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High-capacity solid-state drives (SSDs) with expected capacities of one PByte and more will address cloud
storage and archiving environments previously dominated by magnetic disks. These new applications are
very cost-sensitive, so unnecessary overhead must be reduced as much as possible without sacrificing the
performance advantages of SSDs.

An expensive component within a scale-up SSD is the on-device memory to map host logical page numbers
to flash pages. This article, therefore, proposes HyTorC, which builds on the idea of S-FTL to represent
sequentially stored logical pages using bitmaps instead of providing one entry per logical page. HyTorC
extends this idea by introducing, for the first time in an FTL, compression of these bitmaps using run-length
encoding, and by investigating the effects of background scrubbing to realign randomly written pages into
contiguous runs. This background scrubbing allows HyTorC to keep large portions of the mapping table in
block mapping mode, further reducing the memory footprint.

HyTorC retains the flexibility of the page mapping scheme and supports compression of logical blocks
within the SSD, allowing multiple compressed logical pages to be stored within a single physical page. HyTorC
is fully implemented in an open-channel SSD. Our tests show that HyTorC can reduce memory consumption
by an average of 98.9% over standard page mapping, 95.6% over the DFTL scheme, 87.3% over S-FTL, and 56.5%
over the learned index-based approach LeaFTL for the Alibaba Cloud block traces, and by 98.6% over standard
page mapping, 95.5% over the DFTL scheme, 84.1% over S-FTL, and 61.5% over LeaFTL for the Microsoft
Research Cambridge traces. HyTorC focuses on the memory footprint of the FTL and not on performance.
However, the performance evaluation shows that HyTorC achieves similar performance compared to page
mapping and FTLs based on learned indexes.
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1 Introduction
Flash-based solid state drives (SSDs) have replaced magnetic hard disk drives (HDDs) in many
applications, such as mobile computing or as fast server storage. High-capacity SSDs, with expected
capacities of one PByte and more, will also address cost-sensitive cloud storage and archiving envi-
ronments previously dominated by HDDs. For these new application areas, unnecessary overhead
must be reduced as much as possible without compromising the performance advantages of SSDs.

The most expensive component inside a scale-up SSD is the flash storage itself. New generations
of SSDs, therefore, integrate a compression unit inside the controller that detects and removes
redundancies within a data block [6, 18, 28, 43, 45].This allows, in the simplest case, to store multiple
logical pages within a single physical page on the SSD.

The second most expensive component of an SSD is its main memory, which is required, for
example, to store mapping information to translate logical page numbers (LPNs) used by the
host computer to physical page numbers (PPNs) on the SSD. The size of the corresponding
mapping information grows with the number of logical pages, so growing SSD capacities and data
compression inside SSDs increase the pressure on it.

Most modern SSDs apply a strategy called page mapping to translate between logical and physical
numbers. Page mapping stores one entry per logical page in main memory, so the size of this page
map grows with both the number of physical pages provided by the SSD and the compression
rate. Therefore, as the price of flash memory falls faster than the price of main memory, and as
the number of logical pages increases due to compression techniques, the relative cost of page
mapping within an SSD also increases. For example, the price difference between memory and SSDs
increased from 8× in 2010 to 42× in 2023 [25], even without considering compression inside SSDs.

Page mapping has been adopted by modern SSDs because more coarse-grained approaches, such
as simple block mapping and hybrid approaches [17, 19], provide limited flexibility in where a page
can be stored and incur too much performance overhead for the potential cost savings.

Figure 1 shows the memory requirements for address translation of a 1 PByte physical capacity
SSD for different mapping strategies. To derive these results, we scaled the memory requirements
for the subset of Alibaba cloud traces [20] used in our evaluation (see Table 1) for different address
translation approaches to a capacity of 1 PByte.

Applying standard page mapping to 4 kByte physical pages requires nearly 2 TBytes of memory,
even without further data compression. This means that, when applying page mapping, the cost
for DRAM inside the SSD is in the same order as the cost for the flash storage. Caching only parts
of the page table, as introduced by the demand-based FTL (DFTL) strategy [5], can reduce the
memory footprint to 626 GBytes. However, caching either introduces delays for random access
workloads or requires additional fast storage devices [7].

It is, therefore, important to rethink address translation techniques to reduce their memory size.
An important insight has been that only one physical address needs to be stored for each set of
sequentially stored logical pages [9, 33, 36, 44]. S-FTL was the first strategy to take advantage of
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Fig. 1. Memory capacity required to map a 1 PByte SSD.

this insight, using bitmaps to encode sequentially stored logical pages, and reducing the memory
requirement in our workload mix to 168 GBytes [9]. These sequential runs are also used by learned
indexes [33, 36] such as LeaFTL [33], which is able to further reduce the memory requirement to 54
GBytes. Existing address translation algorithms can therefore already reduce the cost of DRAM for
address translation to a few percent of the overall SSD cost. However, in a market with small profit
margins, further reducing these costs can provide a significant competitive advantage, especially as
the price difference between DRAM and flash memory further increases.

This article proposes the Hybrid Address Translation for SSDs supporting Compression (HyTorC)
algorithm, which significantly reduces mapping metadata by combining the advantage of page
mapping, that each logical page can be stored at arbitrary physical locations, with an extremely
compact metadata representation for sequentially stored logical pages, and a background scrubbing
process to sequentially realign logical pages. Compared to the most memory efficient existing
address translation algorithm, HyTorC is able to further reduce memory requirements by a factor
of two, requiring only 21 GBytes of memory to fully map a 1 PByte SSD for our workload mix.

The first contribution of this article extends the insight that only one physical address needs to
be stored for sequentially stored logical pages (see, e.g., [9, 33, 36, 44]). HyTorC for the first time
couples the bitmap approach of S-FTL with an additional run-length encoding to compress the
metadata needed to find boundaries between sequential runs. We also show that this run-length
encoding has a negligible impact on the lookup performance of the SSD, even for the low-end CPUs
used in today’s SSDs.

The second contribution takes advantage of the fact that the lifespan of SSDs increases with
their capacity. This is, compared to smaller SSDs, due to the reduction of daily overwrites at
the same write bandwidth and the reduction in write amplification, as cold data in these SSDs
implicitly increases the overprovisioning available for hot data [21]. Combined with internal SSD
bandwidth growing faster than external SSD bandwidth, it becomes possible to support more
garbage collection (GC) cycles or data reorganizations without impacting overall performance
or SSD lifespan. HyTorC, therefore, adds a scrubbing process that realigns cold data to store it
as sequentially as possible. Scrubbing allows HyTorC to store more page translations in a hybrid
block mapping mode, or to increase the length of sequentially stored logical pages. Our evaluation
examines, for the first time, the relationship between scrubbing frequency and its effect on write
amplification when used to reduce the memory footprint for address translation.

The third contribution is the design of an FTL for SSDs that internally compress data. Unlike
related work using a bitmap-based approach [9], our approach can ensure a compact representation
of address translation, and unlike learned-index-based FTLs [33], it also keeps the memory footprint
small even at high and non-uniform compression ratios.

We implemented HyTorC and competing approaches inside an Open Channel SSD to realistically
investigate the impact of our new approach on memory consumption, performance, and write
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amplification. We evaluated the address translation techniques using Microsoft Cambridge traces
(MSR) [24] and Alibaba Cloud block traces [20, 35]. The MSR traces were collected from 36 volumes
of an enterprise data center over the duration of one week and include access patterns of enterprise
services like file servers, web servers, and web caches. The more recent Alibaba block level traces
were collected from 1,000 randomly sampled virtual disks from Alibaba Cloud production systems
over the duration of one month. The MSR and Alibaba traces are among the largest real-world
block-level traces available to researchers and academics.

The evaluation shows that HyTorC requires, for the Alibaba Cloud block traces, on average
98.9% less memory than page mapping, 95.6% less memory than the caching-based DFTL [5], and
87.3% less memory than S-FTL [9]. A surprising result is that HyTorC also reduces the memory
consumption compared to LeaFTL [33] by 56.5%, showing that compact, hand-crafted data structures
can outperform learned indexes. Similar results also hold for the MSR traces.

The resulting memory savings can be used to improve performance by providing more memory
for caching. However, we expect SSD manufacturers to optimize SSDs for Cloud and archive
workloads for cost, so that they will simply provide less memory inside the SSD controllers. The
investigation on whether using saved memory for caching can improve performance is therefore
beyond the scope of this article.

One limitation of the Open Channel SSD implementation is that the underlying dual-core CPU is
weak even compared to today’s SSD controllers, so it was not possible to hide all of the performance
impact of scrubbing by offloading scrubbing to background jobs on additional CPU cores. Also, the
Open Channel SSD does not include a compression unit, so we were unable to compress data on
the SSD itself. We discuss these restrictions in the evaluation section.

The remainder of this work is structured as follows. Section 2 describes the related work on
address translation schemes, while Section 3 describes the new hybrid address translation algorithm.
Section 4 presents the evaluation results and we will conclude in Section 5.

