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Getting the MOST out of your Storage Hierarchy with
Mirror-Optimized Storage Tiering

Kaiwei Tu, Kan Wu, Andrea C. Arpaci-Dusseau, Remzi H. Arpaci-Dusseau
University of Wisconsin Madison,Google

Abstract changes in load because data need to be migrated around the
tiers. Striping [22,59] is another single-copy approach that
statically allocates blocks across devices but struggles to man-
age heterogeneous hierarchies or changes in workload [24].

We presenMirror-Optimized Storage TieringMOST), a
novel tiering-based approach optimized for modern storage
hierarchies. The key idea of MOST is to combine the load-
balancing advantages of mirroring with the space-ef ciency ~ The second family of approaches we call multiple copy ,
advantages of tiering. Speci cally, MOST dynamically mir- as they replicate some (or all) blocks. A well-known multiple-
rors a small amount of hot data across storage tiers to ef -copy approach is caching [6, 18, 27, 46, 48, 49, 53, 69, 74],
ciently balance load, avoiding costly migrations. As a result, which makes copies of popular blocks in the performance
MOST is as space-ef cient as classic tiering while achieving device. As a result, caching wastes capacity (as all copy-
better bandwidth utilization under 1/O-intensive workloads. based approaches do); in addition, caching does not utilize
We implement MOST in Cerberus, a user-level storage man-the bandwidth of the capacity layer, thus falling short of peak
agement layer based on CacheLib. We show the ef cacy of performance. Mirroring [19, 22], a technique that replicates
Cerberus through a comprehensive empirical study: acrosgiata across two devices, effectively balances the load for read
a range of static and dynamic workloads, Cerberus achievegequests by directing them to either device, yet also incurs a
better throughput than competing approaches on modern storSigni cant capacity cost.

age hierarchies especially under I/O-intensive and dynamic  The state-of-the-art approaches for handling heterogeneous
workloads. memory and storage devices focus on tiering [23, 64]; at a
1 Introduction high level, these previous works attempt to maximize the
Storage hierarchies have been essential to computer systeﬁ? tal throughqu delivered by all dev_ices by dynamically plac-
design since its inception [20]. In persistent storage systems,Ing and ”.“gra“”g data across devu;es such'that accesses o
such hierarchies are commonplace; for example, SSDs areeach device are pro_porhonal to t_helr baqdmdth or _equallze
commonly used as a caching layer above hard drives [47];access latency. In this paper, we introditieror-Optimized

AutoRAID uses a mirrored set of disks for performance on Storag? 'I]:ura]n?gl\:IOST) an(cji show that mlrt:f)rlr:_g a S.?;]aﬂ.l
top of a log-structured RAID-5 layout for capacity [66]. amount ornot data across devices, in combination with tier-

However, as recent work has shown [32, 69], new device ing, greatly improves performance and reduces device writes.

types pose challenges in the construction of storage hierar-G ven these mirrored data, the host can dynamically route re-

chies. Speci cally, new non-volatile memories [7] and low- quests to different devices to effectively balance load instead
latency SSDs [8 é] have performance and capacity pro les of performing costly data migrations across devices like other
that overlap. As such, arranging devices into a strict hierarchy approaches.

is dif cult [32, 69]; doing so ensures that the peak potential ~ We nd that adding a small amount of mirroring is advanta-
of the Storage System is not realized. geous to pure t|er|ng for three primary reasons. F|rSt, mirrors

We are thus left with a signi cant challenge: how should €nable the system to quickly react to workload changes by
we manage a collection of modern devices so as to maxi-adjusting routing; pure tiering, on the other hand, must slowly
mize performance while minimizing space overheads? As we migrate a signi cant amount of data to adjust load distribution.
discuss in this paper, classic techniques fall short. Second, mirrors reduce overall device writes when handling

To understand the issues better, consider a simpli ed two- dynamic workloads; migration-based approaches require ex-
device system, with a faster/smaller performance device tensive device writes to move data across tiers. Third, mir-
and a slower/larger capacity device. The rst family of ap- roring is more robust to uctuations in device performance
proaches we call single copy , as they keep only a single and prevents overreacting with unnecessary migrations. This
copy of each data block in storage. One well-known single- effect is particularly pronounced for storage devices that suf-
copy approach is tiering [16, 25, 30, 38, 39, 44, 54, 56, 60, 61, fer from poor tail latency or write-heavy workloads that fre-
64,67,73,75,79,80], which (slowly) migrates blocks between guently trigger background activity inside the SSD.
tiers based on the hotness or some other optimization goal. MOST is a novel approach optimized for the modern stor-
Tiering is space-ef cient, as there is one copy of each block; age hierarchy. MOST mirrors a small amount of hot data
however, a tiering-based system cannot ef ciently adapt to within the classic tiering system, enabling exible load dis-
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7 P : i : Latency (s) | Read (GB/s)| Write (GB/s)
tribution cpnFro]. Under low Ioaq, MOST funcuon; similarly Storage Device 4K | 16K | 4K | 16K | 4K | 16K
to a classic tiering system, routing requests for mirrored data Optane SSD 11| 18 | 22 | 24 | 22 | 22

H H H HH H PCle 4.0 NVMe Flash SSD 66 86 15 33 1.9 2.3
to the performance device to maximize its utilization. Under  55C 30 nvMe Fiach 55D o2 | 90 | 10| 16 | 151 16

high load, MOST dynamically routes a portion of requests to PCle 4.0 NVMe Flash SSD over RDMA 88 | 114 | 12 | 2.7 | 1.7 | 23
the capacity copy of the mirrored data, thereby utilizing the ~S/A™ Flash SSD 104] 146 | 0.38] 05 | 0.38] 05

bandwidth of the capacity device more effectively. Key to the T4pje 1:Device PerformanceLatency measured for a single-

success of MOST are the algorithms that manage its behavior, e a4 read workload; bandwidth for a 32-thread workload.
MOST is based on a simple, robust, and self-adjusting opti-Remote device is connected via a 25 Gbps link.

mization mechanism that requires no prior workload know!-
edge and is capable of handling the varied performance charcan be ignored. However, with emerging technologies such
acteristics of different storage hierarchies. as non-volatile memory [7], low-latency SSDs [8], NVMe
We implement MOST as a storage management layerFlash SSDs [5,14], SATA Flash SSDs [13], and remote stor-
named Cerberus within the widely-used ash cache library, @9¢ with NVMeoF [12], disaggregated SSDs [35, 36], and
Cachelib [2, 18, 46]. Our experiments are conducted on EBS [1,78], the performance and capacity devices have over-
two storage hierarchies using three different real device 2PPing characteristics. As such, arranging these devices into
types [5, 8, 1214]. For static cache workloads, MOST @ strict hierarchy [32, 69] limits their potential.
achieves up to 2.34 higher throughput and reduces P99  Table 1 shows that latency and baljdwidt_h can be similar
latency by up to 75% compared to state-of-the-art systemsfor the performance and capacity devices given current tech-
(Colloid [64], HeMem [56], and Orthus [69]). Across four Nology. Memory and storage systems can be composed of
production cache workloads, MOST increases throughput by Ny pair of these devices. Importantly, the performance ra-
up to 1.86 and reduces P99 GET latency by up to 90% com- fi0 across the two tiers may be close: the bandwidth ratio
pared to these systems. Overall, Cerberus enhances througfir 16KB reads is only 1.5:1 between Optane and PCle 3.0
put under intensive workloads and reduces writes by up to NVMe devices and only 1.25:1 between local and remote

