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Key-value stores in Cloud environments can contain more than 245 unique elements and be larger than 100
PByte. B+-Trees are well suited for these larger-than-memory datasets and seamlessly index data stored on
thousands of secondary storage devices. Unfortunately, it is often uneconomical to even store all inner tree
nodes in memory for these dataset sizes. Therefore, lookup performance is affected by the additional IOs for
reading inner nodes.

This number of inner nodes can be reduced by increasing the size of leaf nodes. We propose HLN-Trees,
which support huge leaf nodes without increasing the IO sizes for individual index operations. They partition
leaf nodes in arrays of independent subnodes and combine ideas from BD-trees with rebalancing, learning
key deviations, and storing locality predictors. HLN-Trees have been initially designed for uniform random
key distributions and support arbitrary key distributions through an additional layer of hashing in leaf nodes.
HLN-Trees decrease the number of inner nodes by up to 256× for uniform random key distributions and
by 16× to 64× for arbitrary ones compared to B+-Trees, while keeping their performance at the same level
even at high concurrency levels. We show analytically and through real-world and synthetic benchmarks
that HLN-Trees also outperform state-of-the-art learned indexes for secondary storage.
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1 Introduction

Academic discoveries and innovations in industry are increasingly based on analyzing huge
datasets. Accessing specific elements in these datasets requires indexes that can efficiently and
unambiguously find previously stored elements. Designing indexes involves several tradeoffs, and
their optimization criteria are application dependent. Following, we will optimize ultra-large in-
dexes, where it is only possible to keep a very small fraction of the index in memory, as already
storing pointers to data elements exceeds the available memory. Insert and lookup performance
are then limited by the number of accesses to secondary storage devices, whereas walking the
in-memory part of the index plays a minor role [2, 3, 26, 51].

B+-Trees can operate as hybrid in-memory and on-disk data structures and are often used to
index larger-than-memory datasets because they efficiently support point and range queries [5].
The node size b of a B+-Tree is a multiple of a disk block, so nodes can easily persist. B+-Trees
can store either fixed-size or variable-size keys and values, and they ensure for every node except
for the root node that it is at least half full. B+-Trees have a height that is logarithmic in the
number of elements stored in the tree. The leaf node size influences the memory requirements and
performance of a B+-Tree. Huge leaf nodes lead to fewer inner nodes, whereas smaller nodes can
be read and updated faster.

Our work increases the leaf node size of B+-Trees and was initially motivated by two scale-out
Cloud applications that generate keys following a uniform random distribution1 with limited
access locality. The first use case is a Cloud backup environment that coordinates backups
between clients to simplify server-side data deduplication [22]. Each client inserts new chunks
during a backup run in the order of the chunks’ fingerprints. The server can then reduce the
number of lookup IOs by batching fingerprint lookups using range scans. Additional point queries
are required when reconstructing backups and when reading data blocks that cannot be resolved
by some form of locality caching [37, 52]. The second use case is an object store that assigns the
most significant bits of an object id based on domains and that picks less significant bits randomly
to overcome costly coordination between servers (see, e.g., Seagate Motr [38]). Range scans are
required to collect information based on administrative domains. The index then stores the object
IDs and tuples that define the corresponding object storage devices (OSDs) and locations on
the OSDs.

The backend indexes of both applications can scale beyond 245 elements, and the potentially
huge number of tenants makes their design very cost sensitive. A B+-Tree indexing an object store
with 245 elements and a key and pointer size of 64 bits, e.g., requires 6.3 TByte of memory to store its
inner nodes when using 4 kB leaf nodes. For these scale-out scenarios, it is therefore uneconomical
to store all inner nodes in memory for standard leaf node sizes, so lookup performance is typically
degraded by additional IOs to inner nodes. However, memory requirements to store all inner nodes
can be reduced to 395 GB for 64 kB leaf nodes and less than 24 GB for 1 MB leaf nodes, allowing all
inner nodes to be stored in memory and increasing performance by requiring fewer I/O operations.