2 Model and Related Work
This section gives a short introduction into the applied SSD model and will then present related
work on compression inside SSDs and address translation.

2.1 SSD Model
The capacity of SSDs is partitioned into 𝑛 blocks and each block is able to store 𝑚 physical pages. A
physical page is the smallest granularity, which can be individually addressed and it has a fixed
capacity 𝑐𝑝. The individual cells inside a page can only be written in one direction before being
reset by an erase operation and the granularity of erase operations is, due to physical constraints, a
complete block. Directly overwriting physical pages is, therefore, with the exception when using
write-once memory codes [8, 22, 23, 40], not possible. Furthermore, erasing blocks damages the
flash cells, so that the number of possible erase cycles per block is limited.

SSDs implement an out-of-place update mechanism to overcome the physical restrictions of
flash cells. Incoming write operations are buffered in a small write cache and are then flushed to an
open write block. The old versions of the corresponding logical pages are then invalidated. The
number of open write blocks is limited to simplify the SSD management.

The flash translation layer (FTL) manages the mapping between logical and physical pages,
constantly reclaims free space by running GC cycles [1, 2], and ensures that the number of erase
cycles per block is evenly spread over the SSD. Read and write latencies can increase during GC if
these operations are queued behind GC.This effect of GC can be hidden by a concurrent background
implementation [11, 16, 38, 41], while orthogonal wear-leveling strategies balance the erase count
of blocks [3, 10].
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The capacities of SSDs have grown exponentially over the past decades and manufacturers have
continually increased the page size 𝑐𝑝 and the number of pages per block 𝑚. In the following,
unless otherwise noted, we use a rather small page size of 𝑐𝑝 = 4, 096 bytes and a number of
pages per block 𝑚 = 1, 024, which are the device parameters of the open-channel SSD used in our
evaluation. All data structures are designed for a maximum physical capacity of 4 PByte, which is
40× larger than the capacities of the largest available SSDs, which can store between 64 and 128
TByte [27, 32, 37]. Scaling beyond 4 PByte requires adjusting the bit width of some variables, which
is standard industry practice when moving to the next generation of SSDs.

2.2 Address Translation Techniques
FTLs uniquely map each logical page to a physical page on an SSD. A simple approach, called page
mapping, stores one table entry for each logical page [39]. This approach is the fastest mapping
approach because each mapping involves only a single table lookup and the GC strategy can map
each logical page to any physical page, but at the cost of high memory consumption.

The other extreme is to partition logical pages into logical blocks of the same size as physical
blocks, storing only one entry for each logical block, and ensuring that each block contains only
sequential pages. This block mapping results in write amplification for non-strictly sequential
workloads that can be proportional to the number of pages in a block [14].

There have been many approaches to strike a balance between page mapping and block map-
ping [15]. Hybrid mapping schemes try to map most pages based on a block mapping scheme.
In addition, they introduce log blocks with fewer mapping restrictions than block mapping. Imple-
mentations of hybrid mapping schemes range from storing only pages from a single block in a log
block to supporting full page mapping within log blocks [12, 17, 19].

Many I/O workloads have temporal localities and hot address translations can therefore be
cached in memory while most mappings are stored on the SSD. DFTL, therefore, distinguishes
between data pages and translation pages and stores both on the SSD [5]. Each translation page
contains the page mapping for a contiguous list of logical pages. DFTL caches the mappings for
the most recently used logical pages and a timestamp used by the cache eviction strategy. It also
requires an in-memory Global Translation Directory (GTD) to locate translation pages on the
SSD. The I/O overhead of DFTL can be limited to at most two additional page reads and one write
per cache miss.

Several approaches have improved on the original DFTL approach. HAT (hiding the address
translation) provides an additional small non-volatile cache to store the page table and hide lookup
latencies [7]. S-FTL compacts the in-memory representation of translation pages by storing only
a single entry for sequentially stored logical pages and introducing a bitmap to detect these
sequences [9]. CDFTL introduces a second cache layer that stores mappings evicted from the first
cache layer to delay and batch write-back operations [29]. TPFTL introduces a two-level LRU
strategy that uses the hotness of logical pages and complete translation pages. It also detects
sequential accesses that pollute the cache and batch-updates translation pages [44].

HyTorC builds on S-FTL’s idea of compacting the representation of sequentially stored pages
using bitmaps. HyTorC further reduces memory consumption by adding a block mapping mode,
compressing bitmaps using run-length encoding, and using a scrubbing process to reassemble
randomly written pages. In addition, HyTorC supports data compression and does not use caching
to further minimize the memory footprint, but always keeps all page mappings in memory. Caching
is orthogonal to HyTorC and can be used in cases where even its extremely high efficiency is not
sufficient.

LeaFTL uses learned indexes to learn the logical to physical page mapping within a block using
linear functions [33]. It reduces memory consumption of mapping tables by encoding contiguous
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pages in a single linear function. Further memory reductions are possible by allowing extra I/Os to
overcome bounded mispredictions. LeaFTL also benefits from resorting pages before writing them
within a block according to their logical block number. LearnedFTL [36] additionally combines the
learned indexes with the demand-based FTL scheme TPFTL [44].

Similar to learned indexes, HyTorC benefits from sequential mappings using its run-length en-
coding. HyTorC additionally reduces the memory footprint by performing a background scrubbing,
and it directly supports logical page compression. We will show that lessons learned from both
conventional data structures and learned indexes can help to design even more efficient page
mapping approaches.

2.3 SSD Compression
Compressing data can reduce write amplification and improve SSD performance. Zuck et al. exam-
ined the tradeoffs of whether compression should be implemented in the application, the storage
stack, or the SSD itself and concluded that compression inside the SSD is the superior choice [45].

Most early compression-enabled SSDs uniquely map each logical page to a physical page, while
a physical page can store more than a single logical page [18, 26]. This means that two or more
compressed logical pages are stored in their compressed form in a physical page only if they fit
together in that physical page. This reduces compressibility compared to being able to spread
logical pages over multiple physical pages [45], but also simplifies the FTL design. BlueZIP SSD,
for example, then simply uses a page mapping approach to find address translations, but needs
an additional data chunk table for GC to distinguish between physical pages that store a single or
multiple logical pages [18].

IBU (In-Block Update) is a hybrid address mapping scheme that maps sequential, non-
compressible data as blocks and uses page mapping to map the remaining pages [34]. The evaluation
of IBU is based on simulations only and shows that IBU reduces the size of mapping tables by a
rather small factor of 4× compared to page mapping.

Commercial SSDs that support compression either use the extra capacity to increase over-
provisioning and therefore SSD endurance [6] or to provide more virtual capacity [28]. These
features can be used transparently or supported by new data structure designs [4, 28].

It is not publicly known whether commercial SSDs supporting compression distribute a logical
page across multiple physical pages. In the following, we assume that logical pages are stored in
their compressed form only if at least two compressed logical pages fit into one physical page.
However, all of our proposed data structures can be adapted to the case where a logical page is
spread over two physical pages.

3 Design
This section first presents a set of requirements for address translation algorithms inside SSDs
and then presents a new approach to significantly decrease the memory consumption of address
translation while supporting the requirements of new scale-up flash devices.

3.1 New Requirements for Address Translation
The increasing capacity of SSDs combined with support for compression requires a re-design of the
address translation unit inside the FTL of an SSD:

— First, it is necessary to significantly reduce the memory footprint of the address translation
unit compared to page mapping to keep the cost of main memory within the SSD low. This
implies that it is too costly to maintain a pointer to a physical page for each logical page, and
therefore, the address translation unit should group pages so that a group of pages can use a
single pointer [9, 33].
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— Second, new SSDs compress data to increase the storage capacity provided. This means
that the current state of bitmap-based compaction cannot be used in conjunction with data
compression [9] because compression breaks the nice sequential patterns they use and results
in significantly increased memory consumption.

—Third, the read performance of an SSD is limited by the latency of accessing a physical page,
and the SSD must support random access patterns. Therefore, I/O accesses required by the
address translation unit should be minimized as they can double the cost of random reads,
and the compression of the translation table must be high enough to avoid the need for
caching schemes such as DFTL.

HyTorC combines and introduces several techniques to fulfill these requirements. HyTorC follows
a hybrid design that keeps as many address translations in block mapping mode as possible. For
page mapped address translations, it detects, similar to S-FTL, sequential address translations and
encodes them by a single pointer for each sequential sequence and one bitmap to detect the end of
sequences (Section 3.2). The idea of using bitmaps is extended by an additional bitmap to encode
data compression and by aggressively compressing metadata (Section 3.3). Scattered cold data
leading to many address translations stored in page mapping mode is re-grouped using background
scrubbing (Section 3.4).

We describe the address translation for reads and writes in Section 3.5. The on-disk layout of our
address translation (Section 3.6), the GC strategy (Section 3.7), and the crash recovery (Section 3.8)
were implemented very close to standard page mapping strategies.

3.2 Logical Block Descriptor (LBD)
HyTorC is based on the concept of logical blocks, where the number of pages assigned to each
logical block is equal to the number of uncompressed physical pages 𝑚 that can be stored in a
physical hardware block.