84% compared to Colloid under dynamic workloads through PCle 4.0 NVMe devices. More subtly, the performance ratios
its judicious use of mirroring across storage tiers. are not static and strongly depend on workload; for exam-

> Motivati d Back d ple, given 4KB reads, the ratio between Optane and PCle 3.0
otivation an ackgroun NVMe devices increases to approximately 2.2:1. These per-

In this section, we discuss some of the trends in modern mem<{ormance ratios depend on access sizes, percentage of writes,
ory and storage hierarchies containing multiple heterogeneousand concurrency [68].

devices. We then describe existing management techniques 2.2 Existing Approaches

such as striping, tiering, mirroring, and caching and analyze i k ) ) )
their limitations. We conclude by discussing some of the extra Ata high level, classic approaches for managing multi-device

challenges of managing storage hierarchies, as opposed t§'€Mory and storage can be grouped into two categories:
memory hierarchies. approaches that maintain a single copy of each block (i.e.,

. ) . . striping, tiering, and exclusive caching), and approaches that

2.1 Multi-Device Hierarchies may maintain multiple copies of each block (i.e., mirroring,
Multiple devices [23, 39, 56, 58, 64, 69, 79] are commonly caching). We describe these approaches and highlight their
used to serve memory and storage load. Since new devicedef ciencies, as summarized in Table 2.
may be added incrementally over time to increase capacity orSingle Copy.Striping[22,24,28,51,52,59] allocates a single
performance, these new devices are likely to exhibit different copy of each block in a predetermined static pattern across
performance characteristics compared to older devices in thedevices. Striping does not handle heterogeneous devices well:
system. One natural approach has been to organize memorif data is striped evenly across devices, throughput is bottle-
or storage devices intolderarchyof tiers, with newer, faster ~ necked by the slowest device; if data is striped in a weighted
devices placed as a cache above slower, possibly larger depattern with more data on faster devices, the appropriate
vices; such hierarchies have been essential to systems sinc&eight depends on the workload; furthermore, the ideal strip-
their inception [20]. ing ratio for performance is unlikely to match the ratio of

However, as recent work has shown [32, 69], new device the devices’ capacity (i.e., faster devices are usually smaller).
types pose challenges to ordered hierarchies. To simplify ourThus, striping is not a good match for heterogeneous storage.
discussion, we focus on a two-layered hierarchy containing Tiering[16,25,38,44,54,60,61,67,73,79,80] also allocates
two types of devices: aerformancedevice and aapac- a single copy of each block; however, instead of allocating
ity device, where the performance device is more expensiveplocks in a static pattern, tiering dynamically places data
smaller in capacity, and faster, whereas the capacity deviceblocks based on their hotness [16, 38,43,54,61, 73,79, 80] or
is cheaper, larger, and slower. In a traditional hierarchy (e.g.,some other optimization goal [23,30, 75]. Table 2 summarizes
DRAM on HDD), the performance gap between the two de- the characteristics of three tiering approaches.
vices is substantial and the performance of the capacity device First, classic hotness-based tiering is exemplied by
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Single Copy Multiple Copy
Striping | HeMem | BATMAN Colloid Mirroring Orthus MOST
Random Read-only Low Low Medium Medium High High High
Bandwidth Utilization Random Write-pnly Low Low Med?um Lo_w LQW qu H?gh
Random RW-mixed| Low Low Medium Medium Medium Medium High
Sequential Write Low Low Low Low Low Low High
Capacity Utilization High High High High Low Low High
Dynamic Workload Low Low Low Low Medium Medium High

Table 2:Qualitative Comparison of Different Techniques in a Modern Storage Hierarchy.Bandwidth utilization is catego-
rized as follows: Low means no load-balancing mechanism; Medium represents limited load-balancing with restrictions under
speci ¢ workloads; High indicates effective load-balancing across a wide range of workloads.

HeMem [56], which manages a memory system containing Inclusive cachingallocates all items on the capacity de-
DRAM and NVM. HeMem promotes hot data into the per- vice, but replicates only frequently-accessed items on the
formance tier and serves hot data exclusively from the per-performance device [6,18,27,46,48,49,53,69, 74]; inclusive
formance tier, leading to inef cient utilization of the capacity caching inherently wastes the capacity of the performance
tier's bandwidth; thus, HeMem delivers low bandwidth for device and fails to exploit the performance of the capacity de-
intensive workloads due to not effectively utilizing NVM (as vice [17,34]. To utilize the performance of the capacity device,
shown later 84). Second, BATMAN [23] balances tier band- Orthus [69] introduces Non-Hierarchical Caching (NHC). Or-
width by migrating data, but its xed bandwidth ratio prevents thus dynamically redirects read traf ¢ from the performance
it from adapting to hierarchies whose performance ratios vary device to the capacity device when the performance device is
with workload or evolve over time. Third, Colloid [64] also overloaded. However, Orthus is built on a traditional caching
dynamically migrates data between memory tiers to utilize the model, which introduces two fundamental limitations. First,
bandwidth of the capacity device; however, Colloid does not it is space-inef cient NHC uses the entire capacity of the
handle dynamic and time-varying workloads because costly performance device to store duplicate copies of data from the
data migrations are required to adjust the load distribution capacity tier, wasting the performance tier's storage capac-
when the workload changes (84.2). ity. Second, Orthus struggles with write-intensive workloads,
Other tiering systems, such as AutoTiering [75] and EDT- requiring clean copies for routing read requests: writes that
DTM [30], also balance data placement to utilize the band- hit in the cache can be handled with write-through or write-
width of all tiers, but since they rely solely on data migration back/write-around. With write-through, both copies remain
to adjust load distribution, their adaptability and responsive- clean, but additional writes are incurred, and performance
ness to workload changes is limitégkclusive caching29] is constrained by the write bandwidth of the capacity de-
maintains only a single copy of data within the hierarchy: vice. With write-back/write-around to only one of the block’s
when hot data is promoted or demoted between tiers, the orig-copies, Orthus can only route subsequent reads to the dirty
inal copy is discarded. At a high level, exclusive caching is block. Thus, Orthus performs poorly with writes (84.1).
similar to hotness-based tiering but moves data at smallertime Nomad [72] proposes a variant to hotness-based tiering that
intervals; consequently, it behaves similarly. In summary, as maintains temporary copies of data during migration; specif-
shown in Table 2, single-copy approaches may partially uti- ically, the original copy on the capacity device can still be
lize the bandwidth of the capacity device by migrating data accessed while the data is being migrated to the performance
across tiers. However, this migration-based strategy strugglesdevice. While Nomad improves the performance penalty of
to adapt to dynamic workloads, as migration is both costly and migration, it does not maximize the bandwidth of the under-
slow. In addition to limited responsiveness, migration-based lying devices in the common case.
approaches also suffer from excessive device write and perfor- Summary. Existing approaches for handling heteroge-
mance degradation due to migration-induced traf c (see 82.3 neous memory and storage fail along important metrics (Ta-
for further discussion). ble 2). Approaches that maintain a single copy of data, such
Multiple Copies. To utilize both devices, other approaches as striping, tiering (e.g., HeMem, BATMAN, Colloid, Au-
maintain two copies of at least some data blocks across bothtoTiering, and EDT-DTM), and exclusive caching, fall short
the performance and capacity devideglitroring [19,22] sim- in handling dynamic workloads. Current approaches, such as
ply replicates all data on both devices. Mirroring delivers high mirroring, inclusive caching, and non-hierarchical caching,
read bandwidth since reads can be dynamically load balancedhat maintain multiple copies of data items suffer from low
across both devices to account for performance differencesgapacity utilization and struggle with write-intensive work-
however, mirroring delivers low write bandwidth since both loads. We will show that MOST delivers high bandwidth and
copies must be updated and bandwidth is limited by the slowerreduces device writes across a wide range of static and dy-
device. Mirroring also has low capacity utilization since each namic workloads with only a small amount of mirrored data.
block is stored on both devices.
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2.3 Storage vs. Memory Hierarchies — RN
The approaches that handle data placement in memory hier- Figure 2:MOST Architecture.

