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Concurrency-control (CC) mechanisms are essential for ensuring consistency in large-scale key-value stores,
but traditional approaches face significant challenges. Mechanisms like 2PL and OCC incur high CPU over-
heads. Timestamp-based mechanisms are faster but require storing timestamps for every key, resulting in
substantial space overhead and numerous I/O operations in disk-based systems. We address these challenges
by decomposing timestamp-based CC schemes into two components: a timestamp storage system and a CC
protocol. We then show that the timestamp storage system can approximate timestamps for keys not used by
ongoing transactions, substantially reducing memory requirements and I/O while maintaining correctness
for various protocols (STO, MVTO, and TicToc). We introduce FPSketch, an approximate timestamp storage
system, and our evaluation with SplinterDB shows that FPSketch outperforms 2PL and OCC by up to 14X on
some workloads and disk-based CC systems by up to 5.9x. Remarkably, FPSketch with just 32KiB of memory
yields performance comparable to an idealized in-memory implementations in our evaluation. FPSketch makes
timestamp-based concurrency control mechanisms practical for disk-based key-value stores.
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1 Introduction

Large key-value stores are the basis of many applications, such as databases and file systems. Many
such applications must support not only single-key operations, but must also make sequences
of operations atomic. As a result, many state-of-the-art key-value stores provide transactional
semantics [9, 13, 17, 18, 29, 30, 36].

Concurrency control (CC) mechanisms govern how transactions interact with each other and
ensure consistency is maintained in the kv-store. The choice of the CC mechanism can highly
influence the performance of the overall system, as synchronization and memory overheads, as well
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as the abort rate, all depend upon it. Therefore, significant research effort has gone into developing
good concurrency-control mechanisms [8, 16, 22, 35, 45, 47, 50, 51].

An ideal CC mechanism would have low CPU overhead, low space overhead, and low abort rate.
Achieving all three has been challenging. For example, two-phase locking (2PL) makes use of locks
for items accessed by transactions. This can be memory-efficient; locks are needed only for keys
accessed by ongoing transactions, and thus the memory footprint is proportional to the total size of
the active transactions. However, holding all these locks for the entire duration of the transaction
can limit throughput in high-concurrency scenarios.

In contrast, timestamp-based schemes, such as Strict Timestamp Ordering (STO) [4], Multi-
Version Timestamp Ordering (MVTO) [37], and TicToc [51], can be extremely effective at avoiding
CPU bottlenecks and reducing abort rates. Unfortunately, timestamp-based CC mechanisms typi-
cally have a larger memory footprint than, e.g. 2PL, because they maintain timestamps for each
tuple in the database, whereas 2PL needs locks only for keys in active transactions. Moreover,
timestamps are typically embedded within the database tuples, which can lead to extra I/O in
disk-based databases. For example, in STO, every tuple access must read the old timestamps and
write updated timestamps to the database. This means that reading a tuple also requires writing
that tuple, and blindly overwriting a tuple requires reading the old value first. As a result, a CC
mechanism that maintains per-tuple metadata can incur high I/O cost and substantially reduce
throughput in a disk-based database. Consequently, timestamp-based CC mechanisms are rarely
used in on-disk databases.

This leaves disk-based databases with a vexing trade-off. 2PL has small memory footprint but
high CPU overhead, whereas timestamp based mechanisms have large storage and I/O overheads.
Unfortunately, CPU overheads cannot be ignored in modern disk-based databases based on fast
SSDs and modern data structures, such as LSM trees [31] and B®-trees [6].

Our contributions. We show how to overcome the memory footprint overhead of timestamp-
based CC mechanisms, unlocking the ability to use them in on-disk databases. As a result, we
obtain new CC mechanisms that offer up to 14X greater goodput than commonly used CCs, such
as 2PL and OCC. Specifically, we:

e Show how to decompose timestamp-based CC mechanisms into two parts: a timestamp storage
system and a CC protocol.

o Define approximate timestamp storage, which identifies exactly when and how the storage
system can approximate timestamps without affecting the correctness of the CC protocol.

e Implement a general approximate timestamp-storage data structure, which we call FPSketch.

e Combine FPSketch with three CC protocols: STO, MVTO, and TicToc.

o Evaluate the resulting CC mechanisms in SplinterDB, a state-of-the-art kv-store, and compare
them against traditional CC mechanisms, such as 2PL and OCC.

e Show that FPSketch enables modern timestamp-based CC mechanisms, such as TicToc, to offer
up to 14X greater goodput than 2PL and OCC in an on-disk database while maintaining a small
memory footprint.

The key observation is that the timestamp storage system must provide precise timestamps only
of keys in use by on-going transactions. For all other keys, it can provide merely upper bounds on
their timestamps. Thus we can use a hashtable to store timestamps of in-use keys and a sketch
data structure for all the other keys in the database, greatly reducing the memory required to
store timestamps. The system can then use any eviction policy for moving inactive keys from
the hashtable to the sketch. We call this hashtable-sketch combo an FPSketch. Interestingly, both
components are required for correctness. See Section 4.
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The approximations made by the sketch will sometimes induce aborts by the CC protocol. Thus
the goal is to size the hashtable and the sketch to achieve both low memory usage and low abort
rate. There are two ways to control this trade-off: the hashtable eviction policy and the size of
the sketch. The eviction policy governs how precisely the storage system remembers timestamps
of recently accessed keys. For example, an aggressive eviction policy could evict keys as soon as
they become inactive, minimizing memory used by the hashtable but possibly increasing abort
rates due to approximations in the sketch. A lazy policy, such as LRU or CLOCK, would allow the
hashtable to store precise timestamps of recently active keys, increasing memory usage from the
hashtable but potentially reducing the abort rate. Similarly, we can trade off memory and abort
rate by adjusting the size of the sketch. A larger sketch will have better approximations and hence
induce fewer aborts.

Implementation and evaluation. We implemented two FPSketch variants that represent external
points in the design-space described above. In Focus-Counter, we use the smallest possible sketch—
just a single counter that upper bounds the timestamps of all keys not in the hashtable—and
evict keys from the hash table lazily using CLOCK. In Focus-Sketch, we use the smallest possible
hashtable—we evict keys as soon as they become inactive—and use a variant of count-min sketch [12]
for evicted keys. In our experiments, both schemes use the same total amount of memory.

We compose FPSketch with three timestamp-based mechanisms; the well-known Strict Times-
tamp Ordering (STO) [4] mechanism, Multi-Version Timestamp Ordering (MVTO) [37], a timestamp
ordering multi-version concurrency control (MVCC) variant, and a newer optimistic CC mechanism
called TicToc [51].

We also implemented disk-based and RAM-based exact timestamp storage systems as baselines.
The disk-based timestamp storage scheme enables us to measure the I/O savings from approximation.
The RAM-based scheme is not practical for large databases, but it enables us to measure the impact
of approximation on abort rate. We benchmark the resulting CC mechanisms on SplinterDB [11], a
highly concurrent write-optimized kv-store for modern storage.

Our main result is that approximate timestamp storage can deliver substantial performance gains
by enabling us to use advanced concurrency-control mechanisms, such as TicToc and MVTO, in on-
disk databases. For example, in our experiments, TicToc with approximate timestamp storage (both
Focus-Counter and Focus-Sketch) outperformed 2PL and OCC by up to 14X on some workloads,
and was never slower. In fact, TicToc with approximate timestamp storage was the fastest (or tied
for fastest) of all the concurrency-control mechanisms in all but one of our benchmarks, where
MVTO with approximate timestamp storage was the fastest.

Second, approximate timestamp storage is essential to achieving the performance of modern
concurrency-control mechanisms in on-disk databases. For example, TicToc with approximate
timestamp storage was up to 5.9% faster than TicToc with exact timestamps stored on disk. STO
and MVTO showed 1.8 and over 160X between approximate and disk-based timestamp storage,
respectively.

Furthermore, for STO and TicToc, using FPSketch of only 32KiB yields nearly the same per-
formance as an idealized, in-memory, implementation that keeps, in RAM, timestamps for every
record in the database (see Figure 1).

