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ABSTRACT

Hash tables sit on the critical path of many systems, yet modern
designs still force a trade-off between fast operations and high mem-
ory overhead. We revisit this trade-off and present Tiny Pointer
Hash Tables (TPHT), a family of practical hash tables that make two
ideas from theory work at system scale: compressing pointers down
to a byte, and encoding keys compactly so less metadata is needed.
We engineer these into two complementary designs. Chained-TPHT
targets maximal space savings, and is to our knowledge the first sim-
ple and practical succinct hash table, achieving a footprint smaller
than the raw key-value payload size with constant-time operations.
Flattened-TPHT targets latency, keeping the common case within a
single cache miss while retaining strong space efficiency. Both vari-
ants support dynamic resizing without global pauses and integrate
cleanly with 64-bit keys and values.

Across YCSB and microbenchmarks, TPHT advances the latency-
space Pareto frontier: Chained-TPHT reaches 105.4% space effi-
ciency, and Flattened-TPHT achieves 83.4% space efficiency with
up to 89.3% higher throughput than strong baselines. Together,
these results show that techniques primarily known in theory can
be turned into systems-ready hash tables that meaningfully reduce
memory use while delivering state-of-the-art performance.
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1 INTRODUCTION

Hash tables underpin a vast range of data-intensive systems, from
distributed databases [1, 3, 92] and in-memory key-value stores [19,
21, 30, 56] to network monitoring [51, 80], genomics analysis [68,
85, 91], and real-time analytics engines [40, 82]. Because hash tables
promise expected O(1) queries, they are often the default choice
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for high-throughput applications. However, the size of datasets has
exploded and continues to grow, while the cost of DRAM limits
the practical memory capacity of servers. Nonetheless, state-of-the-
art low-latency hash tables use only a fraction of their memory
for data, with substantial portions used by metadata and collision
resolution [2, 72, 75].

This paper revisits the fundamentals of hash tables and poses
two questions:

e Space. How close can a practical hash table drive memory
usage to the information-theoretic lower bound?
e Speed. Can it still rival the throughput of today’s state-of-
the-art designs while consuming markedly less memory?

We show how to build fast space-efficient hash tables using tiny
pointers [10] and quotienting [4, 46, 66], theoretical techniques to
compress pointers and keys respectively. We first demonstrate how
these ideas from theory can be practically implemented, and then
use them in two different hash-table designs. The first replaces the
pointers in a chaining hash table with tiny pointers, which together
with quotienting, results in an ultra space-efficient hash table; the
table can even be smaller than the raw key-value payload!! The
second uses tiny pointers and quotienting in an open-addressing
hash table to pack keys and collision-resolution metadata efficiently
into each cache line, which yields a space-efficient hash table with
state-of-the-art performance.

Tiny Pointers. Tiny pointers are implemented through a data
structure called a dereference table. A tiny pointer compresses a
full-word address to just min(log =1, log log log n) bits, where 1—§
is the load factor of the dereference table. Tiny-pointer theory uses
recursive multi-level dereference tables to achieve theoretically
optimal space usage, but this is difficult to implement in practice.
One contribution of this paper is to offer a simpler implementation
based on the power of two choices, which empirically supports
allocation without failure up to a load factor of 98.2%.

In our hash tables tiny pointers use 8 bits instead of the 64 bits of
a standard machine word or the O(log n) bits that a straightforward
index would require.

Quotienting. The core idea behind quotienting is easy to under-
stand if we consider a chained hash table that stores fingerprints (i.e.
hashed keys) instead of the keys themselves. The chain that a key

!Minimal and dynamic perfect hashing [8, 27] can approach even smaller footprints by
compressing hash functions for fixed or slowly changing key sets, but they typically
target membership or static dictionaries rather than storing full key-value pairs with
general updates.
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belongs to is determined by the high-order bits of its fingerprint,
referred to as a quotient. Therefore, these bits are already implic-
itly determined by each item’s location, and so the table need only
store the low-order bits of the fingerprint, the remainder. This
technique is used in quotient filters [11] to build a near optimal
filter data structure.

However, hash tables need to store the key itself, not just the
fingerprint, because fingerprints can collide. To solve this prob-
lem, we use a technique, one-round Feistel permutations, from the
theory literature to encode the keys themselves so that they can
be quotiented without losing the original key. This allows us to
build real-world hash tables that use quotienting to save roughly
log n bits of space per key.

Tiny-Pointer Hash Tables. We use tiny pointers and quotienting
to design two novel high-performance space-efficient hash tables.

Chained-TPHT. Our first design emphasizes space efficiency by
using a chained hash table design, with a head array storing (tiny)
pointers to the first link in each chain. The links in the chains use
tiny pointers and the keys are stored using quotienting. Perhaps
surprisingly, under most configurations, Chained-TPHT simulta-
neously achieves lower memory usage than even storing the raw
key-value payload and strong overall performance.

Chained-TPHT uses tiny pointers to reduce the space consumed
by pointers in the head array and the chain links. Quotienting then
recovers enough memory from the keys to fully compensate for
this (much reduced) overhead.

Because the head array uses tiny pointers, its size is a small
fraction of the payload size. This means that it can have sufficiently
many entries that each chain is short, so that operations incur few
cache misses. Ideally, in a system with a 64 MiB L3 cache, the head
array for a 1 GiB table can fit entirely in cache.

Despite being one of the oldest and simplest data structures in
computer science?, chained hash tables have since been considered
to be impractical in space-sensitive settings because of the many
pointers that the data structure requires. Chained-TPHT turns this
conventional wisdom on its head, demonstrating that, with the
right algorithmic techniques, chained hashing can actually be im-
plemented as an extremely space-efficient data structure.

Flattened-TPHT. While Chained-TPHT achieves excellent
memory-efficiency, there is still a latency overhead due to the
indirection of having to first access the head array and then access
the data itself. Our second design, Flattened-TPHT, is less memory-
efficient, but allows most operations to be completed using a
single cache miss, leading to better average latency. Furthermore,
operations average 1.25 cache misses and never exceed three
(outside resizing); these bounds yield a strong tail-latency profile.

Flattened-TPHT accomplishes this by replacing the head array
with an array of cache-line-sized home groups. Each key hashes
to a home group, which itself stores 0-4 key-value pairs. When
more than 4 key-value pairs hash to the same home group, some
“overflow” key-value pairs are stored in a dereference table, and are
referenced from the home group using tiny pointers. The home

ZFirst introduced in 1953 by Hans Peter-Luhn, chained hash tables predate both unbal-
anced and balanced binary trees. In fact, according to Knuth, the chained hash table
may be the first ever use of a linked list in a computer program [46]
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entries are accessed in a single cache miss, whereas the overflow
entries require two cache misses. The memory-efficiency tradeoff
occurs because the home groups will not have uniform occupancy,
so some memory in home groups will go unused.

Consistent with prior work [44, 59, 63, 70, 72], both variants
support 64-bit keys and values, deletions, and online resizing. As in
previous hash-table designs, they can be straightforwardly extended
to variable-length keys and values by storing pointers to the actual
keys and values in the hash table.

Results. Chained-TPHT attains 105.4% space efficiency, reducing
memory by 38.6% relative to state-of-the-art baselines. Flattened-
TPHT delivers 83.4% space efficiency and cuts memory by 22.3%
while running 89.3% faster than the same baselines.