archies [23, 39, 56, 64] versus storage hierarchies [66, 75, 79] . .. .

have many similarities. In both the memory and the storage3 Mirror-Optimized Storage Tiering

domain, strategies for data placement optimize for many of We presenMirror-Optimized Storage TierindMOST), a

the same metrics, such as high performance (bandwidth andcombination of mirroring and tiering that enables exible

latency) and high capacity. In both domains, solutions shareload balancing across tiers by mirroring a small amount of

many of the same high-level approaches (e.g., striping, tiering,data. MOST is based on three design goals:

caching), as well as similar low-level techniques (e.g., attempt-Maximized Bandwidth Utilization. MOST should dynami-

ing to balance load across heterogeneous devices by reactingally balance load across all storage tiers based on workload.

to observed performance whether for memory [23, 64] or for Quick Response to Dynamic WorkloadsMOST should dy-

storage [69]). namically and quickly adapt to varying workloads, including
However, storage hierarchies have characteristics that re-uctuations in load and working set size.

quire special attention and introduce additional opportunities. Independence from Device and Workload Characteristics.

Larger Capacity and Datasets: Storage devices manage MOST should operate effectively across any storage hierarchy

signi cantly larger datasets than memory. Thus, if migration without requiring prior knowledge of device characteristics

is used as the primary technique for balancing load acrossor workload patterns.

tiers, more da_ta will need tc_> bg migrated leading to larger 3.1 Basic Design

convergence times when adjusting to workload changes.

Limited Write Bandwidth: Storage devices have lower write

bandwidth than memory; combined with the previous point,

this further increases convergence time if migration is used to

adjust to dynamic workloads.

Read/Write Interference: Some storage devices [68, 70]

have complex performance characteristics such that write

operations signi cantly impact the performance of read op-

The key idea of MOST is to combine the load-balancing ad-
vantages of mirroring with the capacity bene ts of classic
tiering. MOST uses a hybrid data layout with two classes: the
mirrored class and the tiered class (Figure 1). Data in the mir-
rored class is replicated across two devices to enable fast load
balancing; data in the tiered class is stored as a single copy
to maximize the space ef ciency. In MOSTipt data, which
erations. Migrating data in the background introduces write Is accessed T”F’St frquently, IS _moved_ to the mwrort_ed_class
oS and the remaining data is stored in the tiered class. Within the
traf ¢ that can signi cantly degrade foreground performance. _. oo .
Device Endurance: Fr t miaration lerate d tiered classwarmdata is migrated to the performance device;
evice urance. mreque grations accelerale de- o remainingold data is migrated to the capacity device.
vice wear, reducing the lifespan of storage devices such as . .
As desired, the performance device stores the most-
SSDs [45, 46]. . X .
Software-based Indirection: Sin tor devi hav accessed dataotdata in the mirrored class améirmdata in
Io are- aset. 1%(: go@ h ce storage 5% 01650 V€ the tiered class. Under light workloads, this layout maximizes
slower access time (10 - ) than memory (30 - ns), the likelihood that a request can be served from the perfor-

software is used to determine the location of blocks on differ- mance device. Under intense workloads, MOST dynamically

th ddi\g(rfr?i Qr?ctiesgl:(Ithzr?nwﬁg?'.nAsa?(ererss:g tsifgnm?:slvzl#gl?ncreases the size of the mirrored class and routes some re-
y ! V€ mirroring '9 quests in the mirrored class to the capacity copy to balance

o implemeqt for the stgrage .stack.- N the load across both devices.
Thus, while dynamic tiering with data migration has . .
been shown to work well for heterogeneous memory hier-3-2  Design Details
archies [56, 64], heterogeneous storage hierarchies need addFigure 2 shows the basic architecture of MOST. Blocks are
tional techniques that do not rely as heavily on migration.  placed in the mirrored or tiered class depending on their fre-
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Algorithm 1 MOST Optimizer variable controlling load distribution, as well as write traf ¢

1: while truedo and allocationOf oadRatiois tuned by a simple yet ef cient

2: sleepfuninginterva); Measure end-to-end latency. feedback-driven dynamic optimization algorithm within the

3 if Lp > (1+0) * Lc Optimizer;of oadRatiois adjusted such that the measured
4: if of oadRatio= of oadRatioMax end-to-end latency of the devices is equalized.

5: if Mirrored class is not maximized Speci cally, assumind.p is the latency of the performance

6: Enlarge the mirrored class device and.c is the latency of the capacity device, then

7: else

8: Improve hotness of the mirrored class WhenLp < Lc, accessing the performance device is
9: only migrate to capacity device faster than accessing the capacity device, and so more
10: elseof oadRatio += ratioStep traf ¢ should be routed to the performance device (see
11: else ifLp < (1-q) * Lc Lines 11 14); thusof oadRatiois decreased.
12: if of oadRatio= 0 WhenLp > L¢, accessing the capacity device is faster
13: only migrate to performance device than accessing the performance device, and so more
14: elseof oadRatio-= ratioStep traf ¢ should be routed to the capacity device (see Lines

3 10); thus, of oadRatiois increased.

WhenLp = L¢, the two access latencies are approxi-
mately equal, and therefore, no further action is required
(Line 15).

15: elsestop all migration

guency of access: the goal is to place the hottest data in the

mirrored class, warm data in the tiered class on the perfor-  \,~gT of ciently adapts to both high-load and low-load
g1ar_1ce dvfl\;:ce, ra]mddclpld datain the tll\t/laroeg_(r:lassgn the ,Capa?f'%cenarios. Under low load, the latency of accessing the perfor-
evice. en handiing a reqqest, rst etermme.s " mance device is lower than that of the capacity device, and so
the request Isto the t|ered_or mirrored clasg. Requ_e sts to t'.ere‘fr]af cis routed to the performance device; in these conditions,
data are straightforward since the data resides strictly in eithery ; 5ot operates like classic tiering, directing as many requests

the p_erformance or capacity dewce;lthose rec_ads and writes, possible to the performance device. In contrast, under high
are simply forwarded to the appropriate location. Requestsload’ all hot and warm data reside on the performance device,

to mirrored data involve more complexity: a load switch (or causing its access latency to increase due to queuing and
(tj)alancer)hsend; some percer:jtage gf these rhequests 10 €aGfvernal resource contention and eventually exceed that of
evice, where the percentage depends upon_t e current W(_)rkt’ne capacity device; consequently, MOST of oads requests to
load performance and whether the request is a read or writey, o capacity device which improves throughput. Under high
Other components of the architecture calculate this percenty -4 MOST of oads traf ¢ from the performance device to
age (i.e., Optimizer) and migrate data between the classes ancEhe capacity device until the end-to-end latency between the

devices (i.e., Migrator). _ two devices is equalized.
We address key questions of MOST's design. For reads

to the hottest data, which data copy in the mirrored class 3.2.2 Dynamic Write Allocation
should be read to balance traf c across devices? On which . . .

