloud vendors [7, 23, 42]. DTL first retrieves the base
address of the AU table for host ID from the host base address table.
In the next step, it accesses the corresponding AU table with AU
ID as an index to fetch the AU base address. Finally, DTL accesses
the segment mapping table using AU offset as an index, which
maintains HSN-to-DSN mappings for all segments that belong to
the AU in question.

Note that the first two levels of the tables are stored in on-chip
SRAM while the last-level table containing all HSN-to-DSN map-
pings is maintained in DRAM. Section 6.6 discusses the space over-
head for these table structures. Thus, the address-translation miss
path costs two SRAM accesses followed by one DRAM access. This
cache miss path is infrequently walked through as the two-level
segment mapping cache filters most of the address translation re-
quests.
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Figure 5: Performance impact of rank-interleaving with dif-
ferent memory access latencies (local and CXL).
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Figure 6: DRAM physical address bit mapping for a 1TB CXL
memory device (4 channels with 8 ranks/channel).

3.3 Rank-level Power-down

DRAM Physical Address Bit Mapping. Commodity DRAM de-
vices enter low-power states at a rank granularity. However, the
conventional DRAM address interleaving, which evenly distributes
data across ranks at a fine granularity, makes it difficult to enter
the low-power states. Previous studies [10, 60] suggest that the per-
formance benefits of rank interleaving are relatively small and may
become even smaller for CXL devices due to long remote access
latency. As shown in Figure 5, our experiments with CloudSuite
benchmarks also confirm this point. (Refer to Section 5.1 for the
experimental methodology.) Even if we do not exploit fine-grained
rank-interleaving (but still exploit channel-interleaving), the aver-
age performance loss is only 1.7% for local memory. This cost is
further reduced to 1.4% in the long-latency environment for CXL
memory. Thus, we decide to utilize channel-interleaving only but no
rank-interleaving to uncover opportunities for entering rank-level
low-power modes. Figure 6 shows the proposed DRAM address
mapping for a 1TB CXL memory device. Rank bits are placed as the
most significant bits not to exploit rank-interleaving. Channels are
interleaved at segment granularity. Each channel’s capacity and
bandwidth resources are evenly allocated to every VM instance,
thereby exploiting memory-level parallelism across channels and
banks.

Rank-level DRAM Power State Transition. DTL performs power
state transition at a rank-group granularity, where a rank group
indicates a set of ranks with the same rank index across all mem-
ory channels. DTL keeps track of the memory allocation status of
all VMs and the power state of each rank. At every VM dealloca-
tion, DTL checks if the unallocated memory capacity among active
ranks exceeds the size of a single rank-group. If so, DTL migrates
the live segments from the rank-group with the least allocated
space to VMs to increase the number of rank-groups in the power-
down state (MPSM). Since the capacity utilization of each channel
is always the same due to the proposed DRAM address mapping
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Figure 7: Rank-level Power-down (RG indicates rank group).

scheme, changing the power state at a granularity of individual
ranks (instead of rank-groups) would lead to unbalanced usage of
DRAM channel bandwidth for some of the live VMs. Therefore, we
control the DRAM power state at a rank-group granularity with-
out compromising the available channel bandwidth for each VM
instance.

Example Walk-through. Figure 7 illustrates how the proposed
power-saving technique works. When the unallocated capacity is
large enough to make a power-down rank-group @ after deallo-
cation of VM1, @ DTL selects rank-group (RG) 1 as a victim rank
group due to its low capacity utilization. ® The segments of VM2
allocated to rank-group 1 are migrated to rank group 0 for idle-rank
expansion. After that, DTL sends a power transition request to the
DRAM controller, and @ the victim rank-group finally enters the
maximum power saving mode to reduce the DRAM background
power. When @ VM3 asks for memory resource allocation, ® rank-
group 1 exits power-down mode and is reactivated due to the short-
age of available space in the active ranks. There is a latency penalty
in order of hundreds of nanoseconds for exiting maximum power
saving mode. However, the MPSM_exit() command is followed by
the initialization stage of the newly allocated VM with memory
allocation operations to the DTL reserved memory, rather than
regular memory load/store requests from the pre-allocated VMs to
the reactivated ranks. Thus, no performance penalty is observed
by those existing VMs.

3.4 Hotness-aware Self-refresh

DTL can achieve further power savings via hotness-aware self-
refresh. Even if the rank retains only a small amount of live seg-
ments, the entire DRAM rank needs to be refreshed periodically for
data retention. No further DRAM power savings can be achieved
if we apply only rank-level power-down. The basic idea of this
optimization is to collect cold segments to a specific victim rank
and put that rank into self-refresh mode.