We provide an LBD for each logical block (see, e.g., Figure 2). LBDs can be of different sizes,
include different fields, and the required memory for LBDs is allocated on demand. HyTorC indexes
LBDs using an array with one pointer for each LBD. HyTorC maps an LPN to its corresponding
logical block number within the array by taking the modulo of the LPN by the number of physical
pages𝑚 in a block. The LBD is then used to derive the physical location of the corresponding logical
pages.

We will introduce the additional fields of the LBD using an example in the following paragraphs,
which first describes the block mapping mode and then continuously evolves.

Block mapping: We will start the description of the LBD for a logical block which is completely
stored in block mapping mode. Each LBD begins with the logical block number corresponding to
the LBD, followed by four bit flags and a 28-bit timestamp.

The unpredictability of incomingwrites can lead to a situation where HyTorC can store a complete
logical block at once, but cannot start writing it at the beginning of a physical block. A logical block
can, therefore, start at any position within a physical block. The example in Figure 2 shows such a
situation where the first logical block with LBN 0 was stored as a single entity in block mapping
mode. However, LPNs 0–1 were assigned to the end of physical block 2, while the remaining pages
were assigned to the beginning of physical block 0. Therefore, HyTorC provides two block pointers.
Each block pointer has a size of 40 bits to map a block to an arbitrary PPN, resulting in an address
space of 4 PByte for 4 kByte pages. The maximum number of block pointers is limited to two,
because the FTL can always start writing the second part of a logical block at the beginning of a
physical block during GC or scrubbing.

Correctly locating a page within a block requires taking page compression into account. HyTorC
therefore stores an additional bit for each logical page in the compression map 𝑐𝑚0 of the block
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Logical Block Number

Logical Block Descriptor

Flags | Time stamp

Block Pointer 0 (bp0)

Block Pointer 1 (bp1)

Compression Map 0 (cm0): 11111110

Availability Map (am): 11111111

Physical Block 0 Physical Block 2 Physical Block 4

Physical Block 1 Physical Block 3 Physical Block 5

LPN 0

LPN 1

LPN 2

LPN 3

LPN 4

LPN 5

LPN 6 / 7

Valid page Invalid page Filled page Free page

Fig. 2. Mapping between LBD and physical SSD pages. In the example, each logical and physical block
consists of eight pages and the SSD consists of six physical blocks. If two or more logical pages are compressed
into a single physical page, both their indices are added to the description. E.g., LPN 6/7 means that the
logical pages 6 and 7 are compressed into one physical page.

descriptor, that indicates whether this page starts at a new page boundary or is co-located with the
previous page. A bit in the compression map is set to 1 if the corresponding logical page starts at a
new physical page. In our example, the eights bit of the compression map is set to 0 and therefore
indicates that pages 6 and 7 of the logical block are compressed and mapped to the same physical
page.

The compression map defines the state when the block mapped pages have been written and it
also includes information about logical pages, which later have been transformed to page mapping
mode. When locating the offset of a logical page in block mapping mode, it is therefore possible to
simply count the trailing bits in this compression map.

The LBD includes an availability map 𝑎𝑚 that indicates for each logical page whether it is part
of the block mapping or whether it is mapped individually in page mapping mode. A bit in the
availability map is set to 1 if the page is stored in block mapping mode. In the example, all bits are
set to 1, indicating that all pages are still stored in block mapping mode.
Page Mapping: Figure 3 extends our example and shows the situation after first LPN 0 was

overwritten and stored inside physical block 3, and then LPN 2, LPN 3, and LPN 5 were overwritten
and stored inside physical block 1. For the four pages involved, the corresponding bits in the
availability map have been set to 0, so that HyTorC can distinguish between pages stored in block
mapping mode and page mapping mode.

HyTorC always sorts logical pages by their LPN before writing them to a physical block. Accord-
ingly, LPN 2 and LPN 3 were stored sequentially, so it is sufficient to store a single pointer for them.
Therefore, we introduce an additional 𝑚 bit sequentiality map 𝑠𝑚, where a bit is set to 1 if the page
is not stored sequentially and, therefore, requires its own page pointer. In our example, the bits
inside 𝑠𝑚 for LPN 0 and LPN 1 are set to 1, the bit for LPN 3 is set to 0. LPN 5 directly follows LPN 3
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Logical Block Number

Logical Block Descriptor

Flags | Time stamp

Block Pointer 0 (bp0)

Block Pointer 1 (bp1)

Compression Map 0 (cm0): 11111110

Availability Map (am): 01001011

Sequentiality Map (sm): 10100100

Compression Map 1 (cm1): 10110100

Page Pointer 0

Page Pointer 1

Page Pointer 2

pp
a

Physical Block 0 Physical Block 2 Physical Block 4

Physical Block 1 Physical Block 3 Physical Block 5

LPN 2

LPN 3

LPN 4

LPN 5

LPN 6 / 7

LPN 2

LPN 3

LPN 5

LPN 0

LPN 1

LPN 0

Valid page Invalid page Filled page Free page

Fig. 3. LBD after several pages of logical block 0 have been written in page mapping mode.

within block 1, but still requires an additional page pointer. The reason is that HyTorC stores only
one 𝑠𝑚 bitmap for all page-mapped logical pages within an LBD, and therefore, we can construct
situations where it is impossible to derive the correct location for a logical page without such an
additional pointer.

In addition, sequentially written pages can also be compressed. Therefore, we introduce a second
𝑚 bit compression map 𝑐𝑚1, which again stores a 1 if the sequentially written logical page in page
mapping mode is stored in a new page after its logical predecessor. These compression bits may
differ from the compression bits in 𝑐𝑚0 because the compressibility of a logical page may change
when it is overwritten. Finally, the page pointers are stored in the page pointer array 𝑝𝑝𝑎 at the
end of the LBD.

3.3 Size of the LBD and Compressing the LBD
The minimum size required to store the LBD depends on several parameters. The header, therefore,
contains four status bits, where the first bit indicates whether the second block pointer is needed
(saving 40 bits), and the other three bits indicate whether an availability map 𝑎𝑚 is necessary
(only if not completely block mapped), whether the compression maps 𝑐𝑚0 and 𝑐𝑚1 are necessary
(only if compression is possible within this block), and whether the page mapping part contains a
sequentiality map 𝑠𝑚.

The 𝑚-bit wide maps can be compressed in most cases. Therefore, we start each map description
with a 5-bit length field, indicating the number of 32-bit values for the map. The maps are stored as
either plain bitmaps or run-length encoded. We use an extra three bits to encode the number of
bits used per run-length entry, so that up to 256 bits can be encoded by a single entry. We set the
extra three bits to zero if the bitmap is stored as a plain bitmap.

If each page is stored in block mapping mode and only one block pointer is needed, the minimum
size for an LBD is 104 bits. In this case, the LBD is padded to 128 bits up to the next 32-bit limit.
Comparing this to a page mapping approach, where each entry within a page mapping requires 40
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ALGORITHM 1: Translating logical to physical page addresses
Require: Logical page number 𝑎𝑑𝑑𝑟 and LBD
1: 𝑝 = 𝑎𝑑𝑑𝑟 mod 𝑚
2: if (𝑎𝑚[𝑝] == 1) then
3: {Page is block mapped}
4: 𝑝𝑜 = leadingOnes(𝑐𝑚0, 𝑝)
5: 𝑏𝑜 = 𝑏𝑝1 mod 𝑚
6: if (𝑏𝑜 + 𝑝𝑜 > 𝑚) then
7: return 𝑏𝑝2 + 𝑏𝑜 + 𝑝𝑜 − 𝑚
8: else
9: return 𝑏𝑝1 + 𝑝𝑜

10: end if
11: else
12: {Page is page mapped}
13: 𝑜𝑝𝑚𝑎 = leadingOnes(𝑠𝑚, 𝑝) - 1
14: 𝑝𝑏𝑎𝑠𝑒 = indexOf1Bit(𝑠𝑚, 𝑜𝑝𝑚𝑎)
15: 𝑝𝑜 = leadingOnes(𝑐𝑚1, 𝑝) - leadingOnes(𝑐𝑚1, 𝑝𝑏𝑎𝑠𝑒)
16: return 𝑝𝑚𝑎[𝑜𝑝𝑚𝑎] + 𝑝𝑜
17: end if

bits, the compression ratio of the LBD compared to page mapping can be as high as 320× in the
best case, and we will show that the average compression is as high as 92× in our evaluation.

3.4 The Scrubbing Process
Updating pages and continuously running the GC process will cause most pages to be mapped in
page-mapping mode over time, and the memory savings of the LBD will disappear. Therefore, a
scrubbing process is constantly running in the background, waking up 𝑓𝑠𝑐𝑟 times per second to
merge one logical block in each iteration. It iterates through the list of LBDs and selects as the next
scrubbing block an LBD that has not been written to for more than 𝑡𝑠𝑐𝑟 seconds and that stores
more than 𝑝𝑠𝑐𝑟 pages in page mode.