. . When lock is rst written, MOST all its loca-
device should newly written data be allocated? What data en a data block is rstwritten, MOST allocates its loca

hould be miarated between mirrored and tiered cl ncEion. MOST divides both mirrored and tiered storage into
should be migrated betwee oreda ered classes, and, o 4 sjzed segments (e.g., 2MB) and maintains in-memory
between devices? For writes to mirrored data, which copy

) 7 data structures to track the metadata for the segment. All
should be updated? At what granularity should clean copies g

. data are initially allocated into the tiering class. In classic
? ?
be traf:ked. When S.hOU|d copies be cleaned? How to Iormec&iering, the allocation policy is load-unaware, meaning that
the tail latency of mirrored data?

) ] ) it always allocates newly-created blocks on the performance
3.2.1 Balancing Read Traf ¢ in the Mirrored Class device, even when that device is saturated. MOST introduces
For simplicity, we begin by focusing on reads that are to the a probability-based write allocation policy: similar to load
hottest data and thus in the mirrored class. We later show howbalancing within the mirrored class, the newly allocated data
MOST allocates data, moves data to and from the mirroredis placed on the capacity device withoadRatio probability.
class, and handles writes. The full algorithm is shown above.As a result, when the performance device is under high load

At a high level, reads to mirrored data should be routed to (higher latency), more data is allocated on the capacity de-
the device that delivers the best performance. To achieve thisyice; when the performance device is under light load (lower
MOST employs probability-based routing to determine which latency), all data is allocated on the performance device, as
copy to read [69]. Speci cally, MOST routes an incoming desired and as in classic tiering [56, 64]. After a block has
read with probabilityof oadRatioto the capacity device, and  been allocated to the tiered class, it may later be promoted to
otherwise, to the performance devi€¥.oadRatiois the key the mirrored class, as described next.

USENIX Association 24th USENIX Conference on File and Storage Technologies 565



3.2.3 Mirror-Class Migration ments must direct later write traf ¢ only to the valid segment

To meet the basic goal of placing the hottest data in the mir-(OF Overwrite the entire invalid segment, making it valid).
rored class, MOST migrates data between classes such that iMirrored Data Subpages. To enable better load balancing
minimizes the amount of movement between devices. To iden-Of writes, MOST manages segments in the mirrored class at a
tify hot/warm/cold data, MOST tracks read and write counters Ner granularity: an invalid bit _and a Iocatlon bit are tracked
for each segment, similar to HeMem [56]; thus, hotness is for each subpage corresponding to the device’s unit of access
based on access frequency. (e.g., 4KB). Each subpage exists in one of three states: clean
When the amount of mirrored data is insuf cient to effec- (both copies are valid), invalid on the performance device,

tively balance traf ¢ (Line 4), MOST increases the size of ©' Invalid on the capacity device. Thus, given an aligned
the mirrored class up to a con gured maximum. Our exper- subpage write to the mirrored class, MOST can route the

iments (§4) show that devoting 20% of the total capacity to write to either.device With.out having to update the entire
the mirrored class is suf cient for our workloads. To migrate segment; that is, a 4KB-aligned write can be load balanced

data into the mirrored class, MOST selects the hottest Seg:[h_rough simple r_outlng_, similar to reads. Subpages in the
ment from the tiered class on the performance device; thisMiTored class slightly increase metadata overhead (2 bits
hottest data is simply duplicated onto the mirrored class on of metadata), but since th? m|rrp(ed class. IS relatlvgly small,
the capacity device. If the mirrored class reaches its maximumth,e overaII. overhead remains minimal; for instance, in a 2T.B
size and the hottest segment in the tiered class has a higherluera'rchy.m the extreme.cas.e where all performance dewge
access frequency than the coldest segment in the mirrorediata is mirrored (50% mirroring), the metadata overhead is
class, MOST swaps those segments. Space within the mir9nly 12_8MB’ Wh!Ch ',S negllgl-ble. .

rored class is reclaimed when the available system capacity>elective Cleaning in the Mirror Class.Data blocks with
drops below a prede ned watermark (2.5% of the total capac- Oy one valid copy are selectively cleaned by a background
ity). During reclamation, MOST reclaims the coldest segment thréad. This cleaning thread selects blocks with a lezgeite

in the mirrored class: if a valid copy of this segment exists distance the average number of reads between two writes
on the performance device, the capacity copy is discarded:Or & given block. We have observed that when a block has a
otherwise, the copy on the performance device is discarded. smallrewrite distanceit is likely to be rewritten soon, making

Migration Regulation. In classic tiering, hot data is always cleaning ineffectual.

migrated to the performance device and cold data to the ca3.2.5 Tail Latency Protection

pacity device; however, with MOST and its mirrored class, The description thus far has focused on maximizing total
hot segments may be migrated to the capacity device. MOSTbhandwidth from the performance and capacity devices; how-
dynamically manages this bidirectional migration, adhering ever, MOST allows users to protect the tail latency of mirrored
to a principle of migrating exclusivelgwayfrom the device (hot) data by setting a maximuof oadRatio which limits
experiencing higher end-to-end latency. Precisely, when thethe traf ¢ of oaded to the capacity device in the mirrored
performance device has higher latency, migration to the per-class when the capacity device shows signi cantly worse tail
formance device is stopped and migration to the capacity latency than the performance device.

device is enabled,; _vvh_en the capacity device exhibits higher3_3 Implementation: Cerberus

latency, the opposite is performed,; if the latencies of both

devices are approximately equal, all migration is stopped. We introduce Cerberus, a user-level storage management sys-
tem that integrates MOST into CacheLib. CacheLib is a

generic ash cache library used extensively in data center
Our previous discussion focused on reads; writes need speciainfrastructures [11, 18, 26, 46, 62, 63]. As shown in Figure 3,
consideration. Writes to the tiered class remain straightfor-CacheLib consists of three layers: a DRAM cache layer, a
ward since there is only one copy to update. However, writes ash cache layer, and a storage management layer. CacheLib
to the mirrored class have a new property: if the write is provides two default ash cache layers: a Large Object Cache
performed to both copies, then the system is not perform-(LOC) employs a log with a DRAM index for items 2KB or
ing any write load-balancing; however, if the write updates larger; a Small Object Cache (SOC) stores key-value pairs in
only one copy, then future reads must be directed only to a 4KB bucket hash table. Users can also implement custom
that clean, valid copy. In order to perform load-balancing of ash caches in this ash cache layer (e.g., Kangaroo [46] and
writes, MOST updates only one copy and carefully tracks Fairy-WREN [45]).
which portions of each segment are valid. By default, the storage management layer in CachelLib
Writes to the mirrored class are balanced as follows. If only provides striping across devices. Cerberus is our storage
both copies of the mirrored data are valid, the write request management layer between the ash cache engine and the
is probabilistically sent to either the capacity or performance storage hierarchy employing MOST; Cerberus transparently
device based oof oadRatio. However, if only one copy in ~ manages the underlying performance and capacity devices,
the mirror is valid, a naive implementation based only on seg- providing a block interface and a large address space. In

3.2.4 Balancing Writes and Tracking Clean Subpages
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Member Variable Size (bytes)

id (uint64_t) 8
addr[2] (uint64_t[]) 16
invalid (bitset<512>*) 8
location (bitset<512>*) 8
clock (uint64_t) 8
readCounter (uint8_t) 1
writeCounter (uint8_t) 1
rewriteReadCounter (uint64_t) 8
rewriteCounter (uint64_t) 8
ags (uint8_t) 1
storageClass (enum class) 1
mutex (SharedMutex) 8
Total 76

Table 3:In-Memory Metadata per Segment.