Contributions. This paper contributes the following:

e Practical tiny pointers. We present a simple and practical
implementation of tiny pointers, which empirically results
in excellent compression with efficient dereferencing.
Practical key quotienting. We incorporate quotienting
into real-world hash tables, saving log n bits per key.
Beyond 100% space efficiency. Using these two tech-
niques, Chained-TPHT is 1.37-20.13% the speed of prior
hash tables whose footprint is below the raw payload size.
State-of-the-art performance with less space.
Flattened-TPHT pairs the same techniques with a cache-
and SIMD-aware layout to surpass prior tables in perfor-
mance while using less memory.

The paper also comes with a contribution of theoretical interest.
From a theory perspective, Chained-TPHT is a succinct hash ta-
ble, a hash table that uses space within a factor of (1 + 0(1)) of the
information-theoretic optimum, while offering O(1) expected-time
operations.? Such hash tables have existed in the theory literature
(e.g., [4, 12, 13, 77]), but are considered too complicated (and with
too poor of constants) to be practical. (As we will discuss in Sec-
tion 2, there are practical compact hash tables [23, 47, 48, 74],
which can achieve (1 + 0(1)) of the space optimum but not with
O(1) operations.) Chained-TPHT, in addition to being practical, is
arguably also the simplest succinct hash-table design to date.

2 BACKGROUND

Most hash-table designs can broadly be divided into two categories,
separate chaining and open addressing.

Separate chaining. A separate chaining hash table hashes each
key to a bucket, which is then stored as a linked list. Each list is
referred to as a chain. The canonical design uses a head array,
each entry of which stores a pointer to the first link in its chain.
Variations on this design optimize for resizing and performance
bottlenecks. Split-Ordered Lists [79] enable lock-free incremental re-
sizing while preserving bucket semantics, and CLHT [26] improves
cache locality by packing multiple entries into cache-line-sized
mini-buckets.

A major source of memory overhead in separate chaining are
the pointers in the chains. Each item must store a pointer, so for
example if the hash table stores 64-bit keys and values and uses

3In the standard parameter regime where keys are of size w = (1 + ©(1)) logn
bits, Chained-TPHT uses space B+ O(nloglogn) = (1+ O(loglogn/logn))B bits,
where B is the information-theoretic optimum.



64-bit pointers, this immediately leads to a 50% memory overhead.
However, additionally, assuring performance in the table often
requires even more memory overheads.

Separate chaining performance is dominated by cache misses in-
curred during operations: queries must access the head pointer and
traverse the chain until we find the key. Therefore, for performance
reasons, it’s important to have enough buckets that the chains are
short. However, doing so introduces more null pointers in the head
array, causing additional memory overhead. Some designs store
key-value pairs in the entries in the head array. This removes the
indirection but further inflates entry size and leaves many entries
empty.* In CLHT, it actually packs each link as a cache-line mini-
bucket (up to three 64-bit tuples inside). This improves the locality
of chain traversals, since multiple items can be retrieved in a single
cache line. However, the imperfect load balancing typically leaves
over 62%[72] of memory unused.

So in terms of memory efficiency, separate chaining starts with
a large overhead from pointers and then must decide how much
additional memory overhead to trade for performance reasons.

Open addressing. Open-addressing hash tables store all entries di-
rectly in a single array, using a probe sequence to resolve collisions.
The most common variant, linear probing, searches sequentially
from the hash location until finding an empty slot or the target
key [18, 32]. Other schemes like quadratic probing [50], double hash-
ing [36], and cuckoo hashing [71] use different probe sequences to
distribute keys and reduce clustering effects.

The primary advantages of open addressing are data locality
and implementation simplicity. However, performance degrades
rapidly as the load factor increases due to longer probe sequences
and increased cache misses. To maintain good performance, most
open addressing schemes operate at load factors, typically below
75% [2, 46], leaving substantial memory unused.

Recent designs attempt to mitigate these issues through meta-
data optimizations. Google’s Swiss Tables [2] and Meta’s F14 Hash
Table [29] use metadata bytes to quickly skip over occupied slots
during probing.

Compact Hash Tables. Recall that a hash table is compact if it
uses space within a factor of 1 + § of optimal, for some § € (0, 1),
while supporting operation times that are a function of §~!. This
is a weaker guarantee than being succinct, which means that
the hash table can support § = 0(1), with O(1)-time operations.
Whereas (until this work) succinct hash tables have been theoretical
only, several designs of compact hash tables have been shown to
be practically feasible. (See, also, Section 5.3 and Section 8.3.1 for
comparisons with Chained-TPHT.)

Like separate chaining, compact bucketing [47, 48] uses variably
sized buckets to store entries, but instead of storing them as linked
lists, they store them on the heap and reallocate them as necessary.
This allows the hash table to be space efficient, but the cost of
reallocation significantly hurts update performance and causes
memory fragmentation.

Compact linear-probing schemes [23] use quotienting together
with metadata bits to store partial key information, but they suffer

4With n elements and n buckets, about 1/e ~ 0.37 of buckets are empty.
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a performance penalty at high load factors due to long probe se-
quences. Layered versions [74] use multiple layers to reduce probe
distances and allow for better performance at high load factors.

3 PRACTICAL TINY POINTERS

Tiny pointers offer a path to compressing pointers in data struc-
tures.

3.1 Tiny Pointers and Dereference Tables

The tiny-pointer user interface. Tiny pointers are made possible
through a data structure called a dereference table, which functions
as a specialized memory allocator that will contain the objects (in
our case, nodes in the hash table) that the tiny pointers will point
at. Given a capacity n and an object size s, we create a dereference
table of size roughly n - s bytes, capable of storing up to n objects
of s bytes each. The dereference table provides the following user
interface for tiny pointers:

(1) Allocate(k) allocates s bytes in the dereference table, and
returns a tiny pointer p. The parameter k is the ID for the
object, and must be unique among all other IDs that are
currently active. The same ID k must be provided in order
to dereference or free p in the future.

(2) Dereference(k, p) returns a (non-tiny) pointer to the ob-
ject with ID k. The prerequisite is that the ID k is active
with tiny pointer p.

(3) Free(k, p) deallocates the object with ID k. The prerequisite
is that k is active with tiny pointer p.

Differences between traditional and tiny pointers. Tiny pointers
go hand-in-hand with the dereference table, which functions as a
specialized memory allocator. Whereas standard memory allocators
allocate objects of different sizes and are primarily concerned with
fragmentation, dereference tables allocate objects of fixed size s and
don’t face this issue. However, this means that they cannot be used
to allocate variable-sized objects without using an additional level
of indirection. On the other hand, objects in a dereference table
must be able to be referenced via a 1-byte tiny pointer, whereas
standard allocators can use 8-byte pointers. That this is possible
is non-obvious and requires significant theoretical techniques [10].

Notably, even though each object in the dereference table is
given a user-assigned ID k, these IDs are not actually stored in the
dereference table. (Indeed, the entire dereference table consists of
roughly n-s bytes, which is only enough space to store the allocated
n objects.) Rather, it is the user’s job to provide the user-assigned
ID k whenever a tiny pointer is dereferenced or freed.

Finally, tiny pointers preserve a key property of traditional point-
ers: following a pointer requires a single memory access. As we
will see later on in our proposed implementation, the translation of
tiny pointer to pointer (via a call to Dereference(k, p)) incurs no
additional memory accesses.