Additional Structures for Hotness-aware Self-refresh. Addi-
tional SRAM structures called migration table, are introduced to
track access to each segment. As shown in Figure 8, every segment
has an entry with three fields: access bit, rank number, and segment
number. The last two numbers indicate the target rank-segment
pair for migration. The DTL enables us to find a segment remap-
ping plan that would maximize idle time for the victim (cold) rank.
Besides, DTL provides a per-rank memory access counter to select
the least accessed rank as the victim rank to enter self-refresh mode
and a timer for gauging the coldness of the segments in the victim
rank.

o |Access | Rank # | Seg # ~ | Access | Rank #| Seg #
M 0 0 Zl o N-1 0
5 E
S S
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Figure 8: Illustration of migration table updates: (a) initial
state, (b) update for the segment access in the victim rank,
and (c) update for access to the segment whose correspond-
ing entry has already been swapped.

Two Phases of Hotness-aware Self-refresh. Hotness-aware self-
refresh consists of two phases: profiling phase and migration phase.
DTL suppresses excessive data migration by postponing entering
the migration phase until a sufficiently long idle time is expected
after migration. Specifically, DTL transitions to the migration stage
only if there is no access to the hypothetical victim rank that would
be produced by segment migration according to the migration table
for the profiling time threshold (e.g., 50ms). Otherwise, the timer
will be reset to stay in the profiling phase.
Phase 1: Profiling. At the beginning of the profiling phase, the
rank with the fewest accesses for each channel over a specific time
window (i.e., 0.5ms) is selected as the victim rank. A target rank is
chosen in a round-robin manner among the other active ranks. A
cold segment in the target rank is progressively swapped with a
hot segment in the victim rank to fill the victim rank ideally with
cold segments only. The target segment pointer (TSP) is utilized
to identify a cold segment in the target rank, whose role is similar
to the hand (iterator) in the CLOCK algorithm [14]. CLOCK imple-
ments pseudo-LRU for OS page replacement with a 1-bit reference
for each page frame to store access history. TSP traverses from the
first entry and wraps around once it reaches the bottom of the rank.
Figure 8(b) and (c) illustrate the migration table update algorithm
for access to the segment whose corresponding entry is in the
hypothetical victim rank (with the rank number set to M). @ If the
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segment being accessed is in the victim rank, the corresponding
entry in the victim rank swaps with the entry pointed by the TSP.
Like the CLOCK algorithm, if the access bit is set to 1, @ DTL resets
its access bit to 0 and then moves TSP to the next entry. ® TSP
keeps moving to the next entry until an entry whose access bit is 0
or a timeout occurs. Then it swaps the rank and segment numbers
between the victim entry and the target entry. Note that actual
segment migration does not happen until the migration phase; it
only simulates a segment migration plan that potentially maximizes
the victim rank idle time.

A timeout is enforced for two reasons. The first is to prevent a
long search time (i.e., over a single DRAM access latency) for a cold
segment in the target rank. Otherwise, there would be a backlog
with DRAM requests arriving continuously. The second is to collect
cold segments from multiple target ranks. When a timeout occurs,
TSP moves to the next target rank in a round-robin fashion. The
default timeout threshold is set to 40ns, which is shorter than a
single DRAM access latency.

If the corresponding entry of the segment being accessed has
already been swapped, which means this segment is not cold, ®
DTL restores the entry’s rank and segment number. @ Then DTL
first retrieves the entry whose access bit is 0 in the target rank and
® swaps the rank and segment number with the entry in the victim
rank.

Phase 2: Migration. In the migration phase, DTL traverses the en-
tire victim rank and finds the hot segments that need to be migrated.
DTL performs a swap operation between the hot segment in the
victim rank and the corresponding cold segment in the target rank.
A new HPA-to-DPA mapping update, including an update of the
segment mapping table and an invalidation of the corresponding
entry in the segment mapping cache, if any, follows every swap
operation. After all migration is done, the rank and segment num-
bers in the migration table are re-initialized. Finally, DTL puts the
victim rank into self-refresh mode.

Exit from and Re-entry into Self-refresh Mode. If a segment
of a rank in self-refresh mode is accessed, the rank is transitioned
back to the standby mode. DTL restarts the profiling stage and
selects a victim rank. In most cases, a reactivated rank requires only
a small amount of data migration to re-enter the self-refresh mode.
This is because most segments in the victim rank still remain cold.