1The probability of a key being generated as the next key for a uniform random key distribution is the same for every
possible key from the key space.
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Fig. 1. YCSB C throughput for different leaf nodes.

Figure 1 shows the impact of caching inner nodes on lookup performance for a uniform at
random key distribution. B+-Tree unlimited has a leaf node size of 4 kB, an unlimited cache size
for inner nodes, and a very small cache for leaf nodes. Lookups typically induce only a single 4 kB
leaf node access, which is the minimum number of IOs possible in this setting. B+-Tree limited with
the same leaf node size is memory limited and can only cache 1/16th of all inner nodes, leading to
two SSD accesses per lookup in most cases, and reducing throughput by 46%. Increasing the size
of leaf nodes to 64 kB and then again caching all inner nodes for B+-Tree unlimited 64k further
decreases the throughput to one-fourth of the best possible performance, as the IO sizes for loading
leaf nodes also increase by a factor of 16.

This article presents a new concurrent B+-Tree design for fixed-size key–value (kv) pairs called
Huge Leaf Node Tree (HLN-Tree), which combines the performance of small leaf nodes with the
memory efficiency of huge ones. HLN-Tree is optimized for hybrid storage, allowing the tree to
cache all inner nodes in memory by significantly reducing their number, while storing most leaf
nodes on SSDs. The main advantage of HLN-Trees over B+-Trees is therefore that they can either
reduce the IO amplification for lookups, since they do not need to load any inner nodes from
backend storage, or they can significantly reduce the cost of the memory required to cache all
inner nodes. In addition, HLN-Trees retain (almost) all of the other properties of B+-Trees.

HLN-Trees divide large leaf nodes into equally sized arrays of smaller subnodes. This is similar
to the Bounded Disorder Access Method (BD-Trees) [28, 30] that assigns the same key address range
to each of its subnodes. The main drawback of BD-Trees is their storage utilization, which can be
as low as 45% and negatively correlates with the number of subnodes and the size of kv pairs (see
[4] and Section 4.2). The benefits from needing less main memory are therefore nullified by higher
storage costs for BD-Trees.

HLN-Trees overcome the drawbacks of BD-Trees by rebalancing leaf nodes in case of full sub-
nodes. They learn key range deviations between subnodes and store them as locality predictors
called hints inside the last level of inner nodes. An inner node can then guess the correct subnode in
a leaf node. Depending on the number of hint bits, the hit rate of guessing the correct subnode can
be higher than 99%, whereas a miss simply involves an additional IO. HLN-Trees directly support
fixed-size kv pairs and uniform random key distributions and are well suited for our deduplication
and object storage workloads. HLN-Trees therefore trade some IO operations for reorganizing the
tree and updating the hint mechanism to reduce the memory size of inner nodes.

Figure 1 shows that HLN-Tree using 64 kB leaf nodes achieves 99.3% of the performance of an
unlimited B+-Tree with small leaf nodes, while only requiring an inner node cache size that is equal
to a B+-Tree with 64 kB leaf nodes. HLN-Trees are slightly faster than BD-Trees at much lower
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storage costs. HLN-Tree leaf nodes can even be scaled up to 1 MB without negative performance
impact.

Our evaluation in Section 4 shows that HLN-Trees work very well for the uniform random
key distribution of our target application areas. However, the evaluation also shows that they
are sensitive to skewed key distributions that are dominant in many other real-world applica-
tions. We have therefore extended possible application domains for HLN-Trees by introducing
HLNF NV -Trees, which support arbitrary key distributions by an additional hashing layer inside
leaf nodes. HLNF NV -Trees efficiently support leaf node sizes of 64 kB to 256 kB, depending on
the requirements on range-scan throughput.