3.2 Practical Implementation

Allocating tiny pointers with two-choice bucketing. Recall that a
dereference table is initialized with a maximum capacity n and an
object size s. The dereference table will consist of N - s-byte slots,
where N is selected to be slightly larger than n (say, n ~ 0.95N).
As we shall see, the choice to have N slightly larger than n (even



just, say, 5% larger) will be critical for good pointer compression,
as it allows flexibility in which slot to use for each allocation.
The dereference table consists of two arrays:

e Meta table (2n bytes). Each of the n bins stores a two-byte
header: the current free-slot count and the offset of the first
free slot, i.e., the list head of the free list.

o Data table (~ n entries). Each consecutive block of (27 — 1)
entries form a bin; free slots inside a bin are threaded into
a free list via 7-bit offsets.

p )
Dereference Table Meta Table Data Table
#free list
slots  head free list
) 1 [ I
bin = ho() | (2] ]) 2 e | [ --. |
list head
ALLOCATE(k) feee | [eee ] free list
) —_— I
biny = hy (k) [ 3 2 ] b T [Anmf[ l
1 ‘ [ Tist head \\

S
{Rc\um Tiny Pointer

[Jofofofofo]1]o]
direction bit index in the bin

Figure 1: Meta layout, data bins, and the steps of Allocate(k):
two hashes, choose emptier bin, pop head, return 8-bit p.

Allocate(k) as shown in Figure 1, compares the free-slot counters
of bins ho (k) and hy (k), pops a free slot j € {1,...,127} from the
emptier bin h;(k), and returns the 8-bit tiny pointer i o j, match-
ing the layout above with 0 reserved for null. Dereference(k, p)
interprets p as i o j and returns the address of j-th slot of bin A; (k).
Surprisingly, dereference is pure arithmetic and needn’t a memory
access. Free(k, p) decodes the same fields, increments that bin’s
free counter, and threads j back into its free list.

The main challenge: avoiding allocation failures. In this basic
design, an allocation may fail if both bins ho (k) and hq (k) are full.
The key design principle is to allocate tiny pointers so that these
failures almost never happen.

To minimize allocation failures, our proposed design relies heav-
ily on a probabilistic phenomenon known as the power of two
choices [6, 7, 14, 81]. This says that, if a balls are placed into b
bins, and if each ball is placed in the emptier of two random bins,
then (with very high probability) all of the bins will have very simi-
lar loads (no bin will have more than a/b +loglog b + O(1) balls).
Unlike many theoretical phenomena, the power-of-two choices
has very good real-world constants. Importantly, allocation failure
probability is not simply a per-operation constant; it guarantees
that no failure occurs w.h.p. for polynomially many operations. Our
implementation reaches sustained load factors well beyond the 95%
suggested by the analysis in Section 8.6.

Difference between our implementation and the theory. In [10],
dereference tables are designed as a complex structure with multi-
ple hash-table-like levels. The bits of each tiny pointer are used to
both identify the hash functions and the index in the substructure
of hash tables. This design involves complex multi-level load-
balancing as well as careful partitioning of the tables, which makes
it difficult and inefficient to implement in practice. It further uses
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exhaustive tabulation (also known as the method of Four Russians)
to implement some operations in constant time, which does not
work well in practice®.

3.3 Example: Chained Hash Tables

We now demonstrate how tiny pointers can be used in the context
of a simple chained hash table. This example will take us part of
the way towards understanding Chained-TPHT, which will go
further by integrating quotienting.

Having initialized the dereference table, we can now allocate
nodes for the hash table. In a chained hash table, each node lies in
a linked list and is referenced by a unique tiny pointer. To allocate
a node, we call Allocate with a unique ID for that node, and store
the returned tiny pointer in the appropriate place (e.g., the head
array for the bucket, or the next pointer of another node).

One might be tempted to use the key k stored in the node as
the unique ID. This works when k is the first node in the chain.
However, if another key ¢ is stored in the first node, the head tiny
pointer p will be allocated with ID ¢, so calling Dereference(k, p)
will not return the correct node (or even necessarily a valid node).
Therefore it is important that the IDs for the tiny pointers in
each chain be computable from the bin index and the chain prefix.
Moreover, the ID must be unique across objects in the dereference
table, and is required whenever operating on the tiny pointer, e.g.,
Dereference(k, p) to obtain a 64-bit pointer to u or Free(k, p) to
release u. This highlights an important general challenge to using
tiny pointers: determining unique and computable IDs.

In this hash-table example, we solve this challenge by using the
address A of each tiny pointer p as its unique ID k. This means
that the two bins where the node pointed to by p can be allocated
are ho(A) and hq(A), where hg and h; are the two hash functions
used in our dereference table implementation. Notice that this
ID satisfies both the uniqueness and computability requirements:
each tiny pointer has a unique address, and the address is known
whenever the tiny pointer is used. See Figure 2 for an example

query.

Chained Hash Table s
Dereference Table

QUERY (k) «——Return vy

~— A(k) Data Table
Bucket Pointers addresses Bi
N | Bina,(4) A [Asupie
Ay A Angy)
l r(k,v,c)\pﬂ rtuple[ l
Po p1 Ph(k) —_
———— =
- — P DEREFERENCE( A}, Py
1 |A,ffest (inside-bin offset) Bi“h,(A,,“,)
[Auple 4 ))
direction bit rtuple[ r(l’”‘) \Pt[ l
DEReFERENCE( AR (k) Ph(k)) —
“ h(k) collides with h(l)

— Bing, (a,9) + Bogfset

Figure 2: Query for key k in the chained hash table with tiny
pointers. The direction bit of the first tiny pointer is 1 in this
example, and leads to the bin corresponding to h1(Ap(k)) in
our dereference table implementation. The meta table is not
used during queries.

5Our implementation’s average throughput is 2.17x~3.69% that of a prior third-party
implementation [78] directly following the theoretical work [10].



4 QUOTIENTING

The idea behind quotienting is to use the bin index to implicitly
store part of each key. If the keys themselves are random or if it’s
sufficient to store fingerprints rather than the original keys, then
the high-order bits of the random key or fingerprint can be directly
used to determine the bin index. Then these high-order bits do not
need to be stored themselves and can be reconstructed from the
bin index when needed.

The use of quotienting in hash tables was suggested by
Knuth [46], and has been applied in quotient filters [11, 28, 34, 73],
which can be interpreted as quotienting hash tables which
store fingerprints rather than keys. There is a literature of
hash tables that use quotienting in theory to achieve memory-
efficiency [4, 9, 34], and some of these have practical implemen-
tations [23, 37, 47, 48, 74].

The difficulty is that keys sharing a bin need not share a
prefix. One fix is to use an invertible hash function—a random
permutation—to map each key to a fingerprint that preserves its in-
formation. This would, in principle, allow quotienting as described
above. The problem is that no known techniques are practical, and
fully random permutations are hard to realize even in theory [20].

To get around this, we use a construction called a one-round
Feistel permutation [66]. Rather than trying to emulate a fully ran-
dom permutation hash function, this construction makes a specified
bit range of the key “look random” and then uses that range for
quotienting. Feistel permutations have been used in theoretical
hash-table designs [4], as well as in a GPU implementation [37].

4.1 One-Round Feistel Permutations

For a key k, set k = gP™ o r, where gP'® is the prefix of k that
we will quotient off, r is the remainder suffix. Let w be the
word length and 2"~¢ be any suitable divisor. Starting from
any hash family H of functions h : [2"] — [2f], we define
Hyq = {0 | W (gP" or) = h(r) ® ¢*,h € H}, where & denotes
XOR. Intuitively, h” infuses randomness from h(r) into the prefix of
the key. Importantly, if two keys have the same h’ value, they can
be compared using only the stored remainder, and each key can be
reconstructed from the remainder and h’. We realize the one-round
Feistel permutation when calculating h(r) ® gP™, which we refer
to as the quotient. Algorithm 1 shows this quotienting process.