Blocks used for scrubbing are outside the standard write process, so that recent writes are not
mixed with these cold blocks. The values for 𝑓𝑠𝑐𝑟, 𝑡𝑠𝑐𝑟, and 𝑝𝑠𝑐𝑟 allow to control the bandwidth
required by scrubbing and, therefore, to adequately use the additional internal read and write
bandwidth, which today’s SSDs can deliver beyond the required external bandwidth. The default
values in our tests, if not specified otherwise, are 𝑓𝑠𝑐𝑟 = 10, 𝑡𝑠𝑐𝑟 = 300, 𝑝𝑠𝑐𝑟 = 512.

3.5 Reading and Writing Pages
This section describes the process of using and updating the LBD for reading and writing pages.
We therefore present the corresponding algorithms and use Figures 2 and 3 as examples to explain
the process.

Reading a logical page: Reading a page requires a translation between its logical and its PPN.
The inputs of the corresponding algorithm are the LPN 𝑎𝑑𝑑𝑟 and its LBD (see Algorithm 1). In a first
step, the algorithm calculates the logical offset 𝑝 of the page within the logical block and checks
within the availability map 𝑎𝑚 whether the page is stored in block mapping mode or page mapping
mode.

An example of reading a logical page stored in block mapping mode is shown for LPN 4 in
Figure 3. Its corresponding bit in the 𝑎𝑚 bit map is set to 1, indicating that the page is stored in block
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mapping mode. The calculation of the physical offset of LPN 4 in block mapping mode must include
the number of compressed pages stored before LPN 4. This physical offset 𝑝𝑜 can be calculated
by simply counting the number of 1 bits stored before the 𝑝‘th bit of the compression map 𝑐𝑚0
(implemented in the function leadingOnes()), which results in four uncompressed pages stored
before LPN 4.

The logical block can be split into two physical blocks. In Algorithm 1, we therefore, first compute
the offset 𝑏𝑜 of the first block pointer 𝑏𝑝0 into its corresponding physical block. In the example, 𝑏𝑜
computes to 6, and the if clause in Line 6 detects that 𝑏𝑜 + 𝑝𝑜 is bigger than the number of pages
in a block and follows the second block pointer 𝑏𝑝1 to derive the location of LPN 4.

Exactly the same logic is applied when reading a compressed page. In our example, calculating
𝑝0 would result in 6 for LPN 7, so the following read function would load the page that stores both
LPN 6 and LPN 7. We use the out-of-band (OOB) area of each physical page to store information
about whether more than one logical page is stored within it, and where the boundaries between
these logical pages are within the physical page.

Calculating the PPN of a logical page stored in page mapping mode is slightly more complicated.
The LBD stores a pointer for each set of sequentially stored logical pages inside the page pointer
array 𝑝𝑝𝑎. The offset 𝑜𝑝𝑚𝑎 into the 𝑝𝑝𝑎 for the starting page 𝑝𝑏𝑎𝑠𝑒 of the sequentially stored set
of pages, which includes the sought page, can be calculated by counting the number of leading
1-bits in the sequentiality map 𝑠𝑚 before position 𝑝 and by then subtracting 1. In case of LPN 3 in
Figure 3, this leads to an offset of 1 and we can use in the following page pointer 1.

To derive the logical distance between the sought logical page 𝑝 (LPN 3 in the example) and
the starting page 𝑝𝑏𝑎𝑠𝑒 of the first page of its sequential run (LPN 2 in our case), it is necessary
to receive the address 𝑝𝑏𝑎𝑠𝑒 by deriving the index of the 𝑜𝑝𝑚𝑎-th 1-bit inside 𝑠𝑚 using the func-
tion indexOf1Bit(). Without compression, the physical address of the sought page can now be
calculated as 𝑝𝑚𝑎[𝑜𝑝𝑚𝑎] + (𝑝 − 𝑝𝑏𝑎𝑠𝑒).

Including compression, we also have to consider the number of compressed pages between
page 𝑝 and 𝑝𝑏𝑎𝑠𝑒, which can be calculated based on the second compression map 𝑐𝑚1. We have
to subtract the number of new uncompressed starting positions up to 𝑝𝑏𝑎𝑠𝑒 from the number of
uncompressed starting addresses from 𝑝. These can again be derived using the leadingOnes()
function. The further handling of read requests after the address translation follows the standard
read process of an SSD.
Writing a set of logical pages: Algorithm 2 illustrates the process of updating the LBD after

sequentially writing a set of 𝑛 pages. The algorithm first updates in Lines 1–4 the availability map
𝑎𝑚 to 0 for each page, because the pages are later stored in page mapping mode. This operation
does not produce a negative side-effect even if the page has been stored in page mapping mode
before.

Lines 5–12 set the physical start address for the first page of the sequential write. In the case that
the page has not yet an entry in the page pointer array 𝑝𝑝𝑎, a new entry is created at the offset
𝑝𝑜 inside the array. This offset can be computed based on the number of logical pages inside the
logical block, which are also stored in page mapping mode, which have a smaller LBA than this
write, and which are also the start page of a sequential write by calling leading_ones(sm, p). If
there is already an entry in the 𝑝𝑝𝑎 for this page, then this slot at position 𝑝𝑜 is reused. Afterward
the bits for the sequentiality map 𝑠𝑚 and the compression map 𝑐𝑚1 are set to 1, indicating that the
page starts at a new position and is not compressed together with its predecessor.

Lines 13–24 update the remaining pages of the sequential write. If some of these pages have been
the start of a previous run of sequential pages, their entries must be removed from the 𝑝𝑝𝑎 and in
all cases, we store the previous physical position of the last handled page in 𝑝𝑎𝑑𝑑𝑟_𝑜𝑙𝑑 for later
housekeeping. Then, we unset 𝑠𝑚(𝑝) for these pages and update their compression bits in 𝑐𝑚1.
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ALGORITHM 2: Updating LBDs after sequential page writes
Require: Logical start page 𝑙_𝑎𝑑𝑑𝑟, number of sequentially written pages 𝑛, new physical page

numbers 𝑝_𝑎𝑑𝑑𝑟[𝑛], old physical start address 𝑝𝑎𝑑𝑑𝑟_𝑜𝑙𝑑, and LBD
1: 𝑝 = 𝑙_𝑎𝑑𝑑𝑟 mod 𝑚

{Set all pages of sequential write to page mapping mode}
2: for (𝑖 = 0, 𝑖 < 𝑛; 𝑖 + +) do
3: 𝑎𝑚[𝑝 + 𝑖] = 0
4: end for

{Set the bits and physical start address for first page}
5: po = leadingOnes(sm, p)
6: if (𝑠𝑚[𝑝] == 0) then
7: 𝑝𝑝𝑎.𝑖𝑛𝑠𝑒𝑟 𝑡(𝑝𝑜, 𝑝_𝑎𝑑𝑑𝑟)
8: else
9: 𝑝𝑝𝑎[𝑝𝑜] = 𝑝_𝑎𝑑𝑑𝑟

10: end if
11: 𝑠𝑚[𝑝] = 1
12: 𝑐𝑚[𝑝] = 1

{Update remaining pages}
13: for 𝑖 = 1, 𝑖 < 𝑛; 𝑖 + + do
14: if (sm[p + i] == 1) then
15: 𝑝𝑎𝑑𝑑𝑟_𝑜𝑙𝑑 = 𝑝𝑝𝑎[𝑝0 + 1]
16: 𝑝𝑝𝑎.𝑑𝑒𝑙𝑒𝑡𝑒(𝑝0 + 1)
17: else
18: 𝑝𝑎𝑑𝑑𝑟_𝑜𝑙𝑑 = 𝑝𝑎𝑑𝑑𝑟_𝑜𝑙𝑑 + 𝑐𝑚1[𝑝 + 𝑖]
19: end if
20: 𝑠𝑚[𝑝 + 𝑖] = 0
21: if (p_addr[i - 1] == p_addr[i]) then
22: 𝑐𝑚1[𝑝 + 𝑖] = 0
23: else
24: 𝑐𝑚1[𝑝 + 𝑖] = 1
25: end if
26: end for

{Clean-up}
27: if ((p + i + 1) < m - 1) && (sm[p + i + 1] == 0)) then
28: 𝑝𝑝𝑎.𝑖𝑛𝑠𝑒𝑟 𝑡(𝑝𝑜 + 1, 𝑝𝑎𝑑𝑑𝑟_𝑜𝑙𝑑 + 𝑐𝑚1[𝑝 + 𝑖 + 1])
29: 𝑠𝑚[𝑝 + 𝑖 + 1] == 1
30: 𝑐𝑚1[𝑝 + 𝑖 + 1] == 1
31: end if

Additional care must be taken if a page is the last page of a write and the next page was part of
a previous sequential write. Therefore, if 𝑠𝑚(𝑝 + 1) = 0, the current physical address of the next
page must be computed by taking the start address of the previous sequential write and adding
the physical distance to the next page. Then we can insert it at position 𝑝𝑜 + 1 into the physical
address mapping table. Afterward, we have to set 𝑠𝑚(𝑝 + 𝑖 + 1) = 1 and 𝑐𝑚1(𝑝 + 𝑖 + 1) = 1.