HLN-Trees are related to learned indexes, as both learn properties of the key distribution and
aim to decrease the index size [10, 12]. Learned indexes allow a prediction error of up to ϵ entries,
whereas their size decreases by 1/ϵ2 [11]. We show that HLN-Trees can be significantly smaller
than learned indexes for secondary storage. The comparison is based on an analytical evaluation
and a direct comparison with the performance and storage consumption of Treeline, a learned
index for secondary storage [46].

The main contribution of this article is the design and analysis of HLN-Trees, which significantly
improve BD-Trees by rebalancing and learning to provide an index structure that is memory
and storage efficient. HLN-Trees efficiently scale leaf node sizes up to 1 MB for uniform random
key distributions and achieve a performance very close to B+-Trees with 4 kB leaf nodes and
unlimited inner node caches. For arbitrary key distributions, HLN-Trees decrease the number of
inner nodes by 16× to 64×, depending on the required range-scan performance. The article shows
the surprising result that HLN-Trees can be even more memory efficient and faster than dedicated
learned indexes for secondary storage.

The remainder of the article starts with the HLN-Tree design in Section 2 and its implementation
in Section 3. The evaluation in Section 4 compares HLN-Trees with standard B+-Trees, BD-Trees,
TreeLine, RocksDB, and learned indexes in general. Related work is discussed in Section 5 and a
conclusion is provided in Section 6.

2 HLN-Tree Architecture

This section describes the HLN-Tree design. Splitting huge leaf nodes into subnodes is based on
BD-Trees (Section 2.1). HLN-Trees use rebalancing to handle overflowing subnodes (Section 2.2).
Hinting learns the resulting access deviations to keep the number of accesses per lookup very close
to one (Section 2.3). Stash nodes additionally help to keep storage utilization high (Section 2.4).
HLN-Tree was originally designed for uniform random key distributions, while arbitrary key dis-
tributions are supported by additional hashing inside the leaf nodes (Section 2.5).

We assume in the following that each leaf node occupies n disk blocks of size 4 kB and that
each leaf node can store up to m fixed-size entries. We discuss huge leaf nodes w.l.o.g. for n = 16
and 8 byte keys and 8 byte values, so that the subnode header and 255 kv pairs fit into a subnode
and up to 4, 080 kv entries fit into a leaf node. We also assume that inner nodes of BD-Trees and
HLN-Trees are managed identically to inner nodes of B+-Trees. The lookup() function for a key
in the inner nodes of BD-Trees and HLN-Trees is therefore also identical to standard B+-Tree
lookups.

2.1 BD-Trees—The Bounded Disorder Access Method

The ability to increase the leaf node size of standard B+-Trees is limited by their node layout. A
B+-Tree leaf node stores as its first entry a header including its node id and the number of stored
elements. The header is followed by a list of tuples consisting of p ≤ m kv pairs (see Figure 2(a)).
These tuples are sorted according to their keys so that it is possible to use binary search to find
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Fig. 2. 64 kB B+-Tree, BD-Tree, and HLN-Tree leaf node layouts when storing p elements.

a kv pair in at most O(log2 p) accesses. The drawback of this design is that many entries must be
moved for each insert, leading to an increased write amplification. Bigger leaf nodes also lead to
an increased read amplification, because each leaf node lookup has to load the complete leaf node
from disk (different layouts are possible with similar drawbacks).

BD-Trees increase the size of leaf nodes and partition them into equal-sized arrays of n sub-
nodes each [28, 30], where each subnode occupies one disk block.2 A subnode is managed mostly
independently and includes its own header that stores its number of elements, the leaf node id,
and the subnode id. Compared to a B+-Tree with a leaf node size equal to the subnode size, these
additional headers are not decreasing storage efficiency.