Algorithm 1 ONE-ROUND FEISTEL QUOTIENT

Require: Key k = gP*™ o r, hash function h
1: procedure Quotient(k) return g < h(r) & g*¢

2: procedure RecoverKey(q,r) return k < (q® h(r)) or

Note that Hy need not preserve the independence properties
of H. In particular, even if H is fully random, k1 = qﬁ’re orand
ko = qgre o r will never collide if q};re # qlzm. Therefore Hy is not
even pairwise independent. Following [61], we show that Hj is
universal and has strong distributional properties—in particular,

Chernoff bounds hold and so its max load is the same as H’s.

Claim 1. Hy is universal when H is pairwise independent.
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Proor. For distinct keys k = q}fre orjandk’ = qlzDre ory, pairwise
independence of H implies
g [ =W (O] = P [h(ro) = h(r2) © ¢ <2’

® q};re]

o
Claim 2. IfH is mutually independent, then Hy has expected max
load ©(log n/loglogn).

Proor. The indicators X*) = 1[I (k;) = b] (with b’ ~ Hy)
are negatively associated, so standard Chernoff bounds apply to
x® = 3, xP[g7].

Thus, by the standard result [76], the Chernoff bounds imply
that the expected max load is ©(log n/loglog n). O

In practice we instantiate 4 with xxHash [24].

5 CHAINED TINY POINTER HASH TABLE

In this section, we present a chained hash table that fuses tiny
pointers with quotienting. The resulting structure is highly
space-efficient; as demonstrated in Section 5.3, its footprint can
even fall below the raw key-value payload size.

At a high level, Chained-TPHT is a chained hash table that stores
all nodes in a single high-load-factor dereference table. Further,
Chained-TPHT uses quotienting to reduce the size of stored keys.

5.1 Design of Chained-TPHT

Let n denote the number of stored tuples and let 2*V~¢ be the divisor
chosen for quotienting. We refer to the set of keys with a given
quotient q as ¢’s quotient group. In Chained-TPHT, chains pre-
cisely correspond to quotient groups, so we will sometimes refer
to chains and quotient groups interchangeably. The data structure
comprises two tables:

e Head array (2 entries). Each cell holds a tiny pointer to

the first node in the chain for the corresponding quotient
group (or NULL if the group is empty).
Dereference table (~ n slots). Each slot stores a triple
(p,r,v) consisting of the tiny pointer that links to the next
element, the quotiented key (remainder), and the value. In
the ideal case this takes 8—#+2w bits per tuple; we provision
a small slack to stay below the critical load.

Chain identification. Figure 3 illustrates the data path: for a key
k we compute its quotient using the hash function from Section 4.1.
The quotient is used to determine which chain k belongs to, and in
particular is used as the index in the head array. When accessing
keys in that chain, we recover the original prefix as ¢ ® h(r) and
concatenate it with the stored remainder r.

h(r) @ q7"¢ =

k=gqPreor

hash and xor:

quotient length

Original

Tuple value |

Lo | " |
Stored quotient length
|

Tuple

remainder length

r | value |

Figure 3: Quotienting pipeline: the hash determines the quo-
tient and only the remainder is stored in the chain.



Monolithic dereference table. As in a traditional chained hash
table, tuples in a chain (quotient group) are organized as a linked
list. All chain nodes across different chains are to be stored in a
flat memory pool, which is a single dereference table. So, even
though the chains are logically partitioned, they are physically
intermingled in a single table.

Tiny pointer IDs in Chained-TPHT. As discussed in Section 3.1,
assigning IDs to tiny pointers in a chained hash table is subtle.
Recall that when allocating a node, we cannot use the stored key k
as the ID. Instead, we use the address of the unique [tiny] pointer
in the list that points to the node. Importantly, these IDs are unique
and known at dereference time, since we obtain the tiny pointer
from its address.

Hash table operations. The procedure for inserting a key-value
pair (k,v) is detailed in Algorithm 2. First, the key k is split into
a prefix qP™ and a suffix r to compute a bucket index (quotient)
q = h(r) ® gP™. Denoting the head array by B, we then traverse the
linked list starting from B[q], using the in-place address of each
tiny pointer’s location as its ID for dereferencing. Upon reaching
the end of the chain, a new entry is allocated in the dereference
table and linked into the list. The new entry is then populated with
the quotient, the value, and a NULL tiny pointer.

Queries, updates, and deletes follow a similar procedure to locate
the target entry by traversing the appropriate chain. Once found,
the operation is completed by interacting with the dereference table
via the interfaces from Section 3.2.

Algorithm 2 INSERT

Require: Global head array B, key k = gP™ o r, value v

1: q < h(r) ® g > Quotient group identifier
: p® « addr(B[q]) > Pointer to the tiny pointer
. kderef  addr(B [q]) > In-place key for dereference
: while xp'® # NULL do > Follow to the end of the chain
e « Dereference (kderef, «p'P)
PP — addr(e.p); kil  addr(e.p)
e, xpP Allocate(kde“f)
c ek —r; eve v ep«— NULL

> Advancing

> Reserve new entry and link it

[ I TN NS, B N P R

5.2 Performance Advantages

Beyond space efficiency, Chained-TPHT offers two key perfor-
mance advantages over conventional chaining methods: enhanced
cache locality and shorter average chains.

Enhanced cache locality. A conventional chained hash table uses
a head array of 8-byte pointers to locate the head of each chain.
Replacing these with 1-byte tiny pointers shrinks the head array by
a factor of eight. This greatly improves the chances that the array
stays in CPU cache—in the best case, the entire head array fits in
cache. Consequently, a higher fraction of head lookups become
cache hits, reducing latency.

Shorter chains. The average chain length is determined by the
ratio of elements to key groups. In traditional designs, enlarging
the head array to add key groups incurs substantial space overhead
and impacts cache efficiency. The minimal footprint of tiny pointers
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essentially eliminates this trade-off. With Chained-TPHT, it is inex-
pensive to size the head array so that A = n/2¢ < 1. Under the stan-
dard Poisson approximation, a successful lookup for a uniformly
random stored key finds its target at the first node in its chain with
probability approximately (1 — e~*)/A, which is at least 1 — e~ ! ~
63.2% when A < 1. A minor limitation is diminishing returns from
further enlarging the head array: while multi-element chains shrink
slowly, a larger array can exceed cache and erode locality.

A remark on the symbiosis between tiny pointers and quotienting.
Part of the reason we can practically use quotienting in Chained-
TPHT is that chained hash tables, a priori, are much easier to
quotient than open-addressed hash tables (which require carefully
managed metadata for quotienting to be possible). Historically, this
compatibility was viewed as essentially pointless, since chaining
pays so much space overhead for pointers. With tiny pointers, how-
ever, we get the best of both worlds—the low metadata overhead
of open addressing with the convenient quotienting of chaining.

5.3 Space Analysis

We now show that Chained-TPHT is nearly space optimal.
Consider the word-RAM model with a word size of w bits
(w = 64 on most contemporary machines). Storing n key-value
pairs verbatim consumes 2n words, or 2nw bits. Yet a hash table
represents only the set of keys without regard to their order.
Assuming all keys are distinct, the number of possible key sets
is (2: ). Any representation therefore requires at least

2
log (

n

w

) ~ n(w—logn) +nloge+o(n)

bits, where the approximation follows from Stirling’s formula. It
holds with approximately 1% error when 1000n < 2. Relative to
the naive nw-bit allocation, the entropy bound saves roughly log n
bits per element.