4 IMPLEMENTATION
4.1 Address Mapping Granularity

Consideration of Memory Access Stride. DTL proposes a new
segment-level indirection layer for HPA to DPA translation. As we
mentioned in Section 3.3, DTL interleaves channel bits in DRAM
address but not rank bits. To exploit channel-level parallelism ef-
fectively, a segment size smaller than the memory access stride
is preferred to distribute adjacent memory accesses to different
channels. Note that our DRAM physical address (DPA) has channel
bits at the next higher-order bits to the segment offset (Figure 6).
Figure 9 shows the distribution of post-cache memory access
strides using 8 CloudSuite benchmarks for both single-application
traces and mixed traces. The details of CloudSuite trace generation
are described in Section 5.2. There are a couple of observations.
First, even with single-application traces, the memory stride of
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4MB or longer has a dominating portion in the distribution. Second,
with multiple copies of applications running, the portion of 4MB or
longer becomes even higher. In particular, the portion of 4MB strides
or higher becomes dominant even for the three applications with
narrow access strides in standalone execution (i.e., Data-serving,
Media-streaming, and Web-serving). Moreover, 89.3% of memory
accesses have a stride greater than 4MB in the mixed workload of
the 8 applications.

Thus, on the one hand, any segment size smaller than or equal

to 4MB would be acceptable to exploit channel-level parallelism.
On the other hand, we prefer a segment size of 2MB or larger to
reduce the storage overhead for the segment mapping table and fit
the migration table in on-chip SRAM. Therefore, we consider 2MB
and 4MB for candidate segment size.
Segment Reuse Distance and Mapping Granularity. We fur-
ther analyze the correlations between the remapping granularity
and the segment reuse distance of the post-cache memory accesses.
As shown in Figure 10, 33.2% and 61.5% of segments can be consid-
ered cold with 4MB and 2MB remapping granularity, respectively,
since the access distance is more than 10 million memory instruc-
tions. For hotness-aware self-refresh, a high ratio of cold segments
implies a greater chance of collecting enough cold segments to put
a rank into self-refresh mode and maintain this low-power state.
Given that 2MB granularity shows a much higher ratio of cold
segments, we choose 2MB for the address mapping granularity to
keep the space overhead manageable while maintaining a large
portion of cold segments.
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4.2 Data Migration

Two Types of Data Migration. In rank-level power-down, DTL
copies the live segments in the victim rank to the free space in
the remaining ranks. In contrast, in hotness-aware self-refresh,
DTL swaps cold and hot segments according to the content of the
migration table.

There are three hardware structures to support data migration:
allocated segment queue, free segment queue, and reverse map-
ping table. The allocated (free) segment queue consists of multi-
ple queues, each containing allocated (free) memory addresses of
the corresponding rank, which is used for memory allocation and
searching the source (destination) address of copy operation. The
reverse mapping table maintains the mapping information from
DSN to HSN, which is used for updating the segment mapping table
after data migration. These structures are stored in the reserved
DRAM space where the segment mapping table is placed.
Atomic Data Migration. There are two separate queues on the
scheduling path of each channel: foreground request queue and
migration queue. A single segment migration request is internally
broken down into cache line-sized requests to access DRAM, and
internal counters track the progress of migration. To ensure fore-
ground performance, the migration queue issues a request only if
there is no pending DRAM access request in the foreground request
queue of the same channel. After the migration of the entire 2MB
segment is complete, the mapping information is updated by inval-
idating the corresponding entry, if any, in the segment mapping
cache, and updating the segment mapping table.

DTL holds the status of outstanding migration requests in reg-
isters for each channel, including the old DSN, the new DSN, and
the completion bit. The completion bit is set when the migration
request is complete, but the mapping table still needs to be updated.
When a foreground write request arrives, DTL first checks if the
request falls on any of the segment being migrated. If not, it just
proceeds normally to issue a DRAM request. If so, DTL checks
whether the completion bit is set. If the completion bit is 1, DTL
issues a write request to the foreground queue corresponding to the
new DSN. If not, depending on whether the requested cache line is
already migrated or not, DTL either proceeds with the write with
the original DSN (if not migrated yet) or simply aborts the entire
request in progress (if already migrated). Then the internal counter
is reset and the migration request is retried. If the time of retries
for a request exceeds a certain threshold (e.g., three), DTL moves
the request to the tail of the migration queue for re-execution. Cor-
rectness is guaranteed as foreground requests have higher priority
than migration requests.