Indexing into the subnode array is an integer division of the key relative to the beginning of
the array divided by the leaf node range. A BD-Tree node i therefore assigns the same key range
(keymax

i
−keymin

i
)

n
to each subnode, where keymin

i is the minimum key and keymax
i the maximum

key stored in leaf node i . After locating the correct leaf node, lookup() computes Equation (1) to
uniquely identify the subnode j for a key and then searches for the key inside this subnode:

j = �n ·
(
key − keymin

i

)
/
(
keymax

i − keymin
i

)
� . (1)

In this section, we assume that keys stored in leaf nodes follow a uniform random distribution.
We will lift this requirement later. Random distributions do not perfectly balance the load, and some
subnodes receive more keys than others. It holds for the maximum number of keys M assigned to
one subnode with high probability [41]:

M >
m

n
+

√
2 ·

m

n
logn. (2)

Computing Equation (2) for n = 16 subnodes and up to 4,080 kv pairs per leaf node results in a
maximum filled subnode that must store at least

M >
4, 080

16
+

√
2 ·

4, 080

16
log 16 ≈ 300

entries, which do not fit into it. BD-Trees therefore introduce overflow subnodes to store kv pairs
that do not fit into their assigned subnodes, to delay the time before a node needs to be split. A kv
pair is stored either in the subnode assigned by Equation (1) or in the overflow node, and BD-Tree
lookups need at most two IOs to find it [30].

2It is in principle possible for a subnode to be larger than a single disk block. However, this would increase the read and
write amplification of BD-Trees, so we do not consider such settings in the following.
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Fig. 3. Keys inside subnodes before and after rebalancing.

Perfect load balancing would ensure that M ≤ �m
n
�. In this case, each node would receive the

same number of elements ±1. The absolute deviation from this optimum is given by the term√
2 · m

n
logn, and we define the relative deviation δ as

δ >

√
2 · m

n
logn

m/n
=

√
2 · logn√
m/n

=

√
2 ·

n

m
· logn. (3)

The relative load deviation δ calculates the fraction of additional kv pairs relative to a perfectly
balanced load that must be stored in the most heavily loaded subnode of a leaf node. Equation (3)
shows that δ increases for smaller m and therefore for larger kv pairs. For fixed-size kv pairs,
the pressure on the most fully loaded node also increases with more subnodes n. In this case,
each subnode can store up to a constant number of elements cmax , and it follows that, for a fully

loaded leaf node, m = cmax · n. In this case, Equation (3) resolves to δ =
√

2 ·
log n

cmax

, which grows

in n.
BD-Trees therefore work well for small n and huge m. However, Equation (3) reveals that the

relative load deviation increases for bigger kv pairs and that the pressure on the overflow subnode
also increases for more subnodes n. Finally, the number of overflow subnodes cannot be increased
without introducing additional IOs. BD-Trees therefore only work in very restricted settings (see
Section 4.2).

2.2 Rebalancing Subnodes and Its Impact on Lookups

HLN-Tree introduces a rebalancing mechanism that allows storing more elements inside subnodes
before splitting a leaf node and that can be conceptually compared with rehashing operations in
hash maps (see, e.g., [29]). Rebalancing is triggered when a subnode becomes full after inserting
a new kv pair. Rebalancing first loads all subnodes into memory. It then evenly redistributes their
entries over all subnodes if the number of entries is below a rebalancing threshold. Otherwise, the
leaf node is split. Following, this rebalancing threshold is given as a percentage of the maximum
leaf node fill grade.

Figure 3 shows an example distribution of the keys assigned to each subnode before and after
rebalancing. In this example Subnode 2 stores 255 entries after an insert() and triggers rebalanc-
ing, while some subnodes still have up to 50 empty slots. After rebalancing, the difference in fill
levels is bounded by one.