Finally, we find that, although both Focus-Counter and Focus-Sketch substantially outperform
other CC mechanisms, Focus-Sketch offers more robust performance. In particular, our Focus-
Sketch significantly outperforms Focus-Counter on several workloads and is never significantly
slower.
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2 Background
2.1 Timestamp-Based Concurrency Control

Timestamp-based CC mechanisms employ timestamps to order transactions. At a high level,
each transaction is assigned a timestamp that indicates when it serializes in relation to all other
transactions; a transaction T; with a timestamp #; < t, will generally be serialized before a
transaction T, with timestamp £,.

A subclass of timestamp-based mechanisms, which we focus on in this paper, uses per-version read
and write timestamps to detect conflicts. These timestamps correspond to the timestamp of the most
recent transaction that read or wrote the key, respectively. Using both types of timestamps can offer
higher concurrency than using a single write timestamp because it allows multiple transactions to
read simultaneously. To maintain correctness, a transaction T must satisfy the following conditions
in order to commit: (1) for every key k accessed by T, k.write_timestamp < T.timestamp and (2) for
every key k in T’s write set, k.read_timestamp < T.timestamp. The process of checking whether
these conditions are met is known as validation. A key feature of read/write timestamp-ordering
mechanisms, which we leverage in this work, is that it is sufficient to maintain upper bounds on the
read and write timestamps of keys that are not involved in any current transactions. An overinflated
read or write timestamp may cause unnecessary, or spurious aborts, but will not jeopardize the
consistency of the kv-store.

Timestamp-based CC schemes differ in when and how they assign timestamps to transactions,
when the validation is done, and when updates are made to the keys that are being written, among
other things. In this paper, we focus on three variants in particular, known as Strict Timestamp
Ordering (STO) [4], Multi-Version Timestamp Ordering (MVTO) [37], and TicToc [51], as three
examples of how approximate timestamp storage can be used. Below, we briefly outline how each
of these variants works.

Strict Timestamp Ordering (STO).. In STO, each transaction is assigned a timestamp at the begin-
ning of its execution by incrementing a global timestamp counter. Transactions are pessimistic; the
first time a transaction T accesses a key k, T attempts to acquire k’s lock, waiting on the lock if it’s
already taken (the locks are necessary for a correct multi-threaded implementation of STO). Once
a lock is acquired for a key k, T checks whether its timestamp satisfies the conditions outlined
above with respect to k’s timestamps. If not, T releases all locks and aborts. Otherwise, it continues.
Transactions do not release locks until they finish, although a transaction may need to check the
timestamps of a key more than once if it accesses the same key via both a read and a write. To
commit, T applies its changes to the data, updates the read timestamps of the keys in its read set
and the write timestamps of the keys in its write set to its own timestamp, and releases all locks.

Multi-Version Timestamp Ordering (MVTO).. MVTO is considered to be the original MVCC
protocol [49]. MVCC is useful for workloads that run long read-heavy transactions, since it allows
readers to freely access old snapshots of the database. However, maintaining a history of updates to
the records (versions), can be expensive in storage, memory, and computation for garbage collection
and for finding the correct version for a transaction to access) [34].

Like STO, MVTO serializes transactions according to the timestamps assigned at the beginning
of transactions, from a global timestamp counter and conflicts are handled in the same way.

TicToc. TicToc, in contrast, is an optimistic concurrency control (OCC) scheme, and dynamically
chooses timestamps for its transactions during validation. A transaction T first reads all items in its
read set without taking any locks. Then, during its validation phase, TicToc reads its read set, locks
its write set, and assigns T a timestamp that is (1) larger than the read timestamp of each data item
in T’s write set and (2) larger or equal to the write timestamp of each item in T’s read set. It then
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verifies that no conflicting transactions have committed since it chose its timestamp. This approach
minimizes the time between choosing a timestamp and actually committing, thereby minimizing
aborts.

2.2 External-Memory Storage Systems

In this section, we explain hardware and software trends that have affected disk-based databases
the last few decades. The high-level take-aways are (1) concurrency has become more important
due to increasing core counts and I/O parallelism in solid-state storage devices, (2) transaction
overheads can be more prominent as storage device speeds have increased more than CPU and
RAM speeds, and (3) modern storage data structures have performance characteristics that must be
considered when designing CC mechanisms.

Solid-state drives now support millions of I/Os per second and gigabytes/second of through-
put, whereas spinning disks typically top out at around a thousand IOPS and a few hundred
megabytes/second of bandwidth [44]. However, extracting the full performance of solid-state stor-
age requires issuing multiple I/Os concurrently (i.e., maintaining a high “queue depth”) [44]. If
given only one I/O at a time, most drives support less than 100,000 IOPS, sometimes as few as
10,000 IOPS [44].

Over the last two decades, CPUs have gone from single cores to dozens, but the instructions
executed per second on a single core has remained relatively flat [39].

Together, these two facts mean that supporting a high degree of concurrency has become critical
for disk-based database systems. Furthermore, I/O speeds have gone up more than CPU speeds. For
example, SSDs are about three to four orders of magnitude faster than spinning disks, in terms of
IOPS, whereas today’s multicore CPUs have increased total instruction throughput (across all cores)
by only one to three orders of magnitude compared to single-core chips of the early 2000s [39].
This means that I/O cannot mask concurrency-control overheads to the same degree as 20 years
ago.

Over the same time period, the data structures used for on-disk storage have also undergone a
revolution due to the advent of write-optimized data structures, such as log-structured merge
trees (LSMs) and B¢-trees. For example, mapped B*-trees, used in SplinterDB [11], can ingest data
orders of magnitude faster than older indexing structures, such as B-trees [11], while supporting
queries essentially as fast as in a B-tree. Consequently, modern storage systems can ingest new data
much faster than they can query it. For example, on some benchmarks, SplinterDB could perform
more than 2M uniformly random insertions per second, compared to only about half a million
uniformly random queries per second. This is sometimes called the query/insert asymmetry [3], and
is consistent with theoretical lower bounds on the I/O costs of inserts and queries [25], suggesting
that this could be an enduring property of storage system performance.

The query/insert asymmetry is important for timestamp-based schemes because, if a timestamp-
based mechanism stores timestamps in a write-optimized structure, then it may need to query
for the timestamps of each key written by a transaction, inadvertently piggy-backing a (slow)
query onto every (fast) write performed by the transaction, disproportionately impacting overall
throughput.

Finally, we note that it is not always practical to store all timestamps in memory. For example,
Facebook reports that many of its workloads have kv-pairs of less than 100 bytes in size [2, 7], so
storing two 8-byte timestamps for each kv-pair, as required in STO and TicToc, would take about
16% as much space as the data itself. However, Facebook also reports that many of its RocksDB
instances have a RAM-to-disk ratio of less than 5%, sometimes as little as 3% [7]. Even in other
scenarios where kv-pairs are larger (reducing the relative overhead of timestamps) or RAM is more
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Fig. 1. Highlighting goodputs for various YCSB workloads with CC algorithms on top of SplinterDB.

plentiful, timestamps can still eat up a substantial portion of RAM that could otherwise be used for
caching or other purposes.

2.3 Count-Min Sketch

The count-min sketch (CMS) [12] was originally proposed as a data structure for providing approxi-
mate counts of the occurrences of each item in a data stream. The CMS maintains a two-dimensional
table A of height h and width w. Upon observing an item x in the stream, the CMS increments
Ali][hi(x)] for each row i, where h; are all hash functions. The CMS estimates the number of
occurrences of an item x as CMS[x]| = min;A[i][h;(x)]. The CMS obviously never underestimates
the count of an item, and guarantees that

Pr[CMS[x] < cx +n/w] > 1—¢7¢,

where c, is the true count of x and n is the total number of observations added to the CMS.

3 Motivation

In this section, we present warm-up benchmarks to illustrate the promise and pitfalls of timestamp
ordering for on-disk databases.

To demonstrate that timestamp ordering is a promising CC mechanism for on-disk databases, we
implement STO-Memory and TicToc-Memory, versions of STO and TicToc that store all timestamps
in RAM, and show that they often outperform 2PL and OCC, CC mechanisms commonly used for on-
disk databases. Unfortunately, as described above, storing all timestamps in RAM is not practical. To
demonstrate the potential pitfalls of using timestamp ordering with an external-memory database,
we implement STO-Disk and TicToc-Disk, which store timestamps in SplinterDB, and show that
the I/O of accessing timestamps can lead to poor performance. Finally, we preview results from
STO-FPSketch and TicToc-FPSketch, which use our proposed approximate timestamping technique,
and show that they have performance essentially as good as the in-memory versions while using
much less memory. We describe FPSketch in Section 5.