For Chained-TPHT, putting the pieces together, besides each
w-bit value, each key is stored as a remainder of w — log n bits (its
high-order bits being determined by the bin index via quotienting)
together with one 8-bit tiny pointer; the head array contributes
8n bits and the meta table 16n/127 bits. Accounting for load factor
1 - 6 (empirically § ~ 2%), the total footprint is

n(2w —logn+ 8 +16/127)

+ 8n bits,
1-6

which is nearly optimal relative to the entropy bound while
preserving constant-time operations. We remark that, from a
theoretical perspective, tiny pointers of O(loglog n)-bits support
a dereference table with load factor of 1 — § = (1 — 1/logn) [10].
This means that, in the standard parameter regime of w = O(log n),
Chained-TPHT uses B + O(nloglog n) bits, where B = log (2:) is
the information-theoretically optimal space usage.

Table 1 summarizes the space and operation complexity for com-
pact hash tables. Here, instantiation means the practical structure
that results from adapting the theoretical design in parameters and
structure (e.g., fitting a log log n component into a byte). Notably, at
load factor 1 — §, the insertion (and sometimes query) cost of prior
compact hash tables depends inversely on §, so at near-optimal



space (1+ 0(1))B they incur w(1) or O(log n) operation. Chained-
TPHT, by contrast, achieves both (1 + 0(1))B space and O(1) op-
erations, making it a simple and practical succinct hash table.

Table 1: Asymptotic and instantiation space redundancy over
the approximate information-theoretic optimum n(2w—log n)
in bits and expected operation complexity for compact hash
tables. In this table only, load factor is written as 1/(1 + §)
(elsewhere 1 — ) to keep the formulas compact. Here w =
O(log n). For Chained-TPHT, §* = 0(1), distinct from the § =
O(1) used for the other methods.

Method Space Redundancy Instantiation Redundancy Insert  Query
Chained-TPHT O(nloglogn) 5*(w+8+16/127)n +8n 0(1)
Cleary [23] O(dnlogn) S(w+5)n 0(67%)
Layered [74] O(bnlogn) S(w+3+14/9+0(1)n 0674 o™
Group [48] O(n) (4+1+1)n O(logn) O(1)
Bucket [48] O(nloglogn) (8+1)n O(logn)

6 FLATTENED TINY POINTER HASH TABLE

Flattened-TPHT pushes the speed-space Pareto frontier by trading
some compression headroom for locality: it eliminates chain indi-
rection, flattens collision chains into a cache-friendly layout, and
vectorizes fingerprint comparisons, retaining space efficiency while
matching or exceeding the throughput of strong baselines.

6.1 Flattened-TPHT Design

To minimize memory access latency, Flattened-TPHT employs
a cache-efficient flattened data layout. Specifically the layout is
designed with three goals in mind: eliminating head pointer indirec-
tion, maximizing cache line locality, and flattening collision chains.

Head pointer elimination. Accessing a quotient group in Chained-
TPHT via its base pointer array incurs an extra memory indirection.
In Flattened-TPHT, rather than using a head array, we use a home
array. In the home array, entries are home blocks, which store up
to a fixed number of home tuples, as well as pointers to overflow
tuples. One can think of this as removing the home tuples from
the dereference table and storing them directly in the array. As in
Chained-TPHT’s home array, each home block corresponds to a
quotient g, so that all keys with quotient g can be found in (as a
home tuple) or via (as an overflow tuple) that home block.

Cache line locality. Each aligned 64-byte home block fits into a
cache line. To leave room for metadata and tiny pointers to overflow
tuples alongside up to four home tuples, we shrink each stored key
by quotienting off at least one byte; this requires only /-2 > 8,i.e.,a
reasonable minimum of 2!° inputs. The design improves locality but
costs space in two ways: underfull home blocks leave unused bytes,
and averaging four keys per quotient group means quotienting two
fewer bits than in Chained-TPHT. Sharing one home block across
quotient groups would recover those bits but would require extra
metadata and prevent the chain-flattening optimization below.

Chain flattening. Overflow tuples are not linked as in Chained-
TPHT; instead, their tiny pointers are stored directly in the home
block, so any lookup needs at most one extra cache miss and avoids
pointer chasing. If a quotient group outgrows the home block, one
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resident tuple is migrated to the dereference table and replaced
by a tiny pointer that also references the evicted tuple. With at
least two quotient bytes, four home tuples leave six bytes for three
fingerprint-tiny-pointer pairs, so migration is needed only above
seven tuples per quotient group, which occurs with probability 5.1%
according to a Poisson approximation.

6.2 Vectorized Lookups

We now alter the home-block structure to leverage SIMD on
modern processors.

Our vectorized approach extracts a one-byte fingerprint from
each stored tuple. Each home block stores these fingerprints at
the start of its cache line, one per tuple, including both home and
overflow tuples.

During a lookup, we compare the query’s fingerprint against
all fingerprints in the array using a single SIMD instruction (e.g.,
_mm_cmpeq_epi8). A full key comparison is then performed only
for those tuples whose fingerprints match. This two-phase process
prunes the search space within a home block, sharply reducing key
comparisons and pointer traversals.

An important design consideration is the generation of these
fingerprints. Extracting the fingerprint directly from the key’s re-
mainder (e.g., its most significant byte) would yield many collisions
when keys share high-order bits. Therefore, we enlarge the quotient
by one byte when applying the Feistel permutation in Section 4.1
and truncate the most significant byte for the fingerprint.

6.3 Structure and Operations

The layout of Flattened-TPHT is shown in Figure 4, for cases with
4 home tuples and 3 home tuples (after migration due to overflow).

The layout includes the following components:

e Home array (n/4 cache lines): Array of 64B home blocks.

Each home block entry compacts fingerprints, tiny pointers,
and quotiented key-value pairs together with metadata
consisting of the number of fingerprints and tiny pointers,
and concurrency control information.
Dereference table (~ n/4 slots by Section 6.4). This is un-
changed from Chained-TPHT (Section 5.1), except that each
entry is smaller because an additional byte is quotiented.

The procedure for inserting a tuple (k,v) into Flattened-TPHT is
detailed in Algorithm 3. Query, update, and deletion operations are
similar, using vectorized SIMD instructions to scan fingerprints and
identify candidate entries before performing a full key comparison.

6.4 Failure Rate Analysis

While this flattened design improves cache performance, it intro-
duces two new failure risks. First, each home block has a fixed size
and must accommodate all the data it stores either as home tuples
or as tiny pointers to overflow tuples. Second, the dereference table
must be sized so that it can accommodate all overflow tuples, while
maintaining high space utilization.