Rebalancing introduces new challenges. First, the operation is expensive because all the
subnodes that make up a leaf node must be read from and written to storage. We will show in
Section 4.6 that this number of additional IOs remains small as long as the rebalancing threshold
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Table 1. Example Key Range Distribution after Rebalancing

Id Range Id Range Id Range Id Range

0 0.0688 4 0.0632 8 0.0663 12 0.0610
1 0.0560 5 0.0674 9 0.0664 13 0.0586
2 0.0692 6 0.0556 10 0.0570 14 0.0616
3 0.0649 7 0.0635 11 0.0600 15 0.0605

ALGORITHM 1: Lookup inside a leaf node

1: procedure lookup(key,keymin ,keymax )
2: subNode = guessSubNode (key,keymin ,keymax )

3: subNode = checkSubNode (key, subNode)
4: pos = findKeyPos (key, subNode)
5: return (subNode,pos)

is less than 99% for small kv pairs, while we need to adjust it and introduce additional techniques
for larger kv pairs.

Second, calculating the subnode belonging to a key according to Equation (1) can now predict a
subnode that does not store the sought key. Equation (1) assumes that each subnode is responsible
for 1/n of the key range assigned to a leaf node, which is 0.0625 for the example of 16 subnodes.
Table 1 shows the key ranges for different subnodes after a rebalancing step and that these key
ranges may differ from the assigned fraction of the key space.

Lookups therefore can only use Equation (1) to make an educated guess about the correct
subnode for a key, and the corresponding function call is denoted as guessSubNode() (see
Algorithm 1). checkSubNode() then loads the guessed subnode into memory and checks whether
the sought key is part of it by checking its minimum and maximum keys. If this is the case,
checkSubNode() simply returns the subnode id. Otherwise, it loads the subnode left or right
of the current subnode, depending on whether the sought key is smaller or larger than the key
range of this subnode. The function continues to load additional subnodes until the correct one
is found. Afterward, the call to findKeyPos() either returns the key position in the subnode
or returns the position of the next bigger key. If the key is bigger than the biggest key stored
in the subnode, findKeyPos() returns the number of elements currently being stored in the
subnode.

The lookup() function needs to know the left and right key boundaries of a leaf node in order to
call guessSubNode(). These boundaries cannot be inferred by loading the leaf node into memory,
as this would immediately trigger two costly IOs to load the first and last subnode of the leaf node.
However, the right boundary of the leaf node is stored in the leaf node description of its inner
node,3 while the left boundary can mostly be derived from the previous element in the inner node.
Only the left boundary of the first element stored in an inner node must be derived by a recursive
call to ancestor nodes, which does not trigger IOs since all inner nodes are cached.
lookup() is the foundation for insert(), batch_insert(), update(), and scan(). scan(),

e.g., calls lookup() to find the subnode storing the first key that is greater than or equal to the
searched start key and then iterates through the subnodes of a leaf (and its neighbors if necessary)
until the required number of elements has been collected. Batch inserts accept a sorted batch of kv
pairs. The difference between insert() and batch_insert() is that batch_insert() only writes

3Some B+-Tree implementations do not store the right boundary of the rightmost element of an inner node since it is not
required to select the correct key destination.
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Fig. 4. Hint calculation.

ALGORITHM 2: Calculate Locality Predictors for Leaf Node

1: procedure calcHint(id)
2: ranдe = keymax

id
− keymin

id
3: hintSum = 0; i = 0
4: while (i < n) do

5: rb = (keymax
id

(i) − keymin
id

)/ranдe

6: erb = (i + 1)/n
7: Δ = ‖(erb + hintSum − rb)‖ + δ
8: steps =min(Δ/stepSize, stepsMax)
9: if (erb + hintSum < rb) then

10: hint[i] = +steps
11: else

12: hint[i] = −steps
13: hintSum = hintSum + hint[i] ∗ stepSize
14: i = i + 1

back a leaf node to persistent storage if the next kv pair in the batch is for the next leaf node or if
the last kv pair has been inserted. A batch can span multiple target leaf nodes.

HLN-Tree aims to reduce the number of IOs. The function guessSubNode() does not induce IOs,
while checkSubNode() must load at least this guessed subnode and additional ones if the initial
guess has been wrong. Section 4 will show that these additional IOs can almost always be limited
to a single IO. However, an additional IO per read would already double the number of IOs for a
lookup, so in the following we introduce locality predictors to help learn the key distribution and
store them as hints in inner nodes.