All the CC mechanisms run on SplinterDB. We implement 2PL with the no-wait policy and
Kung-Robinson OCC (OCC), commonly employed in disk-based databases. We use a transactional
version of YCSB to generate transactions. Detailed information about the experimental setup is
described in Section 7.1. In Figure 1, we highlight the goodput of committed transactions when
utilizing 120 threads for various workloads.

A takeaway from this evaluation is that reading timestamps is a significant I/O overhead. Our
disk-based timestamp-ordering mechanisms store timestamps for each record as part of the record.
Thus, whenever a transaction reads a record, we get the timestamps “for free”, i.e., without additional
I/O. However, whenever a transaction writes a record, SplinterDB simply places that record in an
in-memory structure called the memtable—it does not read the old version of that record. Thus,
to obtain the timestamp of the old record, we need to perform additional I/O. As a result, storing
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timestamps on disk can be particularly expensive for write-intensive workloads. This is apparent
in Figure 1, where the gap between the Disk and Memory versions of STO and TicToc are larger
for the write-intensive workloads than the read-intensive workloads.

The next major takeaway is that, when timestamps are stored in RAM, timestamp ordering
schemes can match or substantially outperform 2PL and OCC. TicToc-Memory stands out in par-
ticular, outperforming every other mechanism in every workload we benchmarked. Unfortunately,
storing timestamps in memory is not practical for large databases.

These results demonstrate the potential for a timestamp ordering mechanism that stores times-
tamps compactly in memory. Such a scheme should be able to get the performance benefits of
timestamp ordering while avoiding the I/O costs of keeping timestamps on disk. Figure 1 shows
that that is exactly what the schemes proposed in this paper, STO-FPSketch and TicToc-FPSketch,
accomplish.

4 Approximate Timestamp Storage

While timestamp-based CC mechanisms assume the guarantees of a map for storing their read
and write timestamps, where a get returns the latest put, here we show that for STO, MVTO, and
TicToc such strong guarantees are not necessary to ensure serializability. Specifically, we show
that an approximate timestamp storage system with the following two properties allows all three
CC mechanisms to function correctly without any algorithmic changes.

PROPERTY 1. The approximate timestamp storage system can return an overapproximated value
for the timestamps it stores, only if there is no on-going transaction that has previously accessed the
respective timestamps.

PROPERTY 2. When storing pairs of timestamps (read and write timestamps), if the CC mechanism
stores only pairs for which their write timestamp is not larger than the read timestamp, then the
approximate timestamp storage ensures that, for every pair of (overapproximated) timestamps it
returns, the write timestamp is not larger than the read timestamp.

STO assigns a serialization time 7 to each transaction when the transaction begins (see Algo-
rithm 4 for reference). STO aborts a transaction if 7 < f;, where f; is the timestamp of a key k
that is being accessed. Intuitively, since the comparison is always checking that 7 is smaller than
one of the key’s timestamps, overapproximating key timestamps can only cause transactions to
abort. We make this more formal with a simulation argument. Suppose STO with approximate
timestamp storage processes transactions Ty, . . ., T,. Consider STO with exact timestamp storage
processing the same set of transactions with the same ordering of their operations. Suppose that
STO with exact timestamps has the additional property that it aborts any transaction that STO
with approximate timestamp storage aborts. This version of STO still guarantees serializability. So,
if we can show that it would commit all the transactions that approximate STO would commit,
then this would mean that approximate STO is also serializable. STO only ever does put(k, ), i.e.
the only timestamps that it stores in the timestamp storage engine are the timestamps assigned
to transactions. Thus the sequence of put operations performed by approximate and exact STO
will be identical. Hence every get performed in approximate STO will return a value at least as
large as the one returned in exact STO (Property 1). This implies that every timestamp check that
causes an abort in exact STO will also cause an abort in approximate STO. Hence approximate STO
is serializable.

For MVTO’s correctness, as long as timestamp overapproximation does not change the original
timestamp ordering of the versions for any record, the same argumentation as for STO applies.

For TicToc, a simulation argument does not appear to be feasible, but the original TicToc proof [51]
continues to work, even for approximate timestamp storage. This is because the proof reasons almost
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Fig. 2. FPSketch consists of the foveated region (hash table) storing accurate timestamps for active keys,
peripheral region (sketch) for approximated timestamps, and the eviction mechanism transferring data
between them.

entirely about timestamp inequalities across physical time, and approximate timestamp storage
will preserve those inequalities. We only need the following lemma for approximate timestamp
storage in order to make the original TicToc proof go through:

LEMMA 3. Each timestamp increases monotonically in physical time in TicToc with approximate
timestamp storage. Furthermore, every write to a key k causes k’s write timestamp to increase.

Proor. We establish the second fact first. Consider a committing transaction that writes to k.
TicToc guarantees that, when the transaction performs put(k.wts, 7) during its commit phase, 7 is
larger than the read timestamp returned by a previous get(k.rts) performed by the same transaction.
By Property 2, k.wts < k.rts at the time of the get and, since the transaction references k for the
entire duration between the get and put, the approximate timestamp storage cannot spontaneously
increase k.wts during that interval. Furthermore, the transaction holds a lock on k the entire time
between the get and the put, so no other transaction could have performed a put on k.wts. Hence
k.wts cannot change between the transaction’s get and its put, ensuring that the put increases
k.wts.

The above argument also shows that, when a transaction performs put(k.rts, r) in its commit
phase, it does not decrease k.rts.

A transaction that reads k may also update k.rts during its validation phase, but this trivially
does not decrease k.rts because the transaction does put(k.rts, max(z,get(k.rts))) in an atomic
section.

Thus put operations can never decrease a key’s timestamps. The only other way a timestamp can
change is through approximation, which is guaranteed not to decrease a timestamp (Property 1).
Thus timestamps increase monotonically over physical time. O

The two facts established in the above lemma are sufficient to enable TicToc’s original proof of
serializability to go through.

In the next section, we design an approximate timestamp storage data structure that meets the
above requirements.

5 FPSketch

In this section we describe FPSketch, an approximate timestamp storage structure that meets the
requirements identified in Section 4.

As shown in Figure 2, FPSketch consists of two regions: a “foveated” region providing accurate
timestamps and a lossy “peripheral” region that maintains overapproximated timestamps. FPSketch
is a hybrid data structure comprising both a hash table for the foveated region and a sketch for the
peripheral region. Additionally, the FPSketch uses an eviction mechanism to move timestamps from
the foveated region to the peripheral one.
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Algorithm 1 Pseudocode of Sketch’s Put and GET functions using atomic operations.

struct SKETCH
int rows, cols
value table[rows][cols] > value must support atomic ops.
uint64 seeds[rows]
end struct
1: procedure TIMESTAMPMAX(TIMESTAMPS ¢, TIMESTAMPS 17)
2: (v.wts, v.rts) «— (MAX (t1.wts, t2.wts), MAX (t1.rts, to.rts))
3: return v
4: procedure TIMESTAMPMIN(TIMESTAMPS 1, TIMESTAMPS [2)
5 (v.wts, v.rts) « (MIN (t1.wts, t2.wts), MIN (t1.rts, to.rts))
6 return o
7: procedure Put(key k, value v)
8 for row = 0 to rows — 1 do
9 col « HasH(k, seeds[row]) mod cols

10: current_value < AtomicLoap(&table[row]|[col])

11: is_success « false

12: while !is_success do

13: new_value <« TIMESTAMPMAX (current_value, v)

14: is_success < AToMiICCOMPAREEXCHANGE(&table[row]|[col],

&current_value, new_value)

15: procedure Get(key k)

16: col «— HasH(k, seeds[0]) mod cols

17: value «— AtomicLoap(&table[0][col])

18: for row = 1to rows — 1 do

19: col «— HasH(k, seeds[row]) mod cols

20: current_value < AtomicLoap(&table[row]|[col])
21: value « TIMESTAMPMIN (current_value, value)
22: return value

Hash table. The hash table stores timestamps of keys that are currently being accessed, ensuring
that FPSketch does not spontaneously increase the timestamps of these keys. Each record in the
hash table has a reference count, and each transaction increments the reference count the first
time it accesses a record and decrements it upon commit/abort. Only keys for which the reference
count reaches zero may be evicted from the hash table to the sketch. Depending on the eviction
mechanism chosen, these keys may either be evicted immediately or kept in the hash table until
evicted due to space pressure using, e.g. LRU.