4.3 Support Functions for Segment-level
Operations

Balancing Segment Allocation. When DTL is required to allo-
cate memory for a VM, each channel provides an equal number
of free segments from its free segment queue. Moreover, for the
rank with the highest capacity utilization in each channel, its free
segment queue has the highest priority when providing free seg-
ments. This strategy minimizes data migration overhead while
provisioning sufficient bandwidth.
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Table 1: Experimental setup.

Server configurations

CPU Intel Xeon Gold 6258R, 28-core @ 2.7GHz
DIMM configuration | 4R x4 128GB DDR4-2933 DIMMs
Channel 6 channels, 2 DIMMs per channel
Total DRAM size 1TB (384GB used)

Memory access latency
Native DRAM 121ns
CXL memory 210ns

Virtualizing Rank Group. Due to migration at segment granu-
larity, the utilization of each rank in a rank-group may vary due
to hotness-aware self-refresh. Thus, when a VM is deallocated and
rank-level power-down is applied, the index of the idle rank can
be different in each channel. In this case, DTL forms a virtual rank-
group by taking idle ranks with different rank IDs and putting it
into maximum power saving mode.

5 METHODOLOGY

5.1 Setup for Rank-level Power-down

Experimental Setup. We use a real server machine and emulate
CXL memory latency with Quartz [54]. The machine configura-
tions are summarized in Table 1. We put ranks into a low-power
state at a granularity of two ranks instead of one since a pair of
ranks share a clock enable pin (CKE) [48] in the DRAM DIMM we
used. DRAM access latency measured by Intel Memory Latency
Checker (MLC) [5] on our server is 121ns. The CXL memory is
emulated using Quartz, whose latency is set to a reported value
from a recent work [41]. Quartz monitors hardware event counters
and emulates different memory latencies by injecting delays into
the user application thread. Our evaluation uses 24 CPU cores to
offer 48 vCPUs with hyperthreading. We provision 8GB per vCPU,
which falls within a typical range of VM configurations (i.e., 4-
11GB/vCPU [1]). Thus, we only utilize 384GB in total out of the
1TB DRAM via memory ballooning [55], and the standby power
numbers are scaled down proportionally.

Modeling Rank-level Power-down. We apply the VM schedul-
ing scheme in Figure 1 in Section 2. The workload running on
each VM is randomly selected from CloudSuite benchmarks and
we measure the actual DRAM power consumption for six hours
using Intel’s Performance Counter Monitor (PCM) [6]. The lifetime
of a VM in the VM trace [15] is a multiple of 5 minutes. At every
5-minute interval we re-calculate the number of active ranks re-
quired based on the snapshot of VM memory usage. For the rest of
the paper, the term N-rank configuration refers to a configuration
in which N active ranks are utilized to provide enough memory
capacity. We use the 8-rank configuration as a baseline by popu-
lating two 4-rank DIMMs per channel. To estimate DRAM power
savings with rank-level power down, we profile the DRAM power
consumption with a varying number of ranks per channel from
two through eight. To model the 2-rank configuration, we utilize
the rank sparing feature [56] to disable two ranks in the 4-rank
DIMM. Using these numbers, we estimate the total DRAM power
consumption over the 6-hour VM schedule by combining the power



ISCA 23, June 17-21, 2023, Orlando, FL, USA

Table 2: Normalized power consumption in the different

DRAM power states.

DRAM Power State

Normalized Power

Standby

1.0

Self-refresh

0.2

MPSM

0.068

-#-8-rank
*4-rank

~-6-rank (estimated)
2-rank

Table 3: Simulator configurations.

Jinetal.

Simulator configurations

Memory 16GB, 32GB

Simulation length 20 billion instructions/workload
Host-side cache configurations

L1-d 32KB, 8-way, LRU

L2 1MB, 8-way, LRU

LLC 8MB, 16-way, LRU

DTL cache configurations

L1 segment mapping cache

64-entry, fully-associative cache

Norm. Background
DRAM Power

Active DRAM Power
of Single Rank (W)

Bandwidth Utilization(GB/s)
(a) (b)

Figure 11: DRAM power consumption with different num-
ber of active ranks per channel: (a) normalized DRAM back-
ground power and (b) normalized DRAM active power to
memory bandwidth utilization ratio for a single rank.

number with a different number of active ranks for every 5-minute
interval.