times more metadata) and degrade performance since they

obtain lower device bandwidth (Table 1). Conversely, larger

segments would lead to inef cient utilization of the perfor-

mance tier, as only a small fraction of subpages might be

frequently accessed. We have found that 2MB segments bal-
Figure 3:CachelLib Architecture. This gure shows Cache-  ance the metadata footprint while minimizing space waste
Lib's architecture and the lookup work ow. A lookup rst  on the performance tier, matching the choice of many other
checks the DRAM cach&l)) and immediately returns the  systems [39, 56, 64].

object on a hit(@). On a miss, it checks the ash cach@}, Implementation Details. The MOST optimizer runs on a
issuing a read to the underlying storage deviéas; (f the single pinned thread during each 200ms interval. At each
object is found, it returns the resul)). A ash cache hitpro- interval, the optimizer estimates the access latency of each de-

motes the item to DRAM and may evict an existing DRAM ' vice by comparing counters from the Linux block-layer [10]
entry (63, Gb). A miss in the ash cachg®) leads to a back-  to measurements from the previous interval. Similar to prior
end accessY). systems [64], we apply Exponentially Weighted Moving Av-
addition to MOST, we have implemented other tiering and €M29€ (EWMA) to measured latency to smooth out short-term

caching approaches within the CacheLib storage managemenfu(:tuatlons a.nd maintain long-term .Stab'“ty' The optimizer
layer. everages this smoothed latency signal to guide migration

Striping. The default implementation in CacheLib. decisions and adjust routmg accqrdmgly. Wegst0:05, a
. . L . commonly used tolerance in tuning-based systems [64], to
Orthus. The non-hierarchical caching implementation de- : o
. . . . treat values as approximately equal, striking a balance be-
scribed and provided by Wu et al. [69] in .6K lines of code . )
(LOC) tween stability and responsiveness. MOST demonstrates ro-

. . L . rforman r iverse workl without requirin
HeMem. Our implementation of the classic tiering and migra- bust performance across diverse workloads without requiring

tion algorithm [56] in about .7k LOC. The original HeMem ne-tuning, |nd|cat|n_g low s;ensmvny to the Speci ¢ choice of
Co : g. We also adoptatioStep= 0.02, following guidance from
uses a quantum of 10ms which is appropriate for memory

) : Isimilar systems (e.g., Orthus [69]), which works well across
latency, but not storage; we use 200ms, the smallest interval,. : .

: different workloads. Cerberus introduces approximately 1.5k
that accurately reacts to our storage device latency. LOC to Cachelib, leveraging and extending the core HeMem
BATMAN. Our implementation of BATMAN heterogeneous . _ . . ' ging g

- L tiering logic.

tiering [23], requiring about .4K LOC. )

Colloid. Our implementation of Colloid [64] is built on 4 Evaluation

HeMem (with a 200ms quantum) in about .4K lines of code. We evaluate Cerberus to answer the following questions.

Since Colloid only balances reads, we implement Colloid+ to How does Cerberus compare to striping, caching (Or-
incorporate write latency into decisions. Additionally, since thus), and tiering (HeMem, BATMAN, and Colloid) for
Colloid is sensitive to parameters, we implement Colloid++ static workloads with different intensity levels and pat-
with g = 0:2 anda = 0:01, which improves robustness given terns? (84.1)

storage device performance uctuations. How quickly does Cerberus adapt to dynamic work-
Metadata Management.MOST divides storage into 2MB loads? How does the number of writes performed by

segments, where each segment requires 76 bytes of meta- MOST compare to migration-based tiering approaches
data as shown in Table 3. Smaller segments would result in with load-balancing capabilities? (84.2)
larger metadata overhead (e.g., 4KB segments require 512  How effective are Cerberus’s techniques for mirror class
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(a) Random Read-only (b) Random Write-only (c) Sequential Writes (d) Read Latest
Figure 4:Static Workload. The workload is running on the Optane/NVMe hierarchy with 750GB working set. In (a), under
intensity 2.0 , Colloid, Colloid+, Colloid++, Cerberus migrate 134GB, 122GB, 62GB, 50GB of data in total. In (b), under
intensity 2.0 , Colloid, Colloid+, Colloid++, Cerberus migrate 0GB, 93GB, 80GB, 65GB of data in total.

sizing, subpage management, and selective cleaning?oad levels: BATMAN performs relatively well under high
(84.3) load because its allocation ratio is con gured to match this
How does CacheLib with Cerberus perform on static bandwidth ratio for the hierarchy; however, at low load, this
workloads? How does it perform on dynamic workloads? ratio causes traf ¢ to be sent to the capacity device, reduc-
(84.4) ing throughput. Colloid experiences signi cant performance
Storage Con gurations. We evaluate two storage hierarchies: degradation at intensity 2.0due to migrations triggered by
Optane (performance) / NVMe (capacity), and NVMe (perfor- latency spikes arising from background activigolloid++
mance) / SATA (capacity). The latency and bandwidth of these improves this throughput, showing that Colloid is sensitive to
three storage devices (750GB Intel Optane SSD P4800X, 1TBparameter choice. As a result, Colloid and Colloid++ incur
Samsung 960 NVMe SSD, 1TB Samsung 870 SATA SSD) are 2.68 and 1.24 more migration traf c than Cerberus (as
shown in Table 1. The server has a 40-core Intel Xeon Gold shown in the caption). In summary, Cerberus delivers high
5218R CPU @ 2.1GHz (Ubuntu 20.04) and 64GB DRAM. throughput at both low and high load and also reduces device

. . writes compared to migration-based approaches that attempt
4.1 Comparison to Previous Approaches to balance the load.

We begin with a high-level comparison of Cerberus to other Random Write-only. We focus on those results that are no-
approaches for handling heterogeneous devices: striping, Orticeably different for writes versus reads. Orthus has a static
thus (caching), HeMem (classic tiering), BATMAN (with a  write-back policy, and so does not balance write traf ¢ or scale
static ratio matching the read bandwidth of the devices), and under high load. BATMAN no longer performs well at high
three versions of Colloid (a state-of-the-art tiering approach). load because a different allocation ratio is required to match
To focus on the basic performance of these algorithms, wethe performance of write traf ¢ versus read traf ¢ across the
isolate the storage management layer from CacheLib and extwo devices. Colloid does not perform write balancing and
ercise that layer with controlled workloads; we begin with a therefore exhibits performance similar to HeMe@mlloid+
static micro-benchmark in which multiple threads perform balances write traf ¢ but suffers from migration overhead
synchronous random reads and writes, given a skewed actriggered by latency spikes, resulting in suboptimal through-
cess pattern where a 20% hotset is accessed with 90% prolput; Colloid++ demonstrates improved performance, but still
ability. Figure 4 compares steady-state throughput for read-incurs migration overhead. For write-intensive workloads,
only, write-only, sequential write, and read-latest workloads Cerberus performs signi cantly better than other approaches,
with varying intensities; 1.0represents the minimum load at  since it balances writes in the mirrored class and is robust to
which the bandwidth of the performance device is saturated.latency spikes.