2.3 Hinting Mechanism

Our locality predictors (or short hints) learn the deviation of the current key distribution from
a perfectly even one at the start positions of subnodes to minimize additional IOs within
checkSubNode(). Current learned indexes, on the other hand, also guarantee an error bound for
keys stored in the middle of a subnode. This additional error bound of learned indexes does not
improve performance in our setting, where performance is dominated by the number of IOs.

Key ranges change slightly when a key is inserted at the end of a subnode, while significant
changes only occur during rebalancing or split operations. The deviation of each subnode from
the even distribution can then be computed without additional IOs, since the entire leaf node must
be loaded for these operations anyway. Therefore, we only recompute hints after rebalancing or
split operations.

Algorithm 2 describes the hint computation for a leaf node id , and we use Figure 4 to explain
its different steps based on subnode 10 out of 16. We greedily compute a hint[i] for each subnode
i in a while loop starting with the first subnode. The right boundary rb of subnode i is calculated
by projecting its maximum key keymax

id
(i) onto the [0, 1)-interval (line 5) by dividing it by the leaf

ACM Trans. Storage, Vol. 21, No. 2, Article 00. Publication date: January 2025.
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ALGORITHM 3: Guess Subnode Id Using Hints

1: procedure guessSubNode(key,keymin ,keymax ,hint )
2: ranдe = keymax

id
− keymin

id

3: tarдet = (key − keymin
id

)/ranдe

4: hintSum = 0
5: i = 0
6: while (i < (n − 1)) do

7: hintSum = hintSum + hint[i] ∗ stepSize
8: erb = (i + 1)/n
9: if (erb + hintSum > tarдet) then

10: return i
11: i = i + 1
12: return i

node ranдe = keymax
id

− keymin
id

(line 2). In our example, rb is 0.637. The expected right boundary
for a subnode is defined by Equation (1) as erb = (i + 1)/n (line 6), which is 0.625 in Figure 4.

Each hint is a l-bit value, and these values are evenly assigned to the range between −hintmax

and +hintmax . hintmax can be set automatically based on Equation (2). For example, for 16-byte
kv pairs, hintmax is approximately 20% of the expected subnode key range, which is 0.0125 in our
example. The step size between two hint values depends on l and is set to hintmax/(2(l−1) − 1).

The difference between rb and erb is matched by the previous hintSum =
∑i−1

j=0 hint[j] · stepSize
and hint[i] ·stepSize . We will see in the evaluation that the required for-loop to compute the differ-
ence between rb and erb slightly increases the latency for lookup requests. However, if we would
simply store the difference between rb and erb for each subnode, then it would not be possible to
bound hintmax based on Equation (2), since differences can add up over multiple subnodes, and
we would need more hint bits l .

We slightly overshoot the required Δ in line 7 of the algorithm by δ = stepSize/2, again to
account for the restricted precision of hint values. Finally, hint[i] is calculated as the minimum of
the number of steps required to match Δ and the maximum possible hint value in line 8 and then
stored as either a positive or negative value.

The lookup()-function supporting hints works similarly to Algorithm 1 and only guessing the
responsible subnode is replaced by Algorithm 3. guessSubNodeId() again requires the sought
key and the minimum and maximum key values keymin and keymax . Additionally, the hint array
must be passed as an argument. The subnode guess can then be calculated by checking inside a
for loop whether the projection of the key to the [0, 1)-interval tarдet (line 3) falls into the range
of the subnode (line 9). After loading this subnode into memory, the lookup() function continues
identically to Algorithm 1.

Lookups using hinting require the hints to be stored in the last level of inner nodes, which
requires an additional n · l bits per leaf node. Hinting considerably saves memory as long as l is
significantly less than the number of bits required to store a key and a pointer to a leaf node. We
will show in the evaluation that l ≤ 4 is typically sufficient to efficiently locate the correct subnode.