While bad events such as home block overflows and dereference-
table exhaustion are possible, our probabilistic analysis verifies
that these events do not occur with high probability across all
workloads. Specifically, we prove that home blocks operate well



Cache line layout: 4 pairs Home array
[ hdr (2B) meta (6B) | Key (6B) | value (8B) [ keylvae | keylvalie | key|value hdr | meta | KV | ..
concurrency (1B) | #fingerprint (3bits) | #tiny pointer (Sbits) | | fingerprint(1B) | ... | tiny pointer (1B)

Dereference table

overflowed new insertion migrates an 5% fps —
extra tuple to dereference table 3x pairs KV
[ hdr2B) meta (20B) | key(B)|value®8) | key|value | key|value | KV Overflowed
concurrency (1B) | #fingerprint (3bits) | #tiny pointer (5bits) | | fngerprint(B) | .. | ... [ ... | tiny pointer (1B) Kv Newly inserted

6% fps

3x tps

Figure 4: Flattened Data Layout of Flattened-TPHT

Algorithm 3 INSERT

Require: home array C, key k = qgre o1y, value v

1

: b h(rg) ® qgre > Target home block index

2 g0 —ro+ 2% 8 1 rg mod 2w 8
3 fp«— h(r)® qll)re > Fingerprint of the key
4: L« C[b]
5: AddFingerprint(L, fp) > Store fingerprint in the home block
6: if HasInCacheSpace(L) then > Case 1: Space for in-cache KV
7: AddInCacheKV(L,r;, v)
8: else if HasPointerSpace(L) then »> Case 2: Space for a tiny pointer
9: e, tp «— Allocate(L.tp.end()); ek «—ry; ev v
10: AddTinyPointer(L, tp)
11: else > Case 3: Evict an in-cache KV to make space
12: peviet geviet  EvictInCacheKV(L)
13: e1, tp; « Allocate(L.tp.end()); ej.k « reVict; e v « o®Vict
14: AddTinyPointer(L, tp;)
15: ey, tpy — Allocate(L.tp.end()); ex.k < ry; ex.v — v
16: AddTinyPointer(L, tpz)

within their capacity limits w.h.p., and the dereference table can be
conservatively sized to handle overflows without risk of exhaustion.

Home block capacity analysis. In particular, if sufficiently many
tuples share a home block, even if they are all overflow tuples,
there won’t be enough space for their tiny pointers. We refer to this
event as a hard overflow. We now show that the probability of a
hard overflow is negligible with a classical balls-and-bins analysis
of n keys (balls) into m = 2/=2 home blocks (bins).

Lemma 3 (Maximum Bin Size [76]). Throw n balls into m bins i.u.d.,
where m/polylog(m) < n < mlogm. Let M be the max load. Then,

M logm (1+0(1)) whp.

< loglog m+log m—logn

Applying this lemma with n keys and m = 2°~2 home blocks, we
establish that the max load on any home block is at most log% (1+
0(1)) w.h.p. For any dataset with fewer than 264 items, this is fewer
than 24 elements. Each home block can hold up to 31 tiny pointers
(considering metadata and fingerprints), so this is well within the

capacity. Therefore, hard overflows are statistically negligible.

Dereference table sizing analysis. Let O denote the number of
overflow tuples in an arbitrary home block. By linearity of expec-
tation, the expected total number of overflow tuples is (n/4)E[O].

If a home block has x tuples, then O = max(0,x — 4 + [x/6]).
The RV. x follows a binomial distribution, x ~ Binomial(n,4/n),
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which we approximate by Poisson(4) [67]. Using the fact that, for
x ~ Poisson(4), we have Pr[X = i] = 4'e™*/i!, we can conclude
that

4le4

i!

[s9]
E[O] ~ Z(i —4+1i/6)) <0.997,
i=5
which corresponds to an expected overflow ratio below 24.9%. This
ratio improves with dataset size; when n > 216 = 65536, this ratio
decreases to less than 20.8%.
We now use the Azuma-Hoeffding inequality to establish
concentration bounds around the expected overflow size.

Claim 4. The overflow size of Flattened-TPHT exhibits strong con-
centration around its expected value w.h.p.

Proor. Let X; be the home block identifier for the i-th tuple,
andlet S = f(Xy,...,Xp) = Z;’:/f O; denote the total overflow size
across all home blocks. Consider the Doob martingale M; = E[S |
Xi,...,X¢] fort =0,...,n Revealing one tuple can change the total
overflow by at most two units, hence the martingale differences are
bounded: |[M; — M;—1| < 2 almost surely. By Azuma-Hoeffding, for
any A > 0,

Choosing A = 2V2nIn n gives a tail at most 1/n. For practical dataset
sizes (e.g., n > 10°), this deviation is below 1% of the dataset size.
Therefore, the dereference table size exhibits strong concentration
O

/12
2n-22

Pr[S -E[S] = )L] < exp(—

around its expectation w.h.p.

Adding up all the space overhead required for fault tolerance,
the space usage of Flattened-TPHT for n tuples with w-bit keys
and values is 2nw + 0.22n(2w — logn)/(1 — 5) bits, where 1 — §
is the load factor of the dereference table. This analysis shows
that Flattened-TPHT provides robust protection against overflow
events while maintaining excellent space efficiency.

7 CONCURRENCY AND RESIZING

7.1 Concurrency

We use a fine-grained optimistic concurrency control protocol for
highly parallel operations. The mechanism uses version numbers to
ensure atomicity and consistency at the quotient-group granularity.
For Flattened-TPHT (Figure 4), the version number is embedded in
the header of each cache line, while for Chained-TPHT it is stored
alongside the head-array pointers.



Specifically, we use sequence locks (seqlocks), a primitive
common in e.g. the Linux kernel [83, 84]. Each group maintains a
monotonically increasing integer version: even indicates no writer,
odd indicates a write in progress. A writer acquires the lock by
on the group atomically incrementing the version (even to odd),
performs its updates, and releases by incrementing again (odd
to even). Readers use optimistic validation: read version vo; if vg
is odd, retry; read the data; read version v1; accept the read only
if v9 = o1, otherwise retry. A similar mechanism applies to the
dereference table, with version numbers on individual bins.

The version counter can wrap around after enough updates,
risking the ABA problem. We use a configurable-width version
counter to balance space and safety. In our experiments, an 8-bit
counter suffices to make wraparound negligible for our workloads.

7.2 Resizing

We also provide a scalable resizing framework for TPHT. However,
resizing is an option that can be enabled for certain applications,
rather than a fallback when allocation failure occurs. Our theory
and experiments (Section 6.4 and 8.6) show that failures occur
extremely rarely at reasonable load factors. As in some prior
hash-table designs, in the case of a failure, the system will return
an error rather than initiating a resize [35, 72].

Our resizing framework avoids stop-the-world stalls through
a key strategy: collaborative, in-flight resizing. Instead of being
blocked, threads accessing a partition during its resize detect the
operation and join as workers. This partition-based approach amor-
tizes growth costs by resizing partitions individually when their
load factor exceeds a tunable threshold. When a resize is triggered,
an initiating thread coordinates the migration by dividing it into
fine-grained strides, which are then collaboratively processed by
the coordinator and any joining threads. This dynamic distribution
of work significantly accelerates the process. The configurable load
threshold and growth factor also enable a direct trade-off between
space efficiency and operation latency.

An additional technique to optimize worst-case space effi-
ciency is staggering. Given a resizing factor c and base capacity
b, we initialize k partitions with different capacities b - i’k for
i = 0,1,...,k — 1. This approach prevents the scenario where
nearly all partitions resize simultaneously, which would result
in significant worst-case unused space. With a doubling resizing
factor and 0.7 resizing threshold, staggering achieves a worst-case
space efficiency of 43.9%, compared to 35.6% for native partitioning.

8 EVALUATION

We evaluate the performance of tiny pointer hash tables, Chained-
TPHT and Flattened-TPHT, against state-of-the-art general hash
tables, Cuckoo [35], IcebergHT [72], Junction [75], and TBB [41],
as well as strong compact hash tables, Compact Bucketing [48],
Cleary [23], and Layered [74]. libcuckoo implements classical
cuckoo hashing with high-performance concurrency control. Ice-
bergHT is a cache-aware hash table that leverages the recent iceberg
hashing lemma for improved performance and memory efficiency.
Junction provides an efficient implementation of canonical linear
probing. TBB is a production separate-chaining hash table from
Intel TBB. We chose these to cover the major families: separate
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chaining (TBB), cuckoo (Cuckoo), linear probing (Junction), and
cache-aware design (IcebergHT). For compact hash tables, Bucket
and Group are bucketing variants, ClearyP!@i" yses bidirectional
linear probing, Layered? lain 15145 layered design upon linear prob-
ing, and Cleary*P"S¢ and Layered®*’%"€ are sparse variants.