We show that on static workloads Cerberus performs as well Sequential Write. Sequential writes emulate popular applica-
as or better than all other approaches. tions with log-structured data (e.g., ash caches, le systems,
Random Read-only.Even on this simple static workload, and databases). As with random writes, Orthus cannot ef-
the other approaches do not match Cerberus. Striping deliv-ciently balance write traf c. Colloid behaves similarly to
ers suboptimal performance, since it is bottlenecked by theHeMem because it doesn't take write latency into account
slower device. Orthus delivers similar throughput to Cerberus,when balancing. Interestingl¢olloid+ andColloid++ per-

but Orthus achieves this by mirroring 690GB of data com- form worse due to additional interfering migrations when
pared to only 50GB in Cerberus. HeMem (classic tiering) balancing write latency; in a sequential workload, demoted
reaches its performance limit when the load intensity is 1.0 blocks are not re-accessed, which makes these migrations
because HeMem does not of oad traf ¢ to the capacity device ineffective. As desired, Cerberus dynamically allocates new
once the performance device’s bandwidth is saturated; conwrites proportionally across devices: when the performance
sequently, further load increases do not improve throughput.device becomes saturated, writes are allocated directly on the
For BATMAN, no static allocation ratio works well for all  capacity device.

568 24th USENIX Conference on File and Storage Technologies USENIX Association



(a) Read-only (b) Write-only (c) RW-mixed
Figure 5:Dynamic Bursty Workload. Running on Optane/NVMe hierarchy with 1.2TB working set and same skewness as
84.1. Colloid++ migrates 282GB, 214GB, 260GB of data to the performance device and 262GB, 186GB, 239GB of data to the
capacity device under workload (a), (b) and (c), respectively. In comparison, Cerberus migrates 87GB, 107GB and 64GB of data
to the capacity device.

promoted and demoted as a function of load (i.e., thread count)
for read-only, write-only, and read-write workloads.

Read-only workload. Before 1000 seconds, the systems oper-
ate under high load; in this warm-up period, Colloid demotes
and Cerberus mirrors approximately 7% of the hot data to the
capacity device. At 1000 seconds, when workload intensity
drops, Colloid promotes the hotset back to the performance
device, causing intensive promotion traf ¢ (as shown in the

~ (@)MigrationLimit ~ (b) Hotset Size second graph), which negatively impacts throughput ( rst
Figure 6:Limitation of Migration-based Approach. The  graph). In contrast, within 10 seconds Cerberus ef ciently
same workload as Figure 5a. rebalances traf ¢ by routing requests to mirrored data back

to the performance device. When the 2-minute load burst
occurs after about 1000 seconds, the performance device is
saturated, causing its latency to surpass that of the capacity
device. Colloid again demotes the hotset back to the capacity
device (as depicted in the third graph). Consequently, Colloid
performs worse than HeMem, which simply keeps hot data on
the performance device and does not conduct any load balanc-

Read Latest.This workload uses a 50% write ratio, where
20% of the newly-written blocks have a 90% probability of
being read. Colloid performs worse than HeMem at intensi-
ties higher than 1.0due to migration traf c; these migra-
tions are ineffectual since the migrated blocks soon become
cold as new blocks are written into the system. Colloid+ and

Colloid++ perform more migration, resulting in worse per- ing. Again, during the load burst, Cerberus ef ciently of oads
formance. Cerberus ef ciently balances the workload by dy- N !
excess traf ¢ by redirecting requests for mirrored data back to

namically allocating a portion of new writes to the capacity . . ;

: o : he capacity device. Cerberus matches HeMem'’s performance
device when the performance device is saturated; as a resulf, . .

. . . under low load and achieves 1.53igher throughput dur-
Cerberus effectively uses the bandwidth of each device as the . . .
. o ing workload bursts since Cerberus also utilizes the capacity
intensity increases.

device.
Summary. For a variety of static workloads, Cerberus . .
achieves better throughput than striping, Orthus, BATMAN, YVrl(;e-_onlly andslzeac:j-\llz\(rlte Vgor(l;loads. tﬂle O.thﬁr V\l;or:- .
HeMem, and Colloid. We omit BATMAN in subsequent ex- c(:)a kfm |gureb| tanl :jgtt;rel c errlw_ons (rja4eKSém| atr ebawor.
periments since it performs worse than Colloid or its variants. . erberus Is able 1o foad balance aligned WIS Dy us-
ing subpages that track the valid versus invalid portions of

4.2 Dynamic Workloads each 2MB segment. For the write-only workload, Cerberus

Dynamic time-varying workloads are challenging for previous achieves 1.48 higher throughput than HeMem under high
approaches. To compare Cerberus to HeMem and Colloid++0ad conditions.

we create a micro-benchmark modeling a bursty workload Disadvantages of Migrating Data.Colloid’s reliance on mi-
similar to those in practice [18]. After pre-warming the sys- grating data has a number of disadvantages: not only does
tem with intensive load for 1000 seconds, the benchmark migration interfere with foreground traf c, but it also in-
transitions to generating a 2-minute burst every 15 minutes.creases device writes and the time required for convergence.
Figure 5 shows the delivered throughput and amount of dataAs shown in the caption of Figure 5, Colloid migrates on aver-
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(a) Working set vs. Mirrored  (b) Working set vs. Throughput.  (c) Subpage Management. (d) Selective Cleaning.
Figure 7:In-depth Analysis. In (a), workload is random read/write mixed (50% writes) at a high load (128 threads), varying the
working set size, which is shown as a fraction of the total storage system capacity. The hotset is 20% of the working set with 90%
access probability. In (d), the workloads are 256 threads workload with occasional write spikes every 0.1, 1, 30 seconds.

(a) Small Object Cache (b) Large Object Cache
Figure 8:Lookaside Cache Workload.The DRAM cache is restricted to 200MB to stress each ash cache component in
CachelLib. In (a), the workloads are 256 threads get/set-mixed Zip an with 25M keys and 1KB value. SOC is set to 100GB, one
third of the total capacity (100GB/200GB hierarchy). In (b), the workloads are 256 threads get/set-mixed Zip an with 5M keys
and 16KB value.

age 252 GB to the performance and 229 GB to capacity tiers Relying exclusively on migration to adapt to workload
across three representative workloads. In contrast, Cerberughanges, also causes convergence time to increase as the size
only mirrors on average 86 GB of data to the capacity tier. For of the hotset increases. Figure 6b shows that Colloid’s con-
instance, under a read-only workload, Colloid issues 282 GB vergence time increases with larger (read-only) hotset since
to the performance tier and 262 GB to the capacity tier, while more data must be demoted to of oad traf ¢ from the perfor-
Cerberus writes just 87 GB. Running this workload for one mance device to the capacity device. In contrast, Cerberus’s
day results in 6.6 DWPD and 3.1 DWPD on the performance convergence time is independent of the hotset size, since no
and capacity tiers, respectively. With a warranted endurancemigration is performed once the data is mirrored.
of 30 DWPD over 5 years [8], the performance-tier device Summary. Cerberus integrates mirroring into classic tiering,
lasts 5.0 years with Cerberus. Colloid reduces the lifespanallowing load adjustments without frequent migrations; this
to 4.1 years, an 18% drop. For the 1 TB capacity-tier device signi cantly enhances adaptability to bursty workloads and
rated for 0.37 DWPD over 3 years [14], Colloid introduces reduces overall write traf c. In contrast, Colloid, and other
3.1 DWPD of migration writes, shortening the lifespan from tiering approaches, lack intra-tier redundancy and rely exclu-
3.0 years to 129 days, an 88% reduction. sively on migration for load balancing, since data can only be
accessed from one location; under bursty workloads, Colloid
While Colloid’s migration overhead can be controlled, lim-  incurs extensive writes for migration, greatly reducing device
iting thﬁ fite 01; migration inCl’elasleS Collr(‘)id’sccotr:vergence lifespan and resulting in performance worse than HeMem.
time, which is already signi cantly longer than Cerberus. Fig- .
ure 6a shows Colloid’s convergence time on the read—only4'3 Cerberus In-depth Analysis
workload when transitioning from low to high load given We now perform an in-depth analysis of Cerberus’s techniques
migration limits between 100MB/s (5 DWPD) to 600MB/s for determining the size of the mirrored class, tracking the
(30 DWPD). With a limit of 100MB/s, Colloid requires more ~ state of subpages in mirrored data, and selective cleaning.
than 800 seconds to adapt to a load increase, making it inMirrored Class Size. Cerberus performs ef cient load bal-
effective for workloads containing shorter burst intervals. In ancing with a relatively small mirrored class. Figure 7a shows
contrast, Cerberus requires less than 10 seconds to adapt tthe amount of space needed for Cerberus’ mirrored class as a
load changes. function of the workload’s working set size. Even when the
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Name | Get | Set | LoneGet| LoneSet| Key Size (B) | Avg Value Size (B)