Finally, the time stamp inside the LBD is updated after the write process to the current time 𝑡.
Use a write operation to LPN 5 in Figure 2 as an example. The pages LPN0, LPN2, and LPN3

have already been written before. The mode of LPN 5 is transferred to page mapping and the bit at
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Timestamp (28 bits): Time when the physical page
was written
Status Flags: ECC status, bad block marker, etc.
(hardware-dependent)

Logical Page Count (4 bits): Number of logical
pages stored inside this physical page, e.g., 3

LPN Map (Logical Page Count x 32 bits): Mapping
of ppn to lpn, e.g., LPN[0], LPN[1], LPN[2]

offset (Logical Page Count x 12 bits): offset of logi-
cal pages, e.g., Offset[0], Offset[1], Offset[2]

Fig. 4. OOB area of a physical page.

its offset 𝑝 in the availability map 𝑎𝑚 has to be unset to 0. If the page is the first page of a write
request, which is the case for LPN 5, we have to set its bit in 𝑠𝑚 and have to insert its physical
address at position leadingOnes(sm, p) into the page mapping array 𝑝𝑚𝑎. If the page is part of a
larger write request and it sequentially follows its predecessor, then we have to set its compression
bit in 𝑐𝑚1, iff it is not stored in one physical page with its predecessor logical page. The resulting
LBD after writing LPN 5 is shown in Figure 3.

3.6 Physical Block Descriptor
The OOB area of each physical page stores the time the page was written and how many logical
pages are stored in that physical page (see Figure 4). If multiple compressed logical pages are
mapped to a physical page, it also includes a mapping from LPNs to physical addresses inside that
page for each of the logical pages stored in it.

The OOB area is used to recover persistently stored information after a catastrophic failure
(see Section 3.8), and it is additionally required during GC (see Section 3.7). The OOB area is also
accessed by the FTL during reads, so that the FTL can uniquely identify the start position of each
logical page within the physical page.

3.7 GC
GC ensures that there are always enough free blocks to persist new page writes. GC can be in the
critical path of write requests and it is important that it can find and clean a victim block as fast as
possible. We, therefore, decided against coupling GC with a process that optimizes the sizes of the
LBDs. GC is triggered in our implementation when the number of free physical pages falls below a
threshold of 10%.

HyTorC can use any standard GC algorithm and we restrict the discussion inside this article to the
wide-spread Greedy algorithm. Greedy selects the block with the minimum number of valid pages
as its next victim. Greedy achieves an optimal write amplification for random access patterns [1, 2],
whereas its write amplification can significantly increase for real-world access distributions.

SSD compression makes it more complicated to decide which block contains the minimum
number of valid pages, as a huge number of logical pages can be compressed into a very small
number of physical pages [18]. HyTorC approximates the fill level of a block by keeping the two
counters maxpgs and curpgs per block. Both counters are initialized with the number of logical
pages initially written to a block. maxpgs keeps this maximum number of logical pages, whereas
the current number of logical pages curpgs is decremented every time when a logical page in
the block is invalidated. Greedy then selects the block with the smallest value ⌈𝑚 ⋅ 𝑐𝑢𝑟𝑝𝑔𝑠

𝑚𝑎𝑥𝑝𝑔𝑠⌉. The
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normalization with the number of physical pages per block 𝑚 and the ceiling-function is chosen
to allow for 𝑂(1) victim selection using 𝑚 lists to sort blocks according to their number of valid
pages [31].

After selecting the next victim block, and if 𝑐𝑢𝑟𝑝𝑔𝑠 > 0, GC loads all physical pages into memory,
checks whether they contain valid pages according to the OOB area and the corresponding LBD,
and writes valid pages back to the next free write block using the standard write approach. It then
updates the LBDs of the logical blocks that are part of the physical address mapping and deletes
the victim block.

3.8 Crash Recovery
This article adopts the crash recovery method for flash storage devices proposed in [42].The strategy
periodically creates synchronous checkpoints that preserve critical information about the state
of the storage device and persistently stores this information on the SSD. Checkpoints include
logical-to-physical page mappings, block status, and page status, among others. The algorithm uses
the information stored in checkpoints and OOB areas to quickly and accurately restore the device
to a stable state.

Recovery starts by reloading the last checkpoint. It then checks the first page of each block to see
if it has been written since the last checkpoint, and sorts blocks written after the last checkpoint
according to their timestamps. Recovery then recreates the insertion order of the page writes into
the mapping structure.

Reading only one of 1,024 pages per block for blocks written before the last checkpoint reduces
the recovery effort by nearly 1,024 times compared to a naive approach. Storing checkpoints at the
default frequency of once per minute then ensures that all necessary OOB areas of newly written
pages can be read in less than one second.

4 Evaluation
This section presents the evaluation results for HyTorC and compares it to a page-mapped FTL
(PFTL), DFTL, S-FTL, and LeaFTL. All experiments were performed on an open-channel SSD, and
we used Alibaba Cloud traces [20] and MSR Cambridge (MSR) traces [24] to provide a realistic
comparison of our memory consumption, read and write performance, and write amplification
for real-world applications. The goal of this section is to show that HyTorC provides much better
memory efficiency than competing approaches, with similar performance to PFTL. In addition, we
expect that HyTorC, if properly tuned, may also have a positive effect on wear-leveling, but leave
these investigations to future work.

4.1 Experimental Systems
This subsection introduces our hardware platform, describes the subset we selected from the
Alibaba Cloud traces and the MSR Cambridge traces, and also briefly describes the different FTLs
we compare.

4.1.1 Hardware Platform. We evaluated our FTL design based on implementations on an FPGA-
based open-channel SSD platform that is equipped with a Xilinx Zynq XCZU7CG-FFVC1156
programmable SoC. This SoC embeds a dual-core ARM Cortex-A53 processor running at 1.2 GHz,
along with a dual-core Cortex-R5 processor running at 500 MHz. The ARM side (PS) and the FPGA
side (PL) each have 4 GB of memory. The SSD platform communicates with the host via a PCIe 3.0
× 8 interface, providing up to 8 GB/s bandwidth. The SSD platform uses eight 128 GB flash memory
chips, the page size is 4,096 bytes, the number of pages 𝑚 per block is 1, 024, and we selected an
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Table 1. Alibaba Trace Details

Id Capacity Million Million I/O in Avg. Req. WSS
in GByte Reads Writes GByte in kByte Ratio

7 537 12 253 2,441 9.2 5.8%
10 86 2,754 3 12,530 4.5 39.4%

743 429 2 1 205 70.8 26.0%
801 537 ≈ 0 2 830 380.7 93.7%
804 1,099 248 48 33,607 113.5 96.1%

overprovisioning rate of 20% and a GC threshold of 10%. The flash write latency is 1, 200𝜇𝑠 and the
read latency 220𝜇𝑠.

All tested FTLs are fully implemented within the open-channel SSD platform. The embedded
A53 processor runs the main part of the FTL, processes I/O requests from the host and sends flash
data I/O commands to the R5 processor, while the embedded R5 processor interacts with the ONFI
flash controller to manage flash data read and write operations.

The open-channel SSD is integrated into a server with an Intel Core i9-10900X processor running
at 3.7 GHz with 32 GB of RAM. This host side is only responsible for reading traces and sending
I/O requests to the open-channel SSD.

4.1.2 FTL Implementations. We implemented two versions of our HyTorC FTL and compared
them with a standard PFTL, the DFTL [5], the S-FTL [9], and the learned index-based LeaFTL [33].
All FTLs had to be implemented by us, since no source codes were available, respectively, the
source code for LeaFTL is only available as Python code, which cannot be used for our Open
Channel SSD. We followed the implementation descriptions in their articles and used their default
parameter settings. For all FTLs except DFTL, we allocated enough memory to store the complete
mapping in main memory. For DFTL, we used Least Recently Used (LRU) to evict mappings
and set the maximum cache size to cover 10% of the virtual addresses. For LeaFTL, we set the
approximation error to its default of 𝛾 = 0, so that each page could be read by a single I/O. HyTorC
with run-length encoding implements the full HyTorC stack, while HyTorC𝑁𝑜𝐶 without run-length
encoding does not compress the bit arrays within the mapping table. Comparing HyTorC and
HyTorC𝑁𝑜𝐶 therefore directly shows the effect of compressing the bitmaps inside the LBDs.

All FTLs use the same greedy GC and crash recovery approach. Checkpoints of the logical-to-
physical mapping are written once per second. In addition, the HyTorC FTLs also run the scrubbing
process at the default scrubbing frequency of 𝑓𝑠𝑐𝑟 = 10 unless otherwise noted. We have not
included existing FTLs for compression-based SSDs because their FTL designs are either not public
or, in the case of IBU, only achieve efficiencies similar to D-FTL [34].