Sketch. Timestamps evicted from the hash table are not discarded; instead, they are stored in the
sketch. Algorithm 1 provides pseudocode for the PuTt and GET functions of the sketch, utilizing
atomic operations. The core logic is analogous to the count-min sketch, except it takes max instead
of incrementing during PuT operations, which guarantees Property 1. For STO, MVTO, and TicToc,
timestamps are ordered pairs (wts, rts) of write and read timestamps, respectively. The sketch
takes field-wise max and min, as shown in Algorithm 1. Note that field-wise max and min preserve
that wts < rts, so our sketch preserves Property 2.

When considering the memory limitations for both the hash table and the sketch within the
FPSketch framework, it’s important to note that the hash table’s memory usage is directly tied to the
quantity of keys currently accessed in parallel. Conversely, the size of the sketch is predetermined
and remains constant based on the configured number of rows and columns, with the number of
rows aligning with the number of hash functions employed.
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Algorithm 2 Pseudocode of FPSketch Operations. The pseudocode assumes linearizability using
locks.

struct FPSKETCH
HashTable hashtable

Sketch sketch
end struct
1: procedure INCREF(key k)
2 e < hashtable. GETITEMPTR(k)
3 if e = NULL then
4 ts « sketch.GET(k)
5: hashtable Put(k, ts) > Initialize refcount =1
6 Evict()
7 else
8 e.refcount ++
9: procedure DEcREF(key k)
10: e < hashtable. GETITEMPTR(k) > e cannot be NULL
11: e.refcount — —
12: if e.refcount = 0 then
13: Evict()
14: procedure Get(key k)
15: return hashtable. GETITEMPTR(k).ts
16: procedure Put(key k, timestamp ts)
17: hashtable. GETITEMPTR(K) .ts < ts
18: procedure EvicT()
19: E « {item in hashtable | item.val.refcount = 0} > Only choose to evict from the set of keys that are
not in-use
20: for all item in ToEvicTPoLIcY(E) do
21: sketch.Put(item.k, item.val.ts)
22: hashtable REMOVE(item.k)

5.1 FPSketch Operations

FPSketch provides four operations, as shown in Algorithm 2: GET, Put, INCREF, and DECREF. INCREF
and DECREF increment and decrement the refcounts on keys in the FPSketch, and may need
to transfer timestamps between the hashtable and the sketch. Transactions are required to call
INcREF (k) before their first access to a key k, through a GET or PuT operation, and should not access
the key after calling DECREF(k). Although we omit locking from the pseudocode, all operations
ensure linearizability for each item in the hash table through the use of per-bucket locks.

INCREF. allocates a hashtable slot for k if one does not already exist, initializes its timestamp
from the sketch, and sets its refcount to 1. Otherwise it just increments the refcount of the existing
entry. INCREF executes atomically via a lock on the hashtable bucket.

DECREF. looks up the key in the hashtable, which is guaranteed to exist due to the prior INCREF,
and it decrements the entry’s refcount. Again, this sequence of operations is executed atomically
by using per-bucket locks on the hashtable. If the refcount reached 0, it calls the eviction method
that implements the chosen eviction mechanism. The eviction mechanism may only evict keys for
which refcount is 0, and it implements an eviction policy, TOEvicTPoricy, which selects which of
these keys to evict.
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GET and PUT. just return or update the timestamps in the hashtable entry, which is guaranteed
to exist due to the prior call to INCREF.

5.2 FPSketch Variants

FPSketch allows customizable sizes for both its regions; this customization exposes the trade-off
between timestamp accuracy and space. Increasing the size of either of these regions also increases
the overall accuracy of the timestamps, but the space consumption for the accuracy boost varies
across the two regions. In this paper we explore two FPSketch variants: Focus-Counter, which
favors a large foveated region, and Focus-Sketch which, in contrast, favors a large peripheral region.
More precisely, given a fixed size space, S, that can be used to store the timestamps of the keys
that are not in-use, Focus-Counter allocates most of S for the foveated region, while Focus-Sketch
allocates most of S for the peripheral region, as we detail further. For Focus-Sketch, we provide
intuition on how to size the sketch (in terms of the number of rows and columns) in the next
section.

5.2.1 Focus-Counter. is a variant of FPSketch that uses the smallest possible sketch, a sketch of
size one, and allocates all the remaining available space to the hashtable. This variant uses the
CLOCK eviction mechanism to evict timestamps from the hashtable when it runs out of space to
store timestamps of keys that are not in-use.

5.2.2  Focus-Sketch. is a variant of FPSketch that uses the smallest possible hashtable by imple-
menting an aggressive eviction policy that evicts a key from the hashtable as soon as its refcount
reaches 0 (i.e., is no longer in-use by any on-going transaction). All the available space is allocated
to the sketch.

5.3 Sizing FPSketch

In this section, we give a simple heuristic argument that the size of the sketch should be proportional
to ©(CK) columns and O (log CK) rows, where C is the average number of concurrent transactions
and K is the average number of keys accessed by each transaction. Thus the total size of the sketch
need be at most O(CK log CK).

We argue that, if the sketch is large enough, then, during the entirety of some transaction T’s
execution, the sketch will not spontaneously increase the timestamps of any of the keys accessed
by T. Let At be the set of keys accessed by any transaction during T’s execution. Note that the
average size of At is around CK. If the sketch has CK columns then, within each row, a constant
fraction of the keys will not collide with any other key in Ar. Since there are ©(log CK) rows, with
high probability every key is collision-free in at least one row. Thus the sketch will not make any
new approximation errors on any of the keys in Ay during T’s execution.

So, most of the time, the system will behave as if it is using exact timestamp storage during a
transaction T’s execution. We just have to argue that approximation errors made before T begins
won’t affect whether T aborts. This is straightforward from examining each CC mechanism. For
example, STO compares timestamps of keys only with T’s timestamp, 7. All keys have timestamps
less than 7 before T begins, so the only way T can abort is if some other transaction updates a
timestamp of a key accessed by T. But then T would have aborted in a system with exact timestamps,
as well. Similar arguments can be made for TicToc and MVTO.

Note this analysis is merely a heuristic rule of thumb. It assumes that the transactions do not try
to cause aborts. A malicious actor could attempt to discover colliding keys (by issuing transactions
on different keys and seeing which ones abort) and then issue a sequence of transactions that
it knows will all abort due to hash collisions in the sketch. Second, it ignores the fact that, if
a transaction aborts due to a timestamp approximation, that may allow another transaction to
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commit, which in turn may cause another transaction to abort, and so on. So it is not strictly true
that timestamp approximations cannot affect future transactions. However, this effect is not likely
to be significant. Finally, it ignores variance in the sizes and concurrency of transactions, which
may necessitate larger sketches, and it ignores skew in key-access patterns, which may allow much
smaller sketches.

As for the hashtable, recall that the hashtable needs to hold only active keys, and so it should be
sized to hold roughly ®(CK) keys, as well. In practice, we would advise using a resizable hashtable
and simply letting it grow as needed. Several state-of-the-art hashtables support concurrent opera-
tions while resizing [26, 27, 32], so this need not cause any hiccups in throughput.

5.4 FPSketch Implementation

We implement the hash table of FPSketch on top of IcebergHT [32] and the sketch from scratch.
We modified IcebergHT to perform reference-count management and to support holding bucket
locks across multiple operations. For the Focus-Counter variant that uses a sketch of size one, we
use an optimized version of Algorithm 1 that no longer needs to compute hashes.

6 Integration with the Existing CC Algorithms

In this section, we describe how to integrate FPSketch into STO, MVTO, and TicToc. STO and MVTO
differ substantially from TicToc in that TicToc verifies transactions post-execution in an optimistic
manner, whereas STO and MVTO can abort transactions mid-execution. All three maintain read
and write timestamps per key (per version in MVTO’s case).