2.4 Stash Nodes

Rebalancing is efficient up to a threshold that depends on the kv size (see Section 4.6), whereas
higher thresholds lead to excessive rebalancing. We therefore apply the concept of stash nodes to
achieve a fill grade that is equal to the fill grade of a B+-Tree. A stash node has the same layout as a
standard HLN-Tree leaf node. Its first subnode is used as an overflow subnode, while the remaining
subnodes (called packed subnodes) work according to the HLN-Tree concepts (see Figure 5). A leaf
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Fig. 5. Layout of stash nodes.

node is transformed into a stash node if rebalancing is triggered and its fill grade is beyond its
rebalancing threshold. R

When a stash node is created, it receives a sorted array of entries, and its initialization starts by
filling the (n−1) packed subnodes evenly. If all packed subnodes can be completely filled, then the
remaining entries are assigned to the overflow subnode. The initialization of a stash node finishes
with the creation of hints for the packed subnodes. The overflow subnode can receive arbitrary
keys during the following inserts and is not involved in the hint creation.

A key can be stored in a packed or in an overflow subnode. lookup() first calls guessSubnode()
and checkSubnode() for the packed subnodes to find the responsible packed subnode for a key. It
then returns this subnode and the key position if the key is stored inside it. Otherwise, it addition-
ally checks whether the key is stored in the overflow subnode, inducing an additional IO.
insert() first calls lookup() to check if the key already exists. If this is not the case and the

corresponding packed subnode is not yet full, then it stores the new kv pair in it. Otherwise, the kv
pair is stored in the overflow subnode. insert() triggers rebalancing or splitting if the overflow
subnode is full after an insert. It then loads all subnodes and merge-sorts the contents of the packed
subnodes with the overflow buffer. The node is split into two standard HLN-Tree leaf nodes if the
stash node is full after an insert(). Otherwise, its content is redistributed according to the create
operation. scan() for stash nodes works similarly to scan() for standard HLN-Tree leaf nodes,
but it additionally must load the overflow subnode.

Stash nodes are also used in hash maps to overcome load imbalances [24] and as overflow buffers
in BD-Trees. BD-Trees nevertheless cannot redistribute in case of full overflow buckets, even if
there is still space in other subnodes, leading to poor storage usage. Stash nodes instead guarantee
that leaf nodes achieve the same fill grade as in B+-Trees and that additional lookups only occur for
highly loaded leaf nodes. Stash nodes also have similarities with foster parents in Foster B-Trees,
which are overflowing nodes that temporarily act as parent nodes for a sibling node [17].

2.5 HLN-Tree for Arbitrary Key Distributions

The HLN-Tree design so far assumes a uniform random key distribution. Arbitrary key distri-
butions could be supported by hashing keys before inserting them into the HLN-Tree. This key
transformation would not impact point queries, but it would remove the opportunity to perform
range queries. We have therefore designed the HLNF NV -Tree, which couples the ideas of HLN-Tree
with a Fowler–Noll–Vo (FNV) hash function fvn() inside leaf nodes. FNV hashing combines a
magic prime number, an initial hash value, and the original key value in 8-bit chunks to generate
a random, non-cryptographic hash number with a good dispersion [13].
lookup() inside inner nodes of the HLNF NV -Tree works on the original keys k , whereas leaf

nodes distribute their keys over their subnodes using the hashed keys fvn(key). Leaf nodes only
store the original keys k , while these keys are sorted inside the subnodes according to their hashed
values. Rebalancing can then directly perform memcpy() operations.

The sorting order inside leaf nodes still allows point queries to use binary search on fvn(key).
scan()-operations, on the other hand, must load and sort all elements of a leaf node, as the
result is spread over all subnodes. Range queries require a tradeoff between the leaf node size
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and the expected number of elements returned by a range query. We will show that a good scan
performance can be achieved up to 64 kB leaf nodes, whereas it decreases for bigger leaf nodes.