A (at-kvcache) | 0.98| 0 0.02 0 16-255 335
B (graph-leader) 0.82| 0 0.18 0 8-16 860
C (kvcache-reg)| 0.87 | 0.12 | 1.04e-05| 0.003 8-16 33112
D (kvcache-wc)| 0.6 0 8.2e-06 0.21 8-16 92422

Table 4:Production Trace Distributions from CacheBench.
Flat-kvcache and graph-leader are from an application cache
with small value sizes, resulting in mostly random traf c;
kvcache-reg and kvcache-wc are from a storage cache with
large value sizes, leading to log-structured traf c. LoneGet
and LoneSet are requests for a key not present in the cache.

working set size reaches 95% of the total system capacity,Figure 9:Production Workloads. DRAM cache is setto 1GB.
Cerberus only mirrors 1.8% of the total data. Figure 7b shows For at-kvcache and graph-leader, the SOC is set to one third
the corresponding throughput of Colloid+ and Cerberus. The of the total hierarchy capacity. We use 256 threads for at-
throughput of Colloid+ is highly unstable due to interference kvcache, graph-leader, and kvcache-wc and 80 threads for
from frequent migrations; Cerberus consistently demonstrateskvcache-reg. The cache throughput is normalized to HeMem's
higher and more stable throughput due to its effective use of performance.

a _small amount of mirrored data. L Zip an distributions and dynamic workloads.

Mirrored Data Subpages. The use of subpages within the .

mirrored class enables Cerberus to ef ciently handle write re- 4-4-1  Static Workloads
guests. Figure 7c compares the behavior of Cerberus withWe examine workloads that stress CacheLib’s Small Object
subpages to Cerberus without subpages on a 4KB write-Cache (SOC) as well as its Large Object Cache (LOC).

only workload undergoing a sudden load drop (from 128 Small Object Cache.We begin with 1KB lookaside cache

to 8 threads) at 400 seconds. After the load drop, Cerberusworkloads varying the Get/Set ratio across the two storage hi-
with subpages immediately redirects writes back to the perfor-erarchies. Figure 8a shows that striping, Orthus, and HeMem
mance device, quickly adapting to light load without requiring continue to deliver suboptimal performance. Colloid and Col-
any data migrations. In contrast, Cerberus without subpagedoid++ perform worse than Cerberus due to migration over-
must migrate entire segments back to the performance devicehead caused by latency spikes, especially on the NVMe/SATA
as each write request is smaller than the segment size (2MB)Flash capacity layer where NVMe and SATA exhibit more
Cerberus without subpages incurs additional migrations andsevere read/write interference than the Optane device.

signi cantly longer convergence times. Large Object Cache.The 16KB lookaside cache workload
Selective Cleaning.Cleaning of mirrored data is rarely stresses the Large Object Cache, which stores large key-value
needed in Cerberus: cleaning is needed only for workloadspairs in a sequential log and an in-memory index; this re-
containing a relatively small percentage of writes that invali- sults in sequential writes to the storage management layer
date a mirrored copy of data that is then frequently read (e.g.,and reads primarily to the most-recently-written blocks (i.e.,
caching for ML models where write spikes occur when model the log head). Figure 8b shows that HeMem and Colloid
parameters are refreshed [74]). Figure 7d shows the ef ciency cannot utilize the capacity device bandwidth once the per-
of Cerberus’s selective cleaning under a read-intensive work-formance device becomes saturated. Cerberus performs op-
load with occasional write spikes. The number atop each bartimally across all workloads, achieving up to 1.3Gigher
represents the clean data percentage. We make two key obsethroughput on Optane/NVMe and up to 1.54igher through-
vations. First, non-selective cleaning results in a 25% decreaseput on NVMe/SATA.

in cache throughput, but only a 5% increase in the clean block cPU Overhead. Under the 4KB random workload that
percentage by cleaning those frequently written data. Secondstresses the mirroring mechanism most (Figure 8a), Cerberus
Cerberus’s selective cleaning policy effectively Iters outdata slightly increases CPU utilization (0 1.5%) at 256 threads
subject to high-frequency writing while cleaning long-term compared to the best-performing baseline, Colloid++, due to
written data (writes every 30s). mirrored-page tracking and routing logic.

4.4 CachelLib 4.4.2 Production Cache Workloads

We now compare the end-to-end performance of CacheLibWe evaluate four long-running production cache workloads
using Cerberus for its storage management layer, as compareg@rovided by Meta [4], as detailed in Table 4. Figure 9 summa-
to striping (CacheLib’s default), caching (Orthus), and tiering rizes the results. For Workload A (lookaside cache workload)
(HeMem, Colloid and Colloid++). For workloads, we use and Workload B (graph leader workload), Cerberus performs
CacheBench [3], a highly con gurable benchmarking tool slightly better than Colloid and Colloid++, as these work-

bundled with CacheLib that can model real-world production loads involve small key-value pairs and stress the Small Ob-
cache workloads [4]. We also extend CacheBench to supportject Cache. On Workloads C and D, Cerberus signi cantly
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Device Workload Metric Striping Orthus HeMem Colloid Colloid++ Cerberus

Avg(ms) 081 0.67 071 0.56 0.52 0.50
P99 (ms) 15.76 18.18 19.24 9.59 9.00 7.33

Avg(ms) 0.73 0.61 059 045 0.44 0.43

A

C’f"\’}a"ee B P99 (ms) 7.00 1428 12.83 412 412 365
c Avg(ms) 076 086 059 067 088 047

P99 (ms) 953 10.69 650 7.78  8.85 543

o Avg(ms) 9.67 1238 826 715 832 3.16

P99 (ms) 67.68 27200 73.63 7293 86.32 27.76

A Avg(ms) 230 176 158 135 121 115

P99 (ms) 4643 27.96 2298 2598 21.31 20.40

NVMe B Avg(ms) 1.90 141 154 148 117 1.10

P99 (ms) 23.40 16.84 1159 14.15 9.34 854

Avg(ms) 195 2.00 149 140 162 1.23
P99 (ms) 18.18 18.42 12.35 16.50 18.50 12.31

Avg (ms) 27.55 32.15 26.69 19.98 16.68 16.09
P99 (ms) 239.86 364.20 160.10 158.07 170.2901.85

SATA

Table 5:Average and P99 GET Latency (ms) of Production
Workloads.

outperforms others, as these stress the Large Object CachE&igure 10:Dynamic Cache Workload.Read-heavy workload
(LOC); Cerberus effectively distributes writes through its dy- With 95% GET and 5% SET operations on Optane/NVMe
namic write allocation. Cerberus demonstrates better perfor-hierarchy, where 20% of keys belong to the hotset; the hotset
mance across all four production workloads due to its ef cient is accessed uniformly at random with a 90% probability. 25
mirroring-based load balancing and dynamic allocation. Com- Million key-value pairs, with value sizes ranging from 2KB to
pared to Colloid, Cerberus achieves an average throughpuf#KB; 1 billion operations. Size of SOC is 450GB.
improvement of 1.24 on the Optane/NVMe hierarchy and

1.17 onthe NVMe/SATA hierarchy.