6.1 TicToc

Algorithm 3 shows the pseudocode for TicToc with FPSketch. There are only two changes to the
algorithm. First, timestamps are stored in the FPSketch instead of inline with the tuples, as in the
original TicToc paper, so the syntax for accessing timestamps is different. Second, we need to call
IncREF and DECREF when a transaction first accesses a key and when it finishes. Note that all the
logic for dealing with timestamp approximation is encapsulated within the FPSketch code—TicToc
is not aware of the approximations.

Transactions increment a key’s refcount the first time they access it, and decrement it only
during commit (or as part of the abort procedure, which is not shown). This ensures that the
key’s timestamps will not change spontaneously due to approximations in the timestamp storage
structure during the transaction’s execution. It then records the timestamps in the transaction’s
read set, which is structured as a map from keys to timestamps.

The write set is a map from keys to data items. When a transaction writes to a key, we just record
the specified key-value pair in the transaction’s write set. Note that a transaction doesn’t need
to check the timestamps of a key in its write set until validation time, as in the original TicToc.
Although not shown explicitly, the full implementation checks the transaction’s write set during
reads so that a transaction sees its own writes.

TicToc requires a mechanism to lock keys during transaction validation. Although this is ab-
stracted in our pseudocode, in our implementation this is accomplished by having a lock bit in a
key’s entry in the timestamp hash table.

When a transaction either commits or aborts, it is essential to unlock the write set and decrease
the reference counts of the accessed keys. It’s worth noting that we omit the code for finalizing
transactions upon abort due to space constraints. However, the steps involved in unlocking and
removing entries for transaction aborts are the same as those outlined in Line 34 and Line 33.
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Algorithm 3 TicToc integrated with FPSketch. Each transaction T maintains a read set R and a
write set W. TicToc buffers write values in the write set W until commit time.

1: procedure Reap(database D, FPSketch S, transaction T, key k)

2: begin atomic section
3 if k ¢ T.R then
4 S.INCREF(k)
5 T.R[k] « S.GeT(k)
6: T.R|k].data <« D.Reap(k) > Read k’s value from disk
7 end atomic section
8 return T.R[k].data
9: procedure VALIDATE(transaction T)
10: for k € T.W in sorted order do
11: LOCK k
12: S.INcREF(k)
13: Tr«0 > Compute our commit timestamp 7.7
14: fork e TWUT.Rdo
15: if k € T.W then
16: T.r < max(T.r,1+ S.GeT(k).rts)
17: else
18: T.r < max(T.7, T.R[k].wts)
19: fork € T.Rdo
20: begin atomic section
21: if T.R[k].rts < T.r then
22: if T.R[k].wts # S.GET(k).wts V (S.GET(k).rts < T.t A LocKED(k) A k ¢ T.W) then
23: ABORT
24: else
25: curr « S.Get(k)
26: curr.rts « max(T.z, curr.rts)
27: S.Put(k, curr)
28: end atomic section

29: procedure Commit(database D, FPSketch S, transaction T)
30: for k € T.'W do

31: D.Writk(k, T.W|[k].data) > Write k’s value to disk
32: S.Pur(k, (T.7,T.7))

33: S.DecRer (k)

34: UNLOCK k

35: fork € T.Rdo

36: S.DEcREF (k)

6.2 STO

Algorithm 4 shows the pseudocode of STO with FPSketch. The changes are similar to those in
TicToc.

STO assigns each transaction a commit timestamp when it begins. Whenever a transaction
reads or writes an entry in the database, STO locks that key, checks that the key’s timestamps are
compatible with the commit timestamp of the transaction, and then updates the key’s timestamps.
STO does not allow transactions to access uncommitted data. This can be achieved with read-write
locks, as illustrated in Algorithm 4. We implemented these locks with “dirty bits”[48]. With dirty
bits, readers do not block writers, enabling more concurrency than in 2PL. Dirty bits work as
follows. When a writer updates a tuple, it sets the tuple’s dirty bit to 1. This blocks subsequent
readers and writers until the writing transaction commits or aborts. Readers, however, use the
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Algorithm 4 STO integrated with FPSketch. Each transaction T maintains a read set R and a write
set W.
1: procedure BEGIN(global timestamp x*c, transaction T)

2: T.t < AtoMICFETCHADD(c, 1)
3: procedure REaD(database D, FPSketch S, transaction T, key k)
4 if k ¢ T.R then
5: ReaDLOCK k
6: T.R—T.RU{k}
7: S.INCREF(k)
8 if T.7 < S.GeT(k).wts then
9 ABORT
10: begin atomic section
11: curr « S.Get(k)
12: curr.rts « max(T.z, curr.rts)
13: S.Put(k, curr)
14: end atomic section
15: T.R|k].data «— D.Reap(k) > Read k’s value from disk
16: UNLOCK k

17: return T.R[k].data

18: procedure WriTE(database D, FPSketch S, transaction T, key k, val v)
19: if k ¢ T.W then

20: WRrITELOCK k

21: S.INCREF(k)

22: if (T.r < S.GeT(k).wts) V (T.t < S.GeT(k).rts) then
23: ABORT

24: curr «— S.Get(k)

25: curr.wts < max(T.z, curr.wts)

26: S.Put(k, curr)

27: TWIk] <o
28: procedure Commit(database D, FPSketch S, transaction T)
29: for k € T.Rdo

30: S.DecRer (k)

31: for k € T.W do

32: D.Write(k, T.W[k]) > Write k’s value to disk
33: S.DEcREF (k)

34: UNLOCK k

dirty bit only as a latch to atomically read the tuple into a private buffer, and hence do not block
subsequent writers (or, obviously, subsequent readers).

As in our TicToc implementation, we store the reader-writer locks in the entries in the FPSketch.
Although not shown explicitly, if a transaction writes a key after reading it, it needs to be able to
atomically upgrade its reader lock to a writer lock. If upgrading is not possible, the transaction
aborts.

Note that STO needs to update the timestamps in the sketch only the first time a transaction
accesses a key, since the timestamp updates performed by a transaction using STO are idempotent.
During a read, we need to read and write the timestamps in the sketch atomically, since other
readers may also be updating the key’s read timestamp. This isn’t necessary for writes, since the
transaction already holds an exclusive lock on the key.
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To commit, a transaction needs only to write its data back to the database, release all references
to entries in the timestamp storage structure, and unlock all the keys. Aborting, not shown, is
similar.

6.3 MVTO

In a standard MVTO system, the database may maintain multiple versions of each key-value pair—a
new version is created whenever a transaction commits a write to the respective key. Each version
has associated timestamps and, when a transaction first reads a key, it looks through the versions
to find one whose timestamps make it visible to that transaction and uses that version. If the
transaction cannot find a compatible version (e.g. if the old versions have already been garbage
collected) then it must abort.

As we noted in Section 4, MVTO requires that the approximate timestamp storage system
must maintain the relative timestamp ordering of the versions of a key-value pair. We satisfy this
requirement by ensuring that our system approximates the timestamps of only the most recent
version of any key-value pair.

Specifically, our MVTO implementation works as follows. When a key is inactive, we store
the (approximate) timestamps of the most recent version of that key in FPSketch. When the key
becomes active, we copy the timestamps of the most recent version from FPSketch into the hashtable.
Whenever a new version of the key is created, we store the timestamps of the new version in the
hashtable, as well. Once the key becomes inactive, we move the timestamps of the most recent
version back to FPSketch and discard the timestamps of all the older versions.

Whenever a new version is created, it is assigned a monotonically increasing version number
and stored in SplinterDB indexed as (key, version-number) — value. Each entry in the hashtable
also contains the version number so, once a transaction finds an entry with compatible timestamps
in the hashtable, it learns the version number that it needs in order to look up that version of the
key-value pair in SplinterDB using a point lookup.

When a transaction accesses an inactive key, however, the sketch can tell the transaction only the
timestamps of the most recent version, but not its version number. Thus the transaction does not
know what version number to use to look up the key in SplinterDB. We considered two solutions
to this problem. The first was to have the transaction perform a predecessor query in SplinterDB,
i.e. to query for the predecessor of (key, co). However, predecessor queries in SplinterDB are slower
than point queries because predecessor queries cannot use SplinterDB’s maplets [10].