DRAM Power Estimation. The total DRAM power is a sum of
background power and active power. Table 2 tabulates the normal-
ized background power in different power states. Figure 11(a) shows
the background power (including refresh power) with a varying
number of active ranks per channel. Our measurements on the
server machine also demonstrate a near-linear scaling of the active
power to the bandwidth utilization. The power consumption of
the 6-rank configuration is estimated by interpolating 4-rank and
8-rank configurations. We also take into account the impact of data
migration on power consumption. Additional active power con-
sumption is reflected in the corresponding time interval, which is a
short period at the deallocation of a VM until segment migration
is completed. To estimate this interval, we measure the execution
time of memcpy () with imposed bandwidth limitation by setting
the thermal control register (i.e., THRT_PWR_DIMM_[2:0]) as seg-
ment migration opportunistically utilizes the unused bandwidth by
foreground VMs.

Execution Time Estimation. The overall execution time is ad-
justed via post-processing. Section 3.3 demonstrates that CloudSuite
reports a 1.4% performance loss on average by disabling rank in-
terleaving. We apply this overhead to all rank configurations. The
performance overhead of reducing the number of active ranks and
DTL address translation (see Section 6.1) is also reflected. Note that
data migration is performed in background by utilizing unused
DRAM bandwidth and does not affect foreground VM performance.

5.2 Setup for Hotness-aware Self-refresh

Trace-driven Simulation Setup. We extend Linux pagemap for
Intel Pintool [39] to collect physical memory address traces for the 8

L2 segment mapping cache | 1024-entry, 4-way set associative cache

Table 4: Memory accesses per kilo-instructions (MAPKI).

Workloads MAPKI | Workloads MAPKI
Data-analytics 1.9 Graph-analytics 6.5
Data-caching 1.5 In-memory-analytics 2.5
Data-serving 4.2 Media-streaming 4.6
Django-workload 0.8 Web-search 0.7
FB-oss-performance 3.6 Web-serving 0.7

CloudSuite benchmarks that run to completion on Pintool. We con-
servatively collect traces in memory bandwidth-intensive regions
to make it more challenging to collect cold segments. We imple-
ment a custom trace-driven simulator to model the hotness-aware
self-refresh mechanism. The simulator first generates post-cache
traces via cache simulation whose parameters are summarized in
Table 3. Then it randomly mixes the post-cache traces with allocated
memory of 208GB, 224GB, 240GB (6-rank), and 304GB (8-rank). Fi-
nally, the simulator quantifies the benefits of the hotness-aware
self-refresh mechanism as discussed in Section 3.4.

Table 4 presents the memory accesses per kilo-instructions (MAPKI)
of Cloudsuite, which is in line with previous studies on cloud ser-
vices and datacenter workloads that generally report low LLC MP-
KIs [12, 33, 37, 49]. However, some emerging datacenter workloads
show relatively higher LLC MPKI values [51]. To account for this,
we adjust the trace replay rate to achieve a memory bandwidth
utilization of >30GB/s, which translates to MAPKI of 15.2. 30GB/s
is 32% of the memory bandwidth in our environment, which is
higher than the 95th percentile of memory bandwidth utilization
in datacenters [29]. The profiling time threshold is 50ms by default.
SRAM power is estimated from TSMC 40nm GP standard cell li-
brary. Other overhead, such as data migration delay and self-refresh
exit penalty, is factored in manually.

6 EVALUATION

6.1 CXL Memory Access Latency

DTL employs a fully hardware-automated datapath for the DRAM
access path. Thus, it increases the CXL memory access latency only
marginally by 4.2ns on average. The average memory access time
(AMAT) is estimated with the following equations (SMC stands for
Segment Mapping Cache):

AMATcx1 = CXL_memy,; + Addr translation (1)

Where:
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Figure 12: DRAM power and energy consumption of Cloud-
Suite: (a) runtime DRAM power consumption and (b) nor-
malized DRAM energy consumption.
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Figure 13: DRAM power breakdown.
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Addr translation =
L1 _SMC hit time + L1_SMC miss ratio
X(L2_SMC hit time + L2_SMC miss ratio
X L2_SMC miss penalty)

@)

L1 and L2 SMC hit latencies are 1 and 7 cycles, respectively, at
1.5GHz clock rate. According to our simulation of SMC, L1 and
L2 miss ratios are 14.7% and 15.4%, respectively. An SMC miss
costs two SRAM accesses (to host base address table and AU base
address table) taking one cycle per each, and one DRAM access
to the segment mapping table. We obtain SRAM access latencies
using CACTI-P [36] (L1 SMC), Intel CPU’s L2 TLB latency (L2
SMC), and synthesis results from TSMC 40nm standard cell library
(other SRAM structures). Plugging in these numbers yields the
AMAT of 214.2ns (i.e., only 4.2ns increase from the vanilla CXL
memory on average with max/min increases of 123.7ns and 0.67ns,
respectively). This translation overhead increases the execution
time of CloudSuite benchmarks only by 0.18%.