4.1.3 Traces and Workload Generation. The first dataset in our experiments originate from a
collection of block-level storage traces provided by the Alibaba Group [20, 35]. This trace data
includes various operations on storage devices, including reads, writes, and associated metadata
information.

Due to the significant size of these traces, we extracted a subset of five traces from the full list to
test our FTL implementations. The first criteria was that all traces had to perform a considerable
amount of I/O, starting at 200 Gbytes and going up to several Tbytes. We also wanted traces that
were read-heavy or write-heavy, as well as traces with a mix of reads and writes. The final criterion
was that we wanted to evaluate traces with different average I/O sizes. Table 1 shows the Alibaba
Trace ID, the logical size of the corresponding volume, the number of read and write I/O commands,
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Table 2. MSR Trace Details

Id Thousand Thousand I/O in Avg. Req. WSS
Reads Writes GByte in kByte Ratio

Hm_0 1,418 2,576 30.4 8.0 1.4%
Hm_1 581 28 8.8 15.2 2.5%
Mds_0 144 1,067 10.6 9.2 3.3%
Mds_1 1,521 117 88.7 56.8 46.4%
Prn_0 602 4,983 59.1 11.1 6.5%
Prn_1 8,464 2,770 212.1 19.8 37.6%
Proj_0 527 3,697 153.2 38.0 1.6%
Proj_1 21,143 2,497 775.9 34.4 80.1%
Proj_2 25,642 3,625 1,184.6 42.4 79.7%
Proj_3 2,128 116 20.9 9.7 21.5%
Proj_4 6,370 96 144.6 23.5 21.5%
Prxy_0 384 12,135 56.8 4.8 2.0%
Rsrch_0 134 1,300 12.2 8.9 1.7%
Rsrch_1 0 14 0.2 12.2 17.4%
Rsrch_2 136 71 0.8 4.1 8.0%
Src1_0 21,113 16,303 1,538.3 43.1 26.7%
Src1_1 43,576 2,170 1,516.0 34.7 26.7%
Src1_2 484 1,424 53.0 29.1 0.8%
Src2_0 177 1,381 10.7 7.2 1.5%
Src2_1 644 14 37.2 59.3 16.6%
Src2_2 351 806 62.1 56.3 16.6%
Stg_0 308 1,722 22.4 11.6 1.1%
Stg_1 1,400 796 85.5 40.8 9.9%
Ts_0 317 1,485 15.5 9.0 2.1%

Usr_0 904 1,333 48.4 22.7 1.6%
Usr_1 41,426 3,858 2,135.4 49.4 80.1%

and the average I/O sizes for the different traces. In addition, the working set size (WSS) ratio
shows the percentage of logical addresses accessed by this trace.

In addition to the Alibaba traces, we also compare the memory consumption and performance
for the different FTLs for the MSR traces (see Table 2). The MSR traces do not contain information
about the capacity of the backend virtual volumes, so that we set this, like in previous work, to 1
TByte. Furthermore, these traces are in general slightly smaller.

For each test, we limited the physical capacity of the SSD to 1.2× the size of the corresponding
volume, resulting in an overprovisioning of 20%. Before each experiment, we first sequentially
wrote all the logical pages of the SSD once, and then used 20% of the trace to warm up the system,
so that the system was not perfectly balanced. We then used the remaining 80% of the trace data to
run the actual experiment.

The traces only contain the access pattern, not the data itself, and we therefore generated a
number of pre-computed data blocks and randomly chose which ones to write to flash. For the data
compression experiments, we used a normal distribution to compute the expected length of each
data block and simply stored the computed number of bytes from the precomputed data blocks. We
did not include a compression unit in our software environment because compression within SSDs
is typically done in much faster hardware units.
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Fig. 5. Memory requirements for Alibaba Cloud traces.

4.2 Memory Usage without Data Compression
In this section, we examine thememory consumption of the FTLs for various workloads without data
compression. HyTorC is the only strategy that uses scrubbing and can reduce memory consumption
for the mapping tables over time. For a fair comparison, we therefore compare the maximum
memory consumption over time, whereas the average memory consumption would have resulted
in even greater memory reductions for HyTorC compared to the competing approaches.

Themaximummemory consumption over the trace runtimes for each FTL scheme for the selected
Alibaba traces is shown in Figure 5 on a logarithmic scale. The memory consumption of PFTL and
DFTL depends only on the capacity of the SSD. PFTL must store an entry for each logical page and
has the highest memory requirement for all traces. DFTL stores only one entry for each cached
page and can theoretically reduce memory consumption by 90% compared to PFTL. However, its
cached mapping table stores an additional timestamp for each of its entries and must also store
the logical address itself (which is implicitly stored in the PFTL table). Including these overheads,
DFTL reduces memory consumption by only 66% compared to PFTL’s memory consumption. To
achieve a higher compression ratio, DFTL must cache fewer entries.

Figure 5 shows that both implementations of HyTorC including default scrubbing can significantly
reduce memory consumption for address translation compared to PFTL and DFTL. HyTorC reduces
memory consumption by 97% to 99.3% compared to PFTL (98.9% on average) and by 90% to 97.7%
compared to DFTL (96.5% on average). HyTorC𝑁𝑜𝐶 reduces memory requirements between 92.3%
and 94.7% compared to PFTL (93.5% on average) and between 76.2% and 83.1% compared to DFTL
(80% on average). These results also show the importance of using run-length encoding to compress
bitmaps. HyTorC is able to reduce memory consumption compared to HyTorC𝑁𝑜𝐶 between 58.3%
and 86.7% (82.8% on average).

HyTorC𝑁𝑜𝐶 and S-FTL share similarities in detecting sequential access patterns. However,
HyTorC𝑁𝑜𝐶 can reduce memory consumption compared to S-FTL between 16.7% and 37.5% (23.1%
on average), because it additionally benefits from encoding parts of the translations in the more ef-
ficient block mapping mode and based on the additional scrubbing. Again, HyTorC with run-length
encoding is significantly more efficient than S-FTL, reducing memory consumption by 87.3% on
average.

Comparing HyTorC with LeaFTL shows that an optimized classical data structure can outperform
learned indexes.Thememory consumption of HyTorC is between 16.7% and 67.7% (56.5% on average)
smaller than the memory consumption of LeaFTL. Again, this can be attributed to the additional
benefit of the block mapping part, the run-length encoding, and the scrubbing process.
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Fig. 6. Memory usage of the FTL schemes for Trace 7.

Figure 6 shows for Trace 7 how the memory consumption evolves over time. We have omitted
DFTL and PFTL because their much higher memory consumption would make the differences
between the other strategies less visible, and because their memory consumption is based only on
cache size/virtual disk size. The runtime is divided into two distinct phases. The first 130 million
writes sequentially initialize the SSD, the remaining 253 million writes represent the actual trace.

HyTorC with and without run-length encoding recognizes that it does not need to store the
compression bits, which can be indicated by setting the appropriate flag. HyTorC𝑁𝑜𝐶 without
run-length encoding has a much higher memory consumption than HyTorC. Especially during
initialization with sequential writes, HyTorC stores all necessary information with at most two
pointers and can compress the bitmaps extremely well. HyTorC𝑁𝑜𝐶, on the other hand, cannot
compress these bitmaps, even though all their bits are the same (see Figure 2). Each of these bitmaps
is 1,024 bits long (number of pages per block) and therefore much larger than the pointer from the
logical block address to the physical one.

After the sequential writes were completed and requests based on the trace dataset began to be
processed, we observed an increase in memory usage of the page mapping part as random writes
progressed. The memory usage stabilized relatively quickly because Trace 7 only accesses a small
portion of its volume. Achieving this state of stability depends on the configuration of the scrubbing
process (see Section 4.7).

S-FTL and LeaFTL both increase their memory consumption slowly over time and have a similar
growth pattern, with LeaFTL’s compaction by learned indexes being more effective than the bitmaps
in S-FTL. There is a spike in memory consumption for both after the initialization phase ends and
accesses become more random, which stabilizes after the main write phase of Trace 7 ends.

The same trends as for the Alibaba traces can also be seen for the MSR traces (see Figure 7). The
memory consumption for page mapping and DFTL depends only on the capacity of the backend
volume and is therefore constant. S-FTL, on the other hand, is able to detect sequential access
patterns and significantly reduce memory consumption compared to page mapping and DFTL. By
partially encoding translations in block mapping mode and performing scrubbing, HyTorC𝑁𝑜𝐶
further reduces memory consumption between 10% and 40% compared to S-FTL (19% on average).

LeaFTL further reduces memory consumption by an average of 51% compared to HyTorC𝑁𝑜𝐶.
For the MSR datasets, HyTorC is even able to widen the gap over LeaFTL, so that HyTorC requires
on average 61.5% less memory to store its page mapping information than LeaFTL.
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Fig. 7. Memory requirements for MSR traces.

4.3 Performance
This section presents the performance analysis of the proposed FTL solution. The expectation for
the performance comparison is that the HyTorC approaches are significantly faster than DFTL,
because DFTL requires additional I/Os for caching. Differences compared to PFTL, HyTorC, S-FTL,
and LeaFTL can be expected based on the additional computation for address translation and for
the scrubbing process. Therefore, we first measured the average computation time for address
translation in HyTorC.