To avoid predecessor queries, we implemented the following optimization. Whenever a new
version of a key-value pair is inserted into SplinterDB, we also insert the same key-value pair into
SplinterDB with the special version number 0, i.e. we maintain the invariant that the most recent
version of a key is always stored as (key, 0). This incurs two insertions into SplinterDB for each
version, but enables queries of inactive keys to perform point queries instead of range queries.
Overall, we found this approach offered higher performance, so this is the scheme we use in all our
benchmarks.

Persistence and crash safety. It is possible to handle crashes using standard techniques like write-
ahead logging and checkpoints. Note that we do not need to persist the timestamps across crashes
or shutdowns since there can be no serializability violations between transactions that execute
before and after a crash or shutdown.

7 Evaluation

We evaluate the effectiveness of FPSketch in scaling timestamp-based CC mechanisms to on-disk
databases. There are five high-level take-aways from our experiments:
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e FPSketch-based versions of STO, MVTO, and TicToc outperform versions that keep times-
tamps on disk in all our experiments, often by dramatic margins. For example, FPSketch
improves TicToc goodput by up to 5.9x, STO by up to 1.8x, and MVTO by over 160x.

e Similarly, Focus-Sketch-based protocols can offer up to 2x greater goodput than Focus-
Counter-based ones. Furthermore, TicToc and STO with Focus-Sketch are never substantially
slower than the Focus-Counter variants.

e The goodputs of TicToc and STO with FPSketch are close to an idealized algorithm, which
assumes we can fit all timestamp metadata in RAM, across diverse workloads.

e TicToc-Focus-Sketch in particular outperforms 2PL and OCC across the board.

e FPSketch requires a tiny amount of memory — 32KiB in our experiments with an 80GB
database.

In summary, FPSketch offers essentially strictly improved performance with little to no downside
for STO, MVTO, and TicToc across a wide range of benchmarks.

7.1 Experimental Setup

We run our experiments on a CloudLab [15] Clemson r6525 machine with two 32-core AMD 7543
at 2.8GHz, 256GB memory, and one 1.6TB PCle v4.0 NVMe SSD.

We use SplinterDB, a fast, scalable write-optimized key-value store, as the underlying storage
system for the concurrency control mechanisms we consider in this evaluation. We configure
SplinterDB to use the raw device I/O (with the DIRECT_IO flag) to avoid the filesystem overhead.
We size SplinterDB’s internal cache to a percentage of each workload’s database size, as we detail
below.

In all our experiments, we utilize 120 threads, which is the maximum supported by the version of
SplinterDB used in this work. Each thread executes transactions in a closed loop. When a transaction
aborts, it can be retried up to 5 times. The retry mechanism uses exponential backoff. We tuned
the initial backoff interval for each scheme by initially setting it to be roughly twice the average
uncontended transaction completion time, and then tuned it until the abort rate roughly matched
that of the Memory variant.

We measure Goodput in Kilo Transactions Per Second (KTPS) and also evaluate the abort rate.
Goodput represents the number of successfully committed transactions per second. The abort
rate is calculated as the ratio of the total number of aborts, which can be up to 6 per transaction
(including the initial attempt and 5 retries), to the total number of attempted transactions, which is
the sum of all aborts and commits.

Concurrency control mechanisms. We implement and evaluate several CC mechanisms, including
all three timestamp-based CCs described in Section 2.1 (STO, MVTO, and TicToc), and two classic
CCs which are widely used in disk-based databases: two-phase locking (2PL) and Kung-Robinson
Optimistic Concurrency Control (OCC). Unlike timestamp-based CCs, these two classic mechanisms
do not require maintaining per-record metadata, thus avoiding disk I/O overhead for metadata access.
For 2PL, we employ a no-wait policy after evaluating multiple deadlock prevention mechanisms
(including wound-wait and wound-die). We selected no-wait due to its generally good performance
in our experiments, which aligns with findings from previous works [38, 43].

We implement five variants of STO, MVTO, and TicToc. These variants are distinguished by
their methods for storing and accessing per-record timestamps, which range from relying entirely
on disk to using fully in-memory solutions.

First, we establish the performance boundaries with two baseline variants:

e Disk: This is the simplest approach. Timestamps are stored on disk as part of each record,
requiring an I/O operation for every timestamp access.
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Fig. 3. YCSB small-transaction workloads results with 120 processing threads. In write-intensive workloads,
each transaction performs 8 reads and 8 writes. In read-intensive workloads, each transaction performs 15
reads and 1 write. Note that, in the medium-contended workload, several schemes have abort rates very close
to 0.

e Memory: This represents a theoretical upper bound on performance. It stores timestamps
for all keys in a single, large in-memory hash table. While fast, this approach is generally
impractical due to its prohibitive memory requirements.

The remaining three variants maintain an in-memory hash table to store the keys of currently
active transactions. They differ primarily in how they manage timestamps for the much larger set
of inactive keys:

e Disk-Cache: This variant enhances the Disk approach by adding a cache for inactive keys,
inspired by PostgreSQL’s SLRU cache [33], buffering on-disk metadata. It uses the same
active-key hash table as the sketch variants. For inactive keys, it employs a 32 KiB in-memory
cache with a CLOCK eviction policy to buffer timestamps read from disk. This cache operates
alongside SplinterDB’s standard page caching. We also explore the impact of larger caches in
Section 7.2.

e Focus-Counter: As one variant of FPSketch, described in Section 5.2, it supplements the active-
key hash table with an additional 32 KiB of memory dedicated to storing timestamps for
inactive keys. Also, a CLOCK eviction policy is employed.

o Focus-Sketch: The other variant of FPSketch also uses the active-key hash table but employs
a 32 KiB probabilistic sketch for managing inactive key timestamps. The sketch is configured
with 2 rows to balance space efficiency and error rates [40], with the number of columns set
to fit the memory budget.

Workloads. We use two benchmarks to evaluate the performance of the CCs we implement: (1)
YCSB [20], which models large-scale online services, and (2) TPC-C [14], the industry standard for
evaluating OLTP systems.

In the YCSB workloads, we first load a dataset of 673 million key-value pairs, with 24-byte keys
and 100-byte values. This loading phase is performed before every run, followed by the execution
phase. To evaluate FPSketch’s across diverse scenarios, we execute seven YCSB workloads: four
“small” transaction workloads, two “mixed” transaction workloads, and one “large” transaction
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workload. Each of the small workloads is either read-intensive or write-intensive. In write-intensive
workloads, transactions perform 8 reads and 8 writes. In read-intensive workloads, transactions
perform 15 reads and 1 write. The keys used in these transactions are generated based on a
Zipfian distribution. Each of the workloads is either high-contention or medium-contention. For the
high-contention workloads the Zipfian distribution uses theta=0.99 (10% of the pairs are accessed
by 80% of the operations). For the medium-contention workloads, theta=0.6 (10% of the pairs are
accessed by 40% of all the operations). The “mixed” transaction workloads consist of a mix of
small transactions (reading and writing 2 keys each) and medium-sized transactions, which read
28 keys each. For these workloads, the Zipfian theta values of 0.9 and 0.6 are used for high- and
medium-contention, respectively. Finally, we run a high-contention (Zipfian 0.9) “large” transaction
workload, where 5% of the transactions read 1000 keys, and the remaining transactions each read
and write 8 keys. SplinterDB’s internal cache is 6GiB, which is less than 10% of the database size.
We run YCSB experiments over a duration of 240 seconds. We repeat each run three times and
report average numbers.

As in many previous works, we evaluated TPC-C workloads that comprise only two of the five
transaction types in TPC-C, namely Payment and NewOrder, with each type making up 50% of the
workload. These two transaction types constitute 88% of the default TPC-C mix and are the most
interesting for our evaluation. We ran the TPC-C workloads for various number of warehouses, 4,
8, 16, and 32, which dictate the initial database size and the contention level. SplinterDB’s internal
cache was configured to 256MB. The TPC-C experiments are run for 120 seconds and repeated
three times to minimize noise caused by random variation.

7.2 YCSB Results

Small-transaction workloads. Figure 3 shows the goodput and abort rates for all our timestamp-
based CC mechanisms on our four small-transaction YCSB workloads.