6.2 Evaluation of Rank-level Power-down
Scheme

Segment Migration Overhead. Figure 12(a) shows the DRAM
power consumption of CloudSuite workloads over a 6-hour sched-
ule of VMs. The rank-level power-down scheme reduces the DRAM
power consumption significantly. The red line depicts DRAM power
consumption during segment migration triggered by a VM deal-
location. We further zoom in the window of the last occurrence
of data migration. When the deallocation of a VM is finished at
time 10, DTL determines that it can reduce the number of active
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DRAM Energy Saving (%)
DRAM Energy Saving (%)
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(a) (b)

DRAM Energy Saving (%)
DRAM Energy Saving (%)

Warmup Stable Warmup Stable
(c) (d)

Figure 14: Additional DRAM energy savings from hotness-
aware self-refresh with warmup-time of up to 60 seconds.

ranks from four to two per channel by consolidating unallocated
segments. The segments in the least utilized rank start migration at
time t0, which is finished by time ¢1. Then DTL puts the victim rank
into maximum power saving mode to save DRAM power. In this
specific case, the migrated segments amount to 24GB in size, and
the migration time is 1.3 seconds, much shorter than the interval
of VM configuration changes.

DRAM Energy Savings. This technique effectively reduces DRAM
energy consumption with only marginal performance degradation.
The overall DRAM energy consumption decreases by 31.6% com-
pared to the baseline system as shown in Figure 12(b). The over-
all execution time increases only by 1.6% for using fewer active
ranks and disabling rank-interleaving. Figure 13 presents the DRAM
power breakdown for the baseline and the rank-level power-down
scheme. Compared to the baseline that uses all 8 ranks per channel,
the rank-level power-down scheme uses the smallest number of
ranks required, thus greatly reducing DRAM background power.
In contrast, the DRAM active power does not vary widely due
to the foreground activities of live VMs. Since data migration is
completed in a very short period, the additional DRAM energy con-
sumption is negligible. With two active ranks per channel, DRAM
power consumption is reduced by an average of 65.2% over the
baseline. The overall DRAM background power and total DRAM
power consumption are reduced by 35.3% and 32.7% on average,
respectively.

6.3 Evaluation of Hotness-aware Self-refresh
Scheme

DRAM Energy Savings. Figure 14 shows the additional DRAM
energy savings from hotness-aware self-refresh after rank-level
power-down is applied. In the warmup phase, DTL takes an iter-
ative process of entering and exiting from the self-refresh mode
to separate hot and cold segments. This phase takes about 10-60
seconds depending on the workload.
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Norm. DRAM Energy

6-rank 8-rank

Figure 15: Total energy savings from two power-saving
schemes for 6/8 ranks.

Figure 14(a) depicts that four of the six traces with 208GB allo-
cated memory save 20.3% of DRAM energy in the stable phase by
staying in the self-refresh mode with the victim rank of each chan-
nel. Due to an insufficient number of cold segments, frequent access
to the victim ranks in two channels (208gb-mix5) and all victim
ranks (208gb-mix6) results in ping-ponging between self-refresh
and standby mode, which decreases the overall energy savings.
Figure 14(b) and (c) show that several workloads do not enter the
self-refresh mode in the stable phase (with missing bars), especially
with the 240GB allocated memory of which each channel’s unallo-
cated memory in the active ranks is less than 50% of the capacity of
a pair of ranks. As the amount of unallocated memory capacity be-
comes smaller, it is difficult to collect enough cold segments quickly.
Too many accesses to victim ranks in the profiling stage keep reset-
ting the timer to prolong the profiling stage, which makes it difficult
to re-enter the self-refresh mode. Figure 14(d) shows that additional
allocated memory makes collecting enough cold segments easier
to enter self-refresh mode. However, due to the higher background
DRAM power consumption in the 8-rank configuration, the energy
savings are lower than the traces with 208GB allocated memory.

A prior study [41] demonstrates that the data access patterns in
the datacenter remain relatively stable for a long period (minutes
to hours). This implies opportunities for staying in the stable phase
for a long time after the warmup. The portion of the energy con-
sumption of SRAM access for migration table management is less
than 0.1% of DRAM energy, and the total self-refresh exit latency is
less than 0.001% in the warmup time, which is negligible.