Our evaluation addresses the following key questions:

(1) Do TPHTs deliver leading throughput against the baselines?
(Section 8.2)

(2) Where do they sit on the speed-space Pareto frontier:
how much memory is saved at equal throughput, and
what throughput is retained at fixed space efficiency?
(Section 8.3)

(3) How does the performance and space usage of Chained-
TPHT compare to prior compact hash tables? (Section 8.3.1)

(4) How robust is their performance under scale—with increas-
ing dataset size and thread count? (Section 8.4)

(5) How effective is our resizing scheme? Does it avoid blocking
the world during resizing? (Section 8.5)

(6) Do the core primitives meet their theoretical promises: high
dereference-table load factors without failures and near-
Poisson occupancy from the hash family under diverse key
distributions? (Section 8.6, Section 8.7)

8.1 Experimental Setup

Environment. All experiments were conducted on a single-socket
x86_64 server running Linux kernel 5.15.0-151-generic. The ma-
chine is equipped with an Intel Xeon Silver 4314 CPU (16 cores, 32
threads; 2.40 GHz base, up to 3.40 GHz) and 128 GiB of RAM, with
a 24 MiB shared L3 cache and a single NUMA node.

Datasets. Following previous work [22, 72], we use the hash-table
variant of YCSB [25, 90] to evaluate the real-world performance
of the proposed hash tables. YCSB proceeds in two phases: a load
phase consisting of inserts and a run phase consisting of a mix of
positive reads and inserts. Following prior work, we use run phases
A, B, and C, which consist of 50% reads/50% inserts, 90% reads/10%
inserts and 100% reads, respectively. We also define phases A, B,
and C~, which mirror A, B, and C but use negative rather than
positive queries, and phase X, which performs deletions. In the load
phase, we insert 64M tuples into the hash table. In the run phases
A, A7,B, and B™, we insert the same number of tuples and change
the number of queries accordingly. For C, C™, we query 64M tuples,
and for X, we delete 64M tuples. We also run microbenchmarks
over a dataset consisting of uniformly distributed keys.

Scope. We evaluate all hash tables with 64b keys and 64b values.
Our benchmarks do not include duplicate keys.

8.2 YCSB

To measure overall performance, we run YCSB with 16 threads. We
initialize all tables with similar initial capacity (except TBB, which
allocates lazily) and terminate at 70% space efficiency (50% for Run
X), defined as the ratio of the inserted key-value payload size to

®Duplicate-key support is compatible with TPHT designs. Chained-TPHT requires
no modification to support duplicate keys, since the hash table key is distinct from
the identifier used for tiny-pointer dereference. Flattened-TPHT can be extended to
support duplicate keys with light structural changes.
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Figure 5: Performance of hash tables on YCSB workloads with 16 threads. (Throughput is Million ops/second).
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Figure 6: Throughput-space efficiency tradeoff across insertion and query workloads. Each curve shows how throughput and
space efficiency vary with load factor, with rightmost points indicating maximum achievable space efficiency.

the total allocated memory footprint. The throughput is shown in
Figure 5.

Flattened-TPHT has the highest average throughput with
226.9 M ops/s for load phase and 310.4 M ops/s for run phases,
which is 1.84 x and 1.94 X of the fastest baseline, respectively.
Chained-TPHT maintains competitive performance: 99.5 M ops/s
load phase and 153 M ops/s run phase, which are 80.9% and 95.7%
of the fastest baseline, respectively.

Cuckoo maintains balanced performance across all workloads
(116.7 M ops/s load phase, 126.3 M ops/s run phase). This stems
from the cuckoo design: each key corresponds to two locations,
and probes at most two cachelines per query, leading to predictable
access patterns regardless of workload mix. IcebergHT uses a front
yard/backyard design from recent theory literature [9]. The finger-
print layer of IcebergHT brings both pros and cons: it adds an extra
level of indirection, but also allows for filtering out non-matching
keys early. Its run-phase throughput is 26.6% higher than Cuckoo.
Junction is a linear probing hash table with strong positive query
performance, 293.9 M ops/s throughput on Run C, but its compli-
cated concurrency control mechanism for insertions as well as the
global load monitoring mechanism leads to contention and poor
performance on insertion and mixed workloads. TBB maintains
stable but lower throughput compared to other baselines. This
likely stems from its separate-chaining design, which provides less
cache locality, and RAII accessors that hold locks for the duration
of access. We note that TBB lacks support for safe multi-threaded
deletions, so there are no results for Run X.

8.3 Speed/Space Tradeoff

We define space efficiency as the ratio of the raw key-value
payload size to the maximum allocated memory footprint during
execution. Initializing each hash table’s capacity to 16M tuples and

inserting data in 5% increments, we record the memory footprint
until reaching 99% capacity or a failure or resizing occurs. We pin
to one physical core to ensure stable throughput and memory foot-
print measurements. Figures 6a, 6b, and 6¢ show the throughput
for insertion, positive query, and negative query, respectively.

Chained-TPHT demonstrates the highest space efficiency of
105.4%, reducing memory usage by 22.5% to 69.3% compared with
non-tiny-pointer-based baselines. Flattened-TPHT achieves the
second-highest space efficiency, 83.4%, and at 50% space efficiency
is 30.4% faster on insertion and 24.1% faster on negative query than
the best baseline; the advantage grows above 50% space efficiency. It
has the second highest positive query at 50% space efficiency, 88.5%
of the best baseline, and becomes the fastest when space efficiency is
above 70%. Junction (linear probing) excels at low load: at a 0.05 load
factor it achieves 1.4x Flattened-TPHT’s positive-query throughput.
Its performance, however, drops sharply—by 48.3%—as the load
factor rises to 0.7. For comparison, Chained-TPHT, Flattened-TPHT,
and Cuckoo drop by 35.3%, 19.8%, and 24.8%, respectively, whereas
IcebergHT remains flatter with only 3.9% decline. This stems from
IcebergHT’s small fallback backyard, which becomes increasingly
cache-friendly as fallbacks accumulate, partially offsetting other
overheads. With TBB, insertion and negative-query throughput
increases as more data are loaded. TBB allocates buckets lazily
upon first pointer dereference; loading more data forces allocation
of more initial buckets, which raises throughput.

8.3.1 Comparison with compact hash tables. In Figure 7, we
conduct the same experiments as Section 8.3 with compact hash
tables. Unless a specific operation is indicated, reported throughput
is averaged over all data points and operations (insert, query).
Bucketing methods (Bucket and Group) [48] use frequent bucket
reallocations to maintain high space efficiency (up to 110.3%). How-
ever, this results in very slow insertions (Chained-TPHT is 9.8x
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Figure 8: Performance scaling analysis for hash tables with increasing dataset size, single-threaded.

faster). Clearypl“i" [23] uses bidirectional linear probing and uses
an extra displacement field for each slot to recover the key hash. It
achieves high space efficiency (114.7%), but still lower throughput
than Chained-TPHT (by 62.5%). Using Cleary*??"S€ with its sparse
layout does not improve either space efficiency or performance.
Layered?!@i" [74] uses a similar linear probing strategy and stores
displacement information across multiple levels. However, its
space efficiency is 90.1%, which means its natural comparison
point is Flattened-TPHT rather than Chained-TPHT, and Flattened-
TPHT has 2.44x its throughput. Layered*?%"¢ with sparse layout
sacrifices 64.1% throughput for an 8.5% gain in space efficiency.