The average address translation time for HyTorC𝑁𝑜𝐶 is 880 ns with a standard deviation of 45,
and HyTorC takes an average of 1,036 ns with a standard deviation of 106, which is significantly
less than the average read and write time. The time required for address translation by HyTorC,
therefore, has no impact on performance in our evaluation.

Scrubbing is not parallelized in our implementation and, therefore, queues other operations
behind it.This effect can be overcome by amore concurrent implementation that hides the scrubbing,
as has been shown previously for GC processes [11, 16, 38, 41]. Unfortunately, the CPUs in the
Open Channel SSD used in our evaluation did not have enough cores to optimize the overall SSD
performance, so we refrained from parallelizing scrubbing. However, we will show in Section 4.7
that the performance of HyTorC and page mapping differs only by the additional computation time
when scrubbing is disabled or when it is done in the background.

4.3.1 Write Performance. Figures 8 and 9 show the average write latencies in microseconds of
the examined traces. The latency differences between the traces are due to their largely different
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Fig. 8. Average write latencies for Alibaba cloud traces.
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Fig. 9. Average write latencies for MSR traces.

request sizes. As expected, the PFTL is the fastest address translation technique in all cases, closely
followed by S-FTL and LeaFTL. The HyTorC approaches have to perform additional scrubbing and
are therefore slightly slower.

The relative performance of HyTorC and HyTorC𝑁𝑜𝐶 depends only on the bitmap state. If it is
relatively simple, HyTorC’s array to store the bitmap is shorter and the calculation is slightly faster.
On the other hand, if the state in the bitmap is more complex, the performance of HyTorC𝑁𝑜𝐶
is slightly better. However, as discussed before, the performance difference induced by address
translation is rather small.

ACM Trans. Storage, Vol. 22, No. 2, Article 14. Publication date: March 2026.



HyTorC: Hybrid Address Translation for SSDs Supporting Compression 14:21

7 10 743 8040

1000

2000

3000
Av

er
ag

e 
La

te
nc

y 
(μ

s)

 Page Mapping
 DFTL
 SFTL

 LeaFTL
HyTorCNoC
 HyTorC 

Fig. 10. Average read latencies for Alibaba cloud traces.

DFTL is significantly slower because its address translation requires additional read and write
operations on a cache miss, which greatly increases write latency. DFTL is only able to provide
similar performance compared to the remaining strategies for the Alibaba Cloud Trace 7, which
accesses only 6% of the address space of the corresponding virtual disk, and for which DFTL can
cache the entire working set.

The performance of S-FTL and LeaFTL is very similar to the performance of page mapping. Both
strategies slightly increase the time to insert the new logical-physical mapping into their data
structures compared to standard page mapping, which requires only a single table access. Unlike
HyTorC, they do not include scrubbing, so writes do not have to queue after scrubbing operations.

4.3.2 Read Performance. Figures 10 and 11 depict the average read latencies of the four FTL
schemes for the investigated traces. Due to the extremely low number of read requests in the
Alibaba Cloud Trace 801, we are not showing the results for this trace.

Similar to the write request latency, the PFTL is the fastest address translation approach in all
cases, as it caches all physical addresses. Also, S-FTL and LeaFTL can provide nearly the same
latencies. For read-only workloads, the performance difference between page mapping and HyTorC
is only based on the additional computation time of 800 ns to 1 𝜇s of HyTorC. However, for
mixed workloads, reads might again be stuck behind scrubbing operations, increasing the average
read latencies. Similar to the write latencies, this can be overcome again by a more concurrent
implementation that hides the scrubbing process.

4.3.3 Tail Latencies. Figure 12 presents the latency distribution for the Alibaba Trace workload.
The use of HyTorC does not inherently increase tail latency. However, read and write requests may
experience delays if they are queued behind the scrubbing process, leading to higher latency. These
latency increases can be mitigated by employing a concurrent scrubbing mechanism, as explored
in prior work for GC [11, 16, 38, 41], though implementing such a solution is outside the scope of
this study.

4.4 Write Amplification
The previous evaluations have shown that the qualitative differences between the different FTL
schemes remain the same regardless of whether the FTL schemes are run on the Alibaba Cloud
traces or the MSR traces. Therefore, we will limit the discussion in the following to an analysis
based on the Alibaba Cloud traces and will not show the corresponding results for the MSR traces.

Figure 13 shows the overall write amplification for data and metadata writes for the Alibaba
traces. We have combined HyTorC and HyTorC𝑁𝑜𝐶 into a single category because their storage
access patterns are nearly identical and the main difference between them is their in-memory
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Fig. 11. Average read latencies for MSR traces.
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format. However, we distinguish between HyTorC with its default scrubbing frequency of 𝑓𝑠𝑐𝑟 = 10
and HyTorC𝑠𝑐𝑟_𝑙𝑜𝑤 with a lower scrubbing frequency of 𝑓𝑠𝑐𝑟 = 5.

PFTL, S-FTL, and LeaFTL can maintain low write amplification for each trace because they do not
induce additional flash writes other than standard writes and GC writes. The write amplification
of DFTL is related to the WSS. For example, for Trace 7, the working set is only 6% of the total
disk capacity, so DFTL can cache almost all mapping entries that need to be used, and its write
amplification is very low. Of course, the write amplification of all FTLs also depends on the write
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Fig. 13. Write amplification for Alibaba cloud traces.

Table 3. Data Size at Different Compression Rates
(GB)

Compression Ratio 1.0x 2.75x 5.0x
After compression 2,153 853 450

Actual writes 2,512 1,929 1,788

intensity of the traces. For example, the write amplification for Trace 804, which writes the most
data, is slightly higher than for the other traces.

We observe that HyTorC has a higher write amplification than PFTL, S-FTL, and LeaFTL for all
traces, and sometimes a slightly higher write amplification than DFTL. This is because HyTorC’s
scrubbing runs continuously in the background and requires additional writes. The results for
HyTorC𝑠𝑐𝑟_𝑙𝑜𝑤 show that HyTorC’s write amplification can be controlled by setting its scrubbing
frequency, providing a tradeoff between memory consumption and write amplification (see also
Section 4.7).

However, the increase in write amplification caused by HyTorC has almost no negative impact
on the lifetime of future 1 PByte SSDs. Assuming that future flash cells can withstand 250 erase
cycles, which is only a quarter of today’s quad-level cells, and a sustained write rate of 1 GB/s,
which is extremely high for the intended workloads, the lifetime based on erase cycles would still
be over five years.

4.5 Memory Usage with Data Compression
In this subsection, we present results focusing on data compression for three different synthetically
generated datasets: uncompressed (compression ratio of 1.0), with an average compression ratio of
2.75, and with an average compression ratio of 5.0. We used the normal distribution to calculate the
compression ratio for each block according to the target compression ratio (𝜇 = average compression
ratio; 𝜎2 = 1.0 or 𝜎2 = 3.0) and then stored only the required number of bytes based on the calculated
compression ratio for a page.

Table 3 shows that the amount of data written to the SSD can be significantly higher than the
compression ratio. The reason is that two or more logical pages can only be stored in a single
physical page if they fit completely inside it. This limitation is implemented by many SSDs that
support data compression to ensure that each page access can be served by a single I/O and is
independent of the address translation mechanism (see also Section 2.3).
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Fig. 15. Average write and read latencies for compressed data.

Data compression has no impact on the memory consumption of PFTL and DFTL. Also, it cannot
be directly supported by S-FTL without introducing mechanisms similar to our compression maps.
We therefore focus on HyTorC and LeaFTL in the following.

Different compression ratios have little impact on the memory footprint of HyTorC and we
therefore do not repeat the numbers from Figure 5. This is not surprising for HyTorC𝑁𝑜𝐶, as
the length of its compression bitmaps cm1 and cm2 are independent of their content. The results
for HyTorC with run-length encoding show that it can also successfully compress the bitmaps,
independent of the data compression ratio (see Figure 14 for Trace 7).

Thememory footprint for LeaFTL depends on the compression ratio and its standard deviation.We
have extended LeaFTL to also detect a slope of 1/2 logical page (or less) between physical pages, but
LeaFTL still has to encode a new linear function for each change in the number of compressed logical
pages per physical page, and the number of these changes increases with both the compression
ratio and its standard deviation. On average, the footprint increases by 20% for a compression ratio
of 2.75 and by 24% for a compression ratio of 5 if the standard deviation is 1.0. When the standard
deviation is 3.0, the average memory footprint increases by 30% and 32%, respectively.

Figure 15 shows the average write and read latencies for HyTorC and HyTorC𝑁𝑜𝐶 for Trace 7.
It can be seen that these latencies benefit from compression because the number of page writes
decreases.