6.4 PutIt All Together: Total DRAM Energy
Savings

Figure 15 summarizes the total energy savings when the two pro-
posed mechanisms are applied together. One rank-group can be
powered down through the first mechanism, saving 20.2% of DRAM
energy consumption. When unallocated memory in the active ranks
of each channel is 50% of the capacity of a pair of ranks or greater,
the second mechanism is effective as we observe in Figure 14. By
further applying the second mechanism to such cases, 25.6%-32.3%
of the total DRAM energy savings are achieved over the baseline.
Since DRAM capacity demands entail the usage of all 8 ranks to dis-
allow entrance into power-down mode, the first mechanism cannot
be applied for the 8-rank configuration that requires all ranks to be
active. The results show that the second method can save 14.9% of
DRAM energy consumption with the allocated memory of 304GB.

Jinetal.

Table 5: Size of the data structures to support 16 hosts.

Size of the CXL memory [ 384GB [ 4TB
Size of the remapping cache

L1 segment mapping cache 3288 . 7528 .

(64 entries) | (128 entries)

L2 segment mapping cache

(1024gentries) pping >1KB >-9KB
Size of the SRAM structures

Host base addr table 138B

AU base addr table 24.4KB 260KB

Hot-cold migration table 432KB 5MB
Size of the DRAM structures

Segment mapping table 456KB 5.5MB

Reverse mapping table 552KB 6.5MB

Free segment queues 432KB 5.3MB

Allocated segment queues 432KB 5.3MB

Free AU queue 192B 2.8KB

Table 6: Power and area breakdown.

Power (mW) | Area (mm?)
(384GB/4TB) | (384GB/4TB)
Segment mapping cache | 1.7/2.1 0.0035 / 0.0037
SRAM structures 2.9/13.0 0.1/1.1
Microprocessor 21.2 0.0515
Total 25.7/36.2 0.165/ 1.1

6.5 Power and Area Estimation of CXL
Controller

We estimate the area and power overhead of the proposed CXL
controller, composed of a quad-core ARM Cortex-R5 processor,
cache and SRAM. Total power dissipation of the controller is 0.8W
at 1.5GHz and the total area is 5.4mm?. For power and area esti-
mation of the controller, we synthesized the RTL of the ARM IP
with the TSMC 40nm GP standard cell library at 625MHz frequency.
The power and area estimation can be normalized to 25.7mW and
0.165mm? at 7nm technology, assuming both are proportional to
the (Technology)? following the methodology of Biswas and Chan-
drakasan [11]. CACTI-P is used for modeling power and area of the
segment mapping caches. CPU power is estimated with the switch-
ing factor of 0.1 and the power of memory cells are calculated
assuming that CXL bandwidth is fully utilized. Linear frequency
scaling is applied to obtain the power at 1.5GHz frequency.

6.6 Scaling CXL Memory Device

As the capacity of DRAM devices is expected to scale in the fu-
ture, we quantify the overhead of SRAM/DRAM structures for a
hypothetical 4TB CXL device. Table 5 compares the data structure
overhead for 384GB and 4TB CXL memory. We assume the 4TB
device has 8 channels with two 8-rank 256GB DIMMs per channel.
The SRAM and DRAM structures scale mostly linearly with the
capacity. The total size of the on-chip SRAM structure increases
from 0.5MB to 5.3MB. The total size of the DRAM structure changed
from 1.9MB to 22.6MB. Still, it takes only 0.0005% of the 4TB DRAM
size. Table 6 shows the detailed power and area breakdown at 7nm
technology [11]. Total power consumption and area estimation of
the CXL controller are 36.2mW and 1.1mm?, respectively. Thus, we
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believe that DTL can be practically deployed for terabyte-scale CXL
memory devices as well. A similar degree of DRAM power savings
is expected assuming the DRAM capacity utilization remains simi-
lar. Since a higher-capacity DRAM device often has more DRAM
channels and ranks, the performance loss would become smaller.

7 DISCUSSION

Limitations of OS/Hypervisor-based Approaches. The key in-
novation of DTL is realizing both rank-level power management
and hot-cold consolidation without changing the host-side stack,
which gives a huge benefit for deployment. The host OS/hypervisor
is not an ideal layer to implement these techniques in disaggregated
environments. The rank-level power-down technique requires the
knowledge of (i) memory allocation of all VMs running concur-
rently across multiple OS/hypervisor images and (ii) DRAM device
address mappings. Disaggregated memory is highly virtualized and
opaque to the host OS/hypervisor for good reasons (e.g., flexible
VM management/migration, minimizing security risks). In this en-
vironment, it is extremely challenging for the host OS/hypervisor
to realize such techniques. The hotness-aware self-refresh scheme
requires continuous monitoring of memory accesses and fast en-
trance into/exit from self-refresh mode, which cannot be efficiently
handled by OS.