8.4 Scalability

8.4.1 Scaling with dataset size. Figure 8 shows single-threaded
throughput across dataset sizes from 2'! to 227 on a uniformly dis-
tributed microbenchmark. When the dataset fits entirely in L1 cache
(2! entries), Flattened-TPHT and Chained-TPHT achieve average
throughputs of 43 and 36.9 M ops/s across all operations—1.19x and
1.02X the best baseline, respectively. In particular, Chained-TPHT
dominates negative queries at 75.3 M ops/s, as its compact head
array keeps lookups L1-resident. As the dataset grows beyond
cache capacity, throughput decreases across all systems (except for
the cold start points); Flattened-TPHT sustains its lead even at the
largest scale, averaging 19.1 M ops/s at 2 GiB—1.11x the best base-
line. However, Junction’s deletion outperforms all other systems
here because a linear probing table treats deletions similarly to
positive queries, and since this workload is a single deletion pass,
the tombstone mechanism is not stressed.

8.4.2 Scaling with threads. We evaluate scalability with 1-16
threads on a microbenchmark with 64M keys. Most hash tables
exhibit nearly linear scaling behavior across all four operation
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types. Specifically, the scaling ratios for Chained-TPHT and
Flattened-TPHT are 0.908 and 0.925, respectively.

8.5 Resizing

8.5.1 Throughput. Figure 9 analyzes the efficacy of our resizing
scheme from Section 7.2. Unlike Section 8.2, each hash table resizes
once during the load phase and once during the run phase (when
insertion operations are present). Flattened-TPHT achieves 245M
ops/s average throughput, fastest among all methods. However,
TPHTS’ resizing work is charged to insertion operations, the load
phase throughput decreases by 76.2% compared to non-resizing
tests (Section 8.2). On the contrary, IcebergHT exhibits the smallest
performance degradation, with a 35.9% throughput decrease due
to its proprietary in-place resizing optimization.

8.5.2  Progressive resizing throughput. Figure 10 shows the through-
put on 100 consecutive tumbling windows over multiple resizings.
For Flattened-TPHT, throughput drops by 27.4% from immediately
after a resize to just before the next resize (after further inserts).
Chained-TPHT’s throughput tends to be more stable, consistent
with evaluation in Section 8.3. IcebergHT’s low-performance period
is prolonged as dataset grows, which we attribute to its progressive
resizing strategy. Moreover, despite the appearance in the figure,
staggered resizing in Chained-TPHT affects overall throughput by
less than 10%. Meanwhile, with resizing enabled under YCSB Run
A, the 99th-percentile insertion latency of Flattened-TPHT and
Chained-TPHT is 541 ns and 778 ns, respectively—nearly an order
of magnitude below competitors (e.g., Cuckoo at 2.7 ps).

8.5.3 Memory footprint. We initialize the hash tables with 224 ca-
pacity and set the double-sizing resizing threshold to 0.7 (except for
Cuckoo, which resizes when insertion fails). Then we continuously
insert 0.6 x 227 tuples and show the memory footprint (VmHWM)
of the hash tables during the whole resizing process in Figure 11.
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Figure 9: Performance of hash tables on
YCSB workloads with 16 threads (resizing
enabled).

Attributed to the staggering technique in Section 7.2, the footprint
of Chained-TPHT grows steadily rather than in large steps, unlike
the other baselines. On the other hand, although Flattened-TPHT
doesn’t use staggering, it still has a small memory footprint because
of its compact design. Chained-TPHT’s worst-case space efficiency
with staggering is 46.7%, while IcebergHT with the best worst-case
space efficiency among baselines is only 32.6%.

8.6 Dereference Table Capacity

In order to show that the dereference table implementation (Sec-
tion 3.2) can support high load factors under a sustained workload,
we instantiate dereference tables with different bin size and perform
sequences of operations. We either perform random insertions
until allocation failure or alternating random insertions and dele-
tions (100x the table capacity) at a fixed load factor. The results
are shown in Figure 12. As expected, the supported load factor
increases with larger bin sizes. When the bin size reaches 27 — 1, the
dereference table supports 8-bit tiny pointers at load factors 98.2%
and 95% for insertion-only and alternating workloads, respectively.

= Random
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—— With Deletion
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= Low Hamming == High Hamming
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Figure 12: Load factor sup- Figure 13: Bin occupancy
ported by dereference tables compared with smoothed
(Section 3.2). Poisson (1 = 1).

8.7 Hash Function Analysis

To evaluate the quality of the hash function family designed in
Section 4.1, we examine the relative frequency of bin occupancy.
We use random keys, sequential keys, low Hamming weight keys,
or high Hamming weight keys, and hash 64 M keys to 64 M bins
100 times. The results are shown in Figure 13.

Compared with the Poisson distribution (A = 1), the random,
low and high Hamming weight keys all closely approximate the
Poisson distribution, as expected. Sequential keys on the other
hand are completely evenly distributed, which is also as expected.
It demonstrates lack of independence, and the negative association
of this dependence (see Section 4.1). Thus though the hash function

Figure 10: Sliding window insertion
throughput across windows. The dashed
line indicates staggering enabled.
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Figure 11: Memory usage during resizing.
The dashed line indicates staggering en-
abled.

is not independent, it is only dependent in that keys have better
than random spread.

9 RELATED WORK

Practical hash tables. A long line of work targets the latency-
space tradeoff with open-addressing variants [19, 22, 43, 45, 63,
64, 89] and hardware-aware implementations using SIMD, FPGAs,
GPUs, PMEM, cache-line layouts, and prefetching [2, 17, 26, 29,
38, 39, 42, 44, 49, 53, 54, 60, 62, 70, 86, 88, 93]. These designs still
pay pointer overheads or per-entry metadata; TPHT removes both
with tiny pointers and quotienting while keeping operations cache-
friendly. Hash tables in this style underpin key-value stores [21, 55,
56], caches [30, 65], and joins [57, 82].

Theory-adjacent work. Closer to our techniques, theoretical re-
sults on succinct dictionaries and perfect hashing [8, 12, 27, 77],
open addressing [13, 31], quotient-based filters [28, 73], balls-into-
bins and balanced allocations [52, 58, 76], and history indepen-
dence [5, 15, 69] approach the information-theoretic optimum but
typically rely on multi-level structures considered impractical [16,
33]. Chained-TPHT instantiates these ideas as a simple, practical
succinct hash table; Flattened-TPHT carries them into an open-
addressing layout tuned for modern hardware.

10 CONCLUSION

We introduced Tiny Pointer Hash Tables, showing that tiny
pointers and key quotienting—two ideas from theory—can be
engineered into systems-ready hash tables. Chained-TPHT pri-
oritizes memory use and is, to our knowledge, the first practical
succinct hash table. Flattened-TPHT prioritizes latency, placing
the common case within a single cache miss and achieving 83.4%
space efficiency with up to 89.3% higher throughput than strong
baselines. Together, these advances move the latency-space Pareto
frontier forward for hash tables. Beyond raw numbers, TPHT
supports deletions, online resizing without global pauses, and clean
integration with 64-bit keys/values—making the approach directly
usable in systems. In future work, we see opportunities to adapt the
tiny-pointer/dereference-table machinery to other pointer-heavy
data structures and to explore adaptive quotienting and layout
choices for different workloads.
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