Latency. Table 5 shows that Cerberus reduces average la-

tency by 14% and P99 latency by 19% on average compared

to the best-performing baseline. Striping performs worst on

workloads A and B due to bottlenecks from the slower de-

vice, while Orthus performs worst on log-heavy workloads

C and D, consistent with Figures 4c and 4d. Performance

gains are more substantial on the Optane/NVMe hierarchy,

with 20% lower average latency and 26% lower P99 latency

compared to the best-performing baseline. In comparison, the

NVMe/SATA hierarchy shows smaller improvements, with

6.6% and 12% reductions respectively.

4.4.3 Dynamic Workload

We compare how well Colloid and Cerberus handle load

changes using the CacheBench benchmark [4]. The bursts_. . :
happen every 180 seconds and last for 60 seconds, matchin%'gur:e élYChSBtE ZgBe Ibl?qli\sﬁs thehdefiltfl;[hparamﬁltersdfrom
those studied in [18] for data center workloads. Figure 10 achebench wi cache. € workloads are

; Zip an (g = 0.8) with 1KB values and 16-byte keys running
shows that Colloid struggles to adapt to these bursty work- .
loads, generating signi cant migration traf c. In contrast, Cer- under 256 threads with 20M records. The cache through-

berus ef ciently adapts to bursty workloads without incurring put is normalized to the throughput of th? default (strlpling) .
any migration overhead system and the number above each bar is P99 latency in mi-
444 VCSB ’ croseconds. Workload E is excluded due to CachelLib’s lack

of support for range queries.
We compare Cerberus to striping, tiering (HeMem), and
caching (Orthus) under the YCSB benchmark across two
local hierarchies shown in Figure 11. Since YCSB does not ) ]
natively handle cache misses, we extended it to implement a® Discussion
lookaside caching pattern [18], where cache misses trigger aMulti-tier Extensions. MOST’s mechanism naturally ex-
fetch from the backing store (simulated with a 1.5ms delay) tends beyond the two-tier scenario. For example, data can
and re-insertion into the cache. Cerberus shows Upit® be mirrored across multiple tiers, allowing requests to be

higher throughput and 30% less P99 latency compared to the
best-performing system.
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dynamically routed to the tier with the lowest latency. This a single tier. ELECT [57] replicates data within a single tier
generalization calls for a more sophisticated optimization and lacks support for cross-tier load balancing. eMRC [41]
policy, which we leave as future work. focuses on multi-tier miss ratio approximation but does not
Consistency.MOST can be extended to provide stronger address the load balancing problem, making its objective
consistency guarantees. One possible approach is to maintai®@rthogonal to ours. In contrast, MOST introduces a novel
a write-ahead log for mapping updates, such as those triggeredlata management model that supports selective mirroring
by data migration. We leave a full study as future work. and adaptive load balancing across a heterogeneous storage
Performance Isolation.Currently, MOST transparently man-  hierarchy. _ o

ages the underlying storage devices at the block level and is  Machine learning-based storage and memory tiering ap-
unaware of which tenant a given request belongs to. One poProaches (e.g., IDT [S0], RLTiering [40], A3C [76], Art-
tential solution is to use hints to associate each request with itsMem [21]) target a similar problem space as our work. These
corresponding tenant. With this additional metadata, MOST SYystems typically utilize reinforcement learning to guide data
can be extended to support and enforce performance isolatiorPlacement decisions but are built on traditional single-copy
policies, such as fairness and quality of service (QoS), acrosstiering models. As shown in our evaluation of Colloid, such

multiple tenants. models struggle with dynamic and time-varying workloads.
Like Colloid, these ML-based approaches are fundamentally
6 Related Work constrained by the inherent limitations of single-copy designs

Tiered Memory/Storage SystemsOur paper shares scope and fail to address the critical challenge of load balancing
with research on tiered memory and storage [15, 25, 31, 37,across tiers in heterogeneous hierarchies.
39,44,54,56,61,65,67,77] for managing heterogeneous hierStorage Aware Caching/Tiering.Our work aligns with re-
archies of different devices, including DRAM, NVM, CXL- search on storage-aware caching and tiering [17,34,53]49
enabled memory, NVMe SSD, SATA SSD, and hard drives. Wu et al. [71] identi ed a similar issue, where SSDs be-
vTMM [60], a tiered memory management system for virtual come throughput bottlenecks, and proposed migrating data
machines, optimizes memory-access tracking through pageto HDDs when SSD response times exceed those of HDDs.
modi cation logging. Nimble [73] is an OS-level system de- However, this migration-only approach reacts slowly to work-
signed to improve page migration throughput. HeterOS [33] load changes and incurs high migration overhead as Colloid.
functions as an OS/VMM-level heterogeneous memory man-SIB [34] targets HDFS clusters with SSDs and HDDs, us-
ager, coordinating memory placement and migration with ing SSDs as write buffers and of oading reads to HDDs.
guest OSes. Thermostat [16] identi es hot memory pages LBICA [17] implements cache load balancing by halting new
using page table sampling. All of these systems are orthog-allocations to performance devices under burst loads but does
onal to MOST, as they focus on memory-access tracking,not balance read traf c. Like Orthus, these caching-based
hot/cold data identi cation, and data migration rather than systems fail to fully utilize the capability of modern storage
load balancing across tiers. hierarchies.

Strata [38] is a cross-media le system designed to mitigate 7 Conclusion

the limitations of NVM, SSD, and HDD in a traditional stor-  \ye introduced Mirror-Optimized Storage Tiering, a new tier-
age hierarchy. Ziggurat [79] migrates cold data to lower tiers pased approach optimized for modern heterogeneous storage
in an NVM-disk tiered le system. Spit re [80] is a three-tier  pjerarchies. We demonstrate that with a small amount of mir-
caching-based buffer manager that leverages machine leamyyeq data, MOST improves throughput, reduces latency, en-
ing for optimal data placement. AutoRAID [66] integrates pances adaptability, and decreases migration-induced writes
mirroring for improved write performance with RAID-5for  nger dynamic workloads. In the future, hybrid approaches
cost-effective capacity. hStorage-DB [42] enforces QoS poli- that integrate elements of caching, tiering, and RAID may

cies for requests in hybrid storage systems. However, theseytfer further bene ts, potentially leading toward a uni ed
systems are load-unaware and not able to fully utilize lower- theory of storage hierarchy management.

tier bandwidth. PolyStore [58] is a meta layer built on top of
storage medium-optimized le systems that maximizes cumu- 8 Acknowledgement

lative storage bandwidth. However, PolyStore is optimized We thank Huaicheng Li (our shepherd), the anonymous re-
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duplication, therefore not able to ef ciently adapt to dynamic  This material was supported by funding from the NSF under
workload. the award number CNS-2402859 and the taxpayers of Wiscon-

sin and the USA. We thank NetApp, Microsoft, In uxData,
and GE HealthCare for their generous support. Any opinions,
ndings, and conclusions or recommendations expressed in
this material are those of the authors and may not re ect the
views of NSF or any other institutions.

Distributed multi-tier caching systems [41, 55, 57] broadly
share a similar problem space with our work. However, their
approaches differ signi cantly from MOST in both design and
objectives. Forinstance, EC-CACHE [55] uses erasure coding
instead of mirroring and is limited to load balancing within
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