One important result from Figure 3 is that in all scenarios, integrating FPSketch with the
timestamp-based CCs enables them to substantially outperform their “Disk” and “Disk-Cache”
counterparts. Except with MVTO, which we discuss below, Disk-Cache is slightly slower than Disk
due to the overhead of managing the extra cache. We provide a deeper dive on how cache size affects
Disk-Cache’s performance in another experiment described below. The STO and MVTO variants
match their “Memory” counterparts. TicToc experiences performance penalties from aborts because
validation occurs after optimistically executing all operations, requiring them to be re-executed.
This effect is particularly pronounced for read operations. Nevertheless, TicToc with FPSketch still
achieve the best performance across our workloads. The Focus-Sketch-based protocols also match
or outperform their Focus-Counter-based variants on these workloads.

We can draw several other conclusions from these results.

e TicToc variants generally outperform not only 2PL/OCC but also their STO and MVTO
analogues, due to TicToc’s advanced timestamp-based scheme.

e Disk-based variants are substantially slower, due to I/O to fetch timestamps. I/O overhead
is particularly pronounced in write-intensive workloads because, as explained in Section 3,
reads bring in the timestamps “for free” but writes to SplinterDB do not cause the old value
(and hence the old timestamps) to be read into cache. Consequently, Disk-based variants
incur reads for every write, incurring high overhead in write-intensive workloads.

e The gap between Disk-based and other variants is also larger in the medium-contended
workloads because these workloads have less locality, increasing cache miss rates.

e MVTO-Disk is also particularly slow because it stores old versions on disk and uses a range
query to find the most recent version whenever it needs to bring a key into cache. Range
queries are slower than point queries because range queries do not use filters to avoid I/O
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Fig. 5. YCSB long-transaction workloads results with 120 processing threads. 5% of transactions perform
1000 reads and the rest of transactions perform 8 writes and 8 reads. The distribution is Zipfian with 0.9.

in SplinterDB. In contrast, MVTO-Disk-Cache is able to utilize the same V0 technique as
our FPSketch-based MVTO variants, which enables it to use point queries instead of range
queries to bring keys into cache. As a result, MVTO-Disk-Cache substantially outperforms
MVTO-Disk.

Mixed-transaction workloads. Figure 4 shows the goodput and abort rates for our timestamp-
based CC mechanisms on our mixed-transaction workloads. Several of the same observations
apply here, as well: TicToc variants generally perform better than all other variants, 2PL, and
OCC; Disk variants are substantially slower; and MVTO-Disk suffers in particular due to its
use of range queries when bringing a key into cache. In high-contention workloads, STO and
MVTO implementations with Focus-Sketch demonstrate higher goodput compared to 2PL and
OCC. However, in medium-contention scenarios, they experience performance degradation due
to unnecessary aborts caused by timestamp approximation. Additionally, MVTO-Focus-Sketch
incurs extra overhead from maintaining a special VO version. These workloads also show that
the Focus-Sketch-based variants consistently substantially outperform their Focus-Counter-based
variants. TicToc-Focus-Sketch, STO-Focus-Sketch, and MVTO-Focus-Sketch have about 50% greater
goodput than their Focus-Counter variants, respectively. This advantage stems from Focus-Sketch’s
ability to maintain more accurate timestamp approximations compared to Focus-Counter, resulting
in fewer unnecessary aborts.

Long-transaction workload. Figure 5 shows our final YCSB workload, which includes some long
transactions that read 1000 keys. Most of the trends here are similar to the other YCSB workloads.

The main take-away is that STO and TicToc with approximate timestamp storage work just
as well as their Memory variants, demonstrating that approximate timestamps can handle large
transactions, not just small ones.

Approximate timestamp storage versus caching. Figure 6 shows how varying the SplinterDB cache
size affects goodput of TicToc-Disk and TicToc-Focus-Sketch. The purpose of this experiment is
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to answer the question: can we fix the performance problems in Disk-based schemes by simply
increasing cache sizes?

Figure 6 suggests that the answer is “No.” In the high-contended workload, TicToc-Disk with a
37 GiB cache is still slower than TicToc-Focus-Sketch with a mere 6GiB cache. And in the medium-
contended workload, TicToc-Disk needs roughly twice as much cache to match the goodput of
TicToc-Focus-Sketch, which needs only 32KiB to store timestamps.

There are likely several reasons that database cache is not as effective as in-memory approximate
timestamp storage. First, caches store disk blocks, which may store numerous key-value-timestamp
records. So, in order to store a single timestamp for a single key, the block cache will need to hold
an entire disk block, whereas approximate timestamp storage will need only a few bytes. Thus
approximate timestamp storage just uses memory more efficiently. Second, timestamp storage is
optimized for quick, in-memory access, whereas database caches can have high overheads due to
locking, latching, and data structure traversals, among other things.

Metadata Memory Usage. We now compare the memory used to store metadata in each scheme.
The Memory variant stored in RAM 40 bytes for each KV-pair: a 24-byte key and a 16-byte structure
containing a read timestamp, write timestamp, and a latch. There were 673M keys in the database,
so the Memory variant stored 27GiB of metadata. The Disk variant also stored 16 bytes of metadata
with each 124-byte record in the database. All metadata was stored in SplinterDB’s 6GiB cache, so
the total memory used for metadata was approximately 16 / (124 + 16) X 6 GiB ~ 685 MiB. The
Disk-Cache just adds a small 32KiB cache to the Disk scheme and hence has similar memory usage.
The FPSketch variants use a 32KiB cache plus a hashtable of 40-byte entries for each active key, for
a total average memory usage of 160KiB.

Disk-Cache versus Focus-Sketch. Figure 7 compares the performance of Disk-Cache with Focus-
Sketch. We used the same configuration for Focus-Sketch-32KiB cache. The dashed line is the
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Fig. 9. The goodput of TicToc, STO, and MVTO for high-contended YCSB workloads with varying sketch
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(containing 673M vs. 67.3M keys), and the concurrency level (120 vs 16 threads). The dashed lines represent
the goodputs of the Memory variant for each configuration.

goodput of Focus-Sketch. In high-contended workloads, Disk-Cache requires about 220MB of cache
to achieve the same goodput as Focus-Sketch, which uses only 32KiB of memory. Disk-Cache
never achieves the same goodput as Focus-Sketch in our medium-contended workloads because
the Disk-Cache variant still requires I/O to access timestamps, while Focus-Sketch does not.

7.3 TPC-C Results

Figure 8 shows the goodput and abort rates for TPC-C workloads for various numbers of warehouses.
The primary take-away from these experiments is that the trends seen in the YCSB experiments
generalize to other workloads.

The main observation is that, as in the YCSB experiments, STO-Focus-Sketch and TicToc-Focus-
Sketch are able to nearly match the performance of their Memory variants.

Moreover, TicToc variants generally outperform 2PL, OCC, and the other variants; Disk-based
variants are substantially slower than Memory, Focus-Counter, and Focus-Sketch; MVTO-Disk is
particularly slow due to its use of range queries; the gap between STO and TicToc variants tends to
close as contention decreases (i.e. as the warehouses increase); and the Focus-Sketch variants never
perform substantially worse than the Focus-Counter variants.
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7.4 Sketch Size

We conduct a factor-analysis of the sketch size of FPSketch for TicToc, STO, and MVTO. Figure 9
presents the goodput for the high-contended YCSB workloads as the sketch size increases. We
vary workload type (read-intensive vs. write-intensive), the number of worker threads varying the
amount of data updating the sketch, and the database size determined by the number of keys in the
database, representing the key range of workloads.

The main takeaway from these experiments is that regardless of the setting, the sketch can be at
most a few KiB, which is less than 1% of the database size, to avoid being a limiting factor since the
goodput is similar to that of their memory counterparts.

8 Related Work

Forgetful STO. Bernstein, et al. [4] attempted to reduce the memory footprint of STO by propos-
ing a timestamp purge mechanism. The approach assumes that timestamps are derived from a
reasonably precise real-time clock and that transactions are short-lived. Their approach involves
selecting a threshold timestamp (7 — ) at 7, purging keys with timestamps below this threshold from
memory, tagging these keys with the threshold timestamp, and aborting any transactions whose
timestamp is below the threshold. Effectively, this overapproximates the purged keys’ timestamps
to the threshold timestamp. While Bernstein, et al. argued that this was safe to do, they did not
specify any policy for how to select the threshold timestamp that determines which keys get evicted.
Such a policy is crucial to balancing memory usage and abort rate. They did not implement or
evaluate their scheme.