Rank-level Parallelism Under Heavy Memory Load. Perfor-
mance gains from rank-level parallelism in a terabyte-scale disaggre-
gated memory environment are likely marginal due to diminishing
returns from additional ranks. Since the rank-bits are commonly lo-
cated in high-order bits [25], we first leverage bank-/channel-level
parallelism, beyond which additional memory access parallelism is
left small [16].

8 RELATED WORK

DRAM Power Management. There are proposals to reduce DRAM
power consumption for unallocated/cold pages [26-28, 30, 34, 59].
ESKIMO [27], RTC [28] and GreenDIMM [34] identify the unused
data and stop refresh operations for them to save background power.
ESKIMO turns off the refresh operation of unallocated pages by
tracking page allocation/de-allocation. RTC expands the coverage
of power-down with partial-array auto refresh (PAAR) and reduces
refresh operations even within allocated pages at a row granu-
larity. GreenDIMM proposes a deep power-down state (DRAM
power-down state without refresh operations) at a sub-array gran-
ularity with additional control circuits. However, these proposals
require intrusive hardware changes to realize the functionalities.
They also need to modify OS or MC to support them. Other pro-
posals [26, 30, 59] classify hot/cold data to cluster cold data into
a rank and put it into self-refresh mode. RAMZzz [59] separates
hot and cold ranks via page migration to make the cold rank enter
self-refresh mode. Huang et al. [26] classify the data based on the
access count and dynamically migrate data to secure the idle time
of a cold rank. To gather the access count of each page, they sug-
gest a hardware/software cooperative approach. DimmStore [30]
introduces rank-aware data allocation and access rate-based data
placement. DimmStore also needs support from the OS to separate
and manage the system region and the data region at a rank level.
However, all of the aforementioned proposals require modifications
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to OS, MC, or even DRAM devices, to varying degrees. Unlike them,
DTL suggests a software/MC-transparent architecture to make it
easier to deploy.

Memory Address Remapping. Hardware-based address transla-
tion has been investigated in various contexts for its benefits such
as software transparency and low latency [13, 18, 45, 50, 53, 58].
MXT [53] employs a compression translation table (CTT) for real-
to-physical address translation, which is further aided by a shared
cache to mitigate the latency associated with accessing the com-
pressed memory. In the context of heterogeneous memory systems,
Wen et al. [58] utilizes heterogeneous memory management unit
(HMMU) to migrate frequently accessed pages into fast memory.
Dong et al. [18] and Ramos et al. [45] propose to maintain page
remapping information in MC. As the memory capacity scales, so
does the translation table size, making them less practical. Unlike
these works targeting tightly coupled, non-virtualized DRAM de-
vices, DTL leverages latency-tolerant, asynchronous CXL interface
along with unique characteristics of cloud VMs to feature coarser
granularity in segment migration and different metadata structures
(closer to FTL). CAMEO [13] and PoM [50] maintain a remapping
table in fast memory (i.e., on-die memory). CAMEO introduced
LLT (Line Location Table) and LLP (Line Location Predictor) and
proposed a fine-grained management method at a cache-line gran-
ularity. PoM proposed a segment-based management method based
on Segment Remapping Cache (SRC) and Segment Remapping Table
(SRT). Both proposals have a limited degree of freedom in migrating
pages to either a congruence group or a segment. In contrast, DTL
has much greater flexibility to consolidate unallocated/cold pages
effectively.

9 CONCLUSION

We propose DRAM Translation Layer (DTL) as a new low-cost ad-
dress translation layer from host physical address to DRAM device
physical address, placed within the CXL controller. Leveraging DTL,
we introduce two software- and host MC-transparent power-saving
techniques: rank-level power-down and hotness-aware self-refresh.
Our evaluation with CloudSuite benchmarks demonstrates that the
rank-level power-down scheme reduces DRAM energy consump-
tion by 31.6% at a small cost of performance degradation (1.6%)
by consolidating unallocated segments into a subset of ranks and
putting them into maximum power-saving mode. For the remaining
active ranks that require data retention, we apply hotness-aware
self-refresh to further reduce the DRAM energy by up to 14.9% with
negligible performance loss. DTL opens up interesting research
directions by providing means for flexible memory management to
improve reliability, availability, as well as security, to name a few.
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