4.6 Microbenchmarks
To evaluate the robustness and adaptability of our system under varying access patterns, we
designed five synthetic trace groups with 100%, 75%, 50%, 25%, and 0% random access. The
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Fig. 16. Memory usage for Microbenchmarks.

non-random portion of each trace follows a sequential access pattern, allowing us to model
workloads ranging from fully sequential to completely random. The capacity of the SSD in all
experiments is set to 500 GByte, and each trace accesses a total of 500 GByte of data. Before
running the experiments, a sequential write is performed on the entire SSD to simulate a real,
fully allocated storage state. We focus on two key metrics: memory usage and average request
latency, which together reflect both the efficiency and responsiveness of the system.

As shown in Figure 16, when the access pattern is completely sequential (0% random), the
memory usage is the lowest. This is because HyTorC directly uses the block mapping pattern to
store the sequentially accessed parts. As the proportion of random accesses increases, the memory
usage also increases due to the increase in the part using page mapping. However, this growth will
not continue indefinitely, and its maximum memory usage stabilizes after the scrubbing process
and the increase in memory usage caused by random access have reached a balance.

The performance trends depicted in Figure 17 reflect the underlying address mapping strategy
and its interaction with the background scrubbing process. For fully sequential execution, data is
stored entirely in block-level mapping, avoiding the background scrubbing process and resulting
in very low request latency. However, as the fraction of random accesses increases, the mapping
logic gradually falls back to a fine-grained translation mechanism. This triggers the background
scrubbing process, which increases latencies.

4.7 Sensitivity Analysis of the Scrubbing Parameters
The parameters of the scrubbing process described in Section 3.4 influence the memory usage of
HyTorC. By setting the appropriate parameters, we can keep memory usage at a predefined lower
threshold. However, configuring the parameters too aggressively can affect other performance
metrics, including write amplification and latencies. In this section, we will analyze this effect by
separately varying the three parameters 𝑡𝑠𝑐𝑟, 𝑓𝑠𝑐𝑟, and 𝑝𝑠𝑐𝑟, while leaving the other parameters at
their default values.

First, we will consider three different settings for 𝑡𝑠𝑐𝑟, which is the minimum amount of time that
must pass after writing a page belonging to an LBD before the LBD can be considered for scrubbing.

— 𝑡𝑠𝑐𝑟_𝑛𝑜𝑛𝑒: The system completely ignores the scrubbing process. Turning off scrubbing for
HyTorC𝑁𝑜𝐶 is close to the S-FTL approach.

— 𝑡𝑠𝑐𝑟_𝑙𝑜𝑤: This is the default setting, in which only LBDs for which none of the logical pages
has been written for more than 300 seconds are considered for scrubbing.

— 𝑡𝑠𝑐𝑟_ℎ𝑖𝑔ℎ: The parameter 𝑡𝑠𝑐𝑟 is set to 500 seconds.
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Fig. 17. Average write and read latencies for Microbenchmarks.
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Fig. 18. Sensitivity analysis for scrubbing parameter 𝑡𝑠𝑐𝑟 and Alibaba Trace 7.

The idea behind 𝑡𝑠𝑐𝑟 is similar to the idea behind the age parameter in the cost-benefit approach
to GC [13, 30]. It ensures that logical blocks that are actively modified do not participate in the
scrubbing process and do not need to be cleaned repeatedly. However, introducing 𝑡𝑠𝑐𝑟 also means
that the system can never fully keep up with write updates, and setting 𝑡𝑠𝑐𝑟 to the default of 300
seconds can, therefore, result in a five minute gap between the start of writing data and the start of
the scrubbing process.

This can be seen in Figure 18 for the Alibaba Trace 7. With scrubbing disabled, HyTorC and
HyTorC𝑁𝑜𝐶 keep their memory footprint low during the initial sequential write process. The
memory consumption then continuously grows, because both approaches are moving logical pages
from being block mapped to page mapped inside their LBDs. The huge spikes in Figure 18 occur
during phases of many random writes, where the block descriptors have to use a pointer per logical
page, instead of being able to encode several sequentially written logical pages together by a single
pointer and the corresponding bits in the sequentiality map 𝑠𝑚. The shape and timing of these
spikes are very similar to the spikes of the S-FTL approach seen in Figure 6 for the same workload.

Enabling scrubbing and setting 𝑡𝑠𝑐𝑟 = 500 results in a gap of 500 seconds between the start of
Trace 7 and the scrubbing process. Any period of random writes requires some time for scrubbing
to convert the LBDs back into a memory efficient representation. This time can be significantly
reduced by setting 𝑡𝑠𝑐𝑟 = 300, its default value.

Figure 19 shows that the improved memory efficiency for a lower 𝑡𝑠𝑐𝑟 comes at the cost of a
slightly increased latency. It also shows that the performance difference between HyTorC and a
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Fig. 19. Average read and write latencies for scrubbing parameter 𝑡𝑠𝑐𝑟 and Alibaba Trace 7.
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Fig. 20. Sensitivity analysis for scrubbing parameter 𝑓𝑠𝑐𝑟 and Alibaba Trace 7.

page-mapped FTL is exactly the computation time of HyTorC when scrubbing is disabled. The
results show that the latency increase of HyTorC with scrubbing seen in the previous sections can
be overcome by a concurrent implementation in the background.

Scrubbing wakes up 𝑓𝑠𝑐𝑟 times per second and we will now investigate the impact of the parameter
𝑓𝑠𝑐𝑟 on memory consumption and performance. We therefore again use three different settings and
keep the remaining parameters at their default values:

— 𝑓𝑠𝑐𝑟_𝑛𝑜𝑛𝑒: The system completely ignores the scrubbing process. Turning off scrubbing for
HyTorC𝑁𝑜𝐶 is close to the S-FTL approach.

— 𝑓𝑠𝑐𝑟_𝑙𝑜𝑤: This is a lower-frequency setting with 𝑓𝑠𝑐𝑟 = 5.
— 𝑓𝑠𝑐𝑟_ℎ𝑖𝑔ℎ: This is the baseline setting with the scrubbing frequency 𝑓𝑠𝑐𝑟 set to 10.

Figure 20(a) and (b) shows the memory consumption of HyTorC and HyTorC𝑁𝑜𝐶 for different
𝑓𝑠𝑐𝑟. From the figures we can conclude that a higher scrubbing frequency leads to better memory
efficiency. The memory consumption of 𝑓𝑠𝑐𝑟_ℎ𝑖𝑔ℎ is lower than that of 𝑓𝑠𝑐𝑟_𝑙𝑜𝑤, which is lower than
that of 𝑓𝑠𝑐𝑟_𝑛𝑜𝑛𝑒. The figures also show that the scrubbing frequency 𝑓𝑠𝑐𝑟_ℎ𝑖𝑔ℎ is sufficient to keep up
with the address translation changes induced by the writing process.
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Fig. 21. Average read and write latencies for scrubbing parameter 𝑓𝑠𝑐𝑟 and Alibaba Trace 7.
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Fig. 22. Write amplification for 𝑓𝑠𝑐𝑟 and 𝑝𝑠𝑐𝑟 for Trace 7.

Figure 21 shows that the improved memory efficiency at a higher scrubbing frequency again
comes at the cost of a slightly increased latency.

Finally, we investigate the impact of 𝑝𝑠𝑐𝑟 on write amplification. 𝑝𝑠𝑐𝑟 depicts the minimum number
of pages of an LBD, which must be stored in page mapping mode before the block will be considered
for scrubbing. For example, for Trace 7 and the default value 𝑝𝑠𝑐𝑟 = 512, write amplification
increases from 1.007 without scrubbing (identical to PFTL) to 1.08 for low frequency and 1.17 for a
high frequency scrubbing (see Figure 22). Increasing 𝑝𝑠𝑐𝑟 to 768 and only merging logical blocks
that have at least 768 pages mapped in page mapping mode slightly reduces write amplification
and increases write performance because fewer logical blocks are merged. This comes at the cost of
an increased memory consumption. Reducing 𝑝𝑠𝑐𝑟 to 256 has the opposite effect. As discussed in
Section 4.4, the slight increase in write amplification has a small impact on the lifespan of large
SSDs.

The default scrubbing parameters have been chosen based on this sensitivity analysis. The
optimal scrubbing parameters depend on several factors, such as read/write ratio, I/O bandwidth, and
memory constraints. Developing an algorithm to automatically compute their optimal configuration
will be explored in future work.
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5 Conclusion
This article proposed the new SSD address translation strategy HyTorC, which aims to reduce the
memory required for address translation. This method manages infrequently updated pages in
block mapping mode and frequently updated pages in page mapping mode. HyTorC’s metadata
scheme supports flexible grouping of logical pages and the storage of multiple compressed logical
pages within a single physical page. HyTorC also compresses portions of its own metadata.

HyTorC and its scrubbing process significantly reduce the memory required for address transla-
tion over the state-of-the-art, while achieving similar performance to page mapping. As future work,
we will investigate an automatic scrubbing parameter selection, a fully concurrent implementation
of the read, write, GC, and scrubbing processes, an even higher compression ratio by exploiting
the interplay between bitmaps and block mapping, and we will investigate caching strategies for
HyTorC for extremely memory-sensitive scenarios.
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