Bernstein’s approach does not meet the requirements of an approximate timestamp storage
system defined in Section 4; it sometimes approximates timestamps of keys in use by on-going
transactions, aborting those transactions. This works with STO and MVTO but, surprisingly,
aborting the transactions of the affected keys is not sufficient to guarantee serializability in TicToc!

Below are two examples that illustrate this issue based on TicToc’s validation algorithm [51].

Example 1. Consider these transactions:

Step | TID | Operation Note

1 T read(kq) ki.rts =10, ky.wts = 10

2 T write(k;), lock(ky) | commit_ts = 11

3 T write(kz), lock(k,) | commit_ts = 12

4 T abort ki.tuple.rts < commit_ts A isLocked(k1) A ky not in W
5 T, commit

Initially, k; has k;.tuple.rts = 10 and k;.tuple.wts = 10 in the database. Here, k;.tuple.* refers
to database values, while k;.* refers to transaction-local values. Let’s examine each step in detail:
(1) Ty reads ky, recording ky.rts = 10, k;.wts = 10.
(2) T, writes to kg, locks it, and sets commit_ts = 11 during validation.
(3) Ty writes to kg, locks it, and sets commit_ts = 12 during validation.
(4) T aborts because another transaction (T3) is validating k;. The abort condition is met when:
o ky.tuple.rts = 10 < commit_ts = 12 (true)
o ki is locked (true)
e ki is not in T;’s write set (true)
(5) T, commits with commit_ts = 11.
TicToc maintains serializability by aborting T;, which would otherwise read outdated data.
However, if timestamp purging occurs during validation, serializability can be violated. Suppose
keys with timestamps less than 20 are purged before Step 4, setting k;.tuple.rts to 20. (This can
happen because TicToc processes transactions based on keys accessed by them in a lazy and
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distributed manner while the purge system would keep track of the largest timestamp of all keys
and pick 20 as a safe threshold timestamp.) Since T; already set commit_ts = 12, the validation check
will now fail (ky.tuple.rts = 20 > commit_ts = 12), allowing T to commit with commit_ts = 12.
Then T, commits with commit_ts = 11. This violates serializability because T; reads an old version
but is serialized after T,.

Example 2. Consider these transactions:

Step | TID | Operation Note

1 T write(k), lock(k;) | ky.tuple.rts = 10

2 T read(ky) ki.rts =10, ky.wts = 10

3 T write(k;)

4 T commit commit_ts = 11, ky.tuple.wts = 11
5 T, abort ky.wts # ky.tuple.wts

Initially, k; has k;.tuple.rts = 10 and k;.tuple.wts = 10. Here is an explanation of each step:

(1) Ty writes to k.

(2) T, reads ki, recording kq.rts = 10, ky.wts = 10.

(3) T, writes to ky. (commit_ts will be 11.)

(4) Ty commits with commit_ts = 11 and updates ky.tuple.wts = 11.

(5) T, aborts because it detects a version mismatch:

o ky.tuple.wts = 11 # ky.wts = 10 (true)

T, correctly aborts after detecting a new version through the updated write timestamp. However,
if timestamp purging happens after Step 1, purging keys with timestamps below 11 and updating
both k;.tuple.rts and ky.tuple.wts to 11, serializability is broken. In Step 2, T, would read k;.rts = 11,
ki.wts = 11. When T; commits with commit_ts = 11, T, proceeds to commit with commit_ts = 12
(calculated as ky.tuple.rts + 1). Since ky.tuple.wts = 11 matches k;.wts = 11, T, cannot detect the
version change and incorrectly commits with commit_ts = 12. This breaks serializability because
T, reads a stale version yet is serialized after Tj.

Therefore, Bernstein’s scheme itself without tracking in-use keys is incompatible with TicToc
because accurate timestamp data is critical during validation, and TicToc relies on decentralized,
fine-grained validation.

On-disk concurrency control. Conventional concurrency control mechanisms, such as two-phase
locking (2PL) and optimistic concurrency control (OCC), are widely employed by both academic and
commercial disk-based databases [1, 13, 17, 21, 28, 30, 41, 42]. For example, RocksDB supports both
pessimistic and optimistic concurrency controls through 2PL and OCC, while Google F1 (Spanner)
uses timestamp ordering with locks and OCC. In contrast, there has been significant research on
concurrency control mechanisms tailored for in-memory databases [51]. FPSketch brings modern
concurrency control algorithms to disk-based transactional databases, including those originally
designed for in-memory contexts, instead of relying solely on classical methods.

Acceleration of timestamp accesses. Many disk-based RDBMSs (e.g., Postgres and MySQL) and
write-optimized systems (e.g., RocksDB) embed timestamps in their tuple structures, thereby
avoiding extra I/O once the relevant pages are in memory. Recent studies on Bf-Tree [23] and
Umbra [19] highlight the critical role of efficient page cache management in boosting performance,
as on-disk timestamps can be fetched quickly once loaded. By contrast, our approach decouples
timestamps from on-disk tuple structures and stores them in FPSketch. This design not only
accelerates timestamp operations of CCs but also offers greater opportunities for high cache
utilization of records on disk. We believe that transactional systems leveraging FPSketch can attain
even stronger performance gains when paired with robust page cache management.

Proc. ACM Manag. Data, Vol. 3, No. 6 (SIGMOD), Article 328. Publication date: December 2025.



328:24 Deukyeon Hwang et al.

Approximation and summarization in databases. Numerous databases approximate or summarize
transaction metadata in order to optimize I/O or reduce memory usage. For example, PostgreSQL
maintains hintbits [24] in each tuple, indicating whether the transction that added that tuple
has committed, enabling it to avoid a query to its commit log. AWS Aurora maintains Min Read
Point LSNs [46], which conservatively indicate the oldest LSN that might still be read, enabling
garbage collection of pages with older LSNs. And many MVCC schemes use high watermarks [5]
to determine which old versions can be garbage collected.

We believe FPSketch is fundamentally different from prior work because, in all these prior
schemes, approximations and summations are used as fast paths (e.g. hintbits) or to drive garbage
collection. However, they are not used as part of the CC mechanism itself.

Approximation with sketches. In networking, FlexSwitch [40] uses an approximation tech-
nique called min-timestamp to manage packet routing through network switches. However, min-
timestamp operates by overwriting conflicting timestamps without guaranteeing a lower bound for
these values, allowing overwrites to occur at any time by any entity. In contrast, FPSketch ensures
monotonically increasing timestamps. Additionally, it provides high-resolution timestamps that
can be shared among active transactions. This not only maintains correctness in timestamp-based
concurrency control mechanisms but also optimizes space utilization.

9 Conclusion

In this paper we introduced approximate timestamp storage, a novel timestamp storage system that
enables timestamp-based CC mechanisms to operate efficiently in modern on-disk key-value stores.
Approximate timestmap storage provides guarantees we identified to be suffient for preserving the
correctness of the timestmap-based CC mechanisms we studied, while being extremely memory
efficient. We presented the design of an approximate timestamp storage system, FPSketch, and
implemented two of its variants, Focus-Counter and Focus-Sketch. We integrated FPSketch with
three timestamp-based CC protocols-STO, MVTO, and TicToc. Our evaluation shows superior
performance across various workloads using our FPSketch approach. Notably, TicToc with Focus-
Sketch achieves up to 11X better performance than traditional 2PL and OCC approaches, and up
to 27X improvement over disk-based timestamp storage. FPSketch unlocks the ability to adapt
existing CC techniques and paves the way for innovative CC mechanisms in future disk-based
key-value stores.

We believe FPSketch is broadly applicable across a variety of domains, although the performance
benefits may vary based on other overheads in the system. For example, our approach could benefit
distributed systems by improving local node performance. In a shared-nothing architecture, a
per-partition FPSketch instance could manage timestamps for its corresponding keys, providing the
same local memory efficiency and reduced disk I/O demonstrated in our work. In distributed systems
or in systems based on older data structures, such as B-trees, other performance bottlenecks will
obviously reduce the impact of an optimized concurrency-control mechanism. However, extensive
research has focused on optimizing these aspects through techniques like reducing network round-
trips and improving global timestamp synchronization. As those orthogonal optimizations are
applied, the local performance improvements provided by FPSketch would become even more
promising for overall system throughput.
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