3 Implementation

HLN-Tree has been implemented in 6, 500 lines of C++. The implementation of inner nodes follows
a standard B+-Tree with 4 kB inner nodes. Additionally, the last level of inner nodes is able to store
hints. Leaf nodes support combinations of partitioned subnodes, stash nodes, and FVN hashing. B+-
Trees and BD-Trees used for comparison use the same code-base and only differ in the leaf node
implementation and by not storing hints. The code includes a leaf node read cache and a read cache
for last-level inner nodes. All upper levels of inner nodes are always cached. The cache sizes can be
set individually, and each operation first checks if a leaf node or inner node must be evicted. Leaf
node eviction uses clock page replacement to support temporal localities, and inner node eviction
uses a round-robin list.

We also implemented a record cache for individual kv pairs. For skewed data distributions, the
record cache is more memory efficient than the leaf node cache, because each leaf node typically
also stores many cold kv pairs [31]. We have implemented the record cache using the BabyDBM
in-memory database in the Tkrzw framework [18], which is based on a B+-Tree.4 When the record
cache reaches its upper limit of cachable items, it will (by default) batch-evict 100 consecutive
items. We have not provided specific protection against power outages to the in-memory record
cache and use it in this article mostly to compare with the Treeline approach, which contains a
similar, non-protected record cache.

We use O_DIRECT and O_SYNC to ensure that all writes persist before acknowledging them.
We decided against an mmap()-based implementation, as it complicates the steering of cache
sizes. We use vectored IO via preadv and pwritev to enable all tree implementations to perform
fine-grained caching of 4 kB subnodes. Leaf and inner nodes can be stored either in individual
files or on separate partitions.

Locking uses reader–writer locks, and each operation step-wise read-locks the path from the
root to the leaf using lock coupling [21]. Operations changing leaf nodes additionally write-lock
the leaf. Split operations can change the complete path from a leaf to the root and on-demand
write-lock father nodes. To prevent deadlocks, paths from the root to leafs use try-locks and return
already received locks if they cannot lock a node and try again later. Split operations and cache
evictions are not allowed to fail and use standard locks [15]. Interestingly, updating hints after
rebalancing is less expensive than splitting nodes, as hint updates only require, based on the inner
node layout, a read-lock.

4 Evaluation

In this section we evaluate the memory and storage requirements for internal nodes of HLN-Trees,
B+-Trees, and BD-Trees. We then compare the memory overheads of HLN-Trees and learned in-
dexes and present performance results for HLN-Trees, B+-Trees, BD-Trees, RocksDB, and TreeLine.
We also analyze the individual overheads of HLN-Trees to understand parameter tradeoffs.

4.1 Test Environment and Data

All experiments used a server with one 10-core 2.5 GHz Xeon Gold 5212 processor, 192 GByte
DRAM, and a Linux kernel on CentOS 8.2. The tests ran on a 1.92 TByte Samsung PM983 M.2 NVMe
SSD with two equally sized partitions. HLN-Tree, B+-Tree, and BD-Tree used the first partition

4We did not use Tkrzw as the basis for our HLN-Tree because it has scalability limitations due to the way it performs
blocking structure modification.
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Table 2. YCSB Configuration and Applications (from [9])

Workload Operations Application example

LOAD Insert 100% Initially loading db

YCSB A Read 50% Session store recording

Update 50% recent user actions

YCSB B Read 95% Photo tagging

Update 5%

YCSB C Read 100% User profile cache

YCSB D Read 95% User status updates

Insert 5%

YCSB E Scan 95% Threaded conversation

Insert 5%

(a) Facebook Dataset (b) Wikipedia Dataset (c) Amazon Dataset

Fig. 6. Cumulative distribution function of the real-world datasets.

for leaf nodes and the second for inner nodes. TreeLine and RocksDB stored all data on the first
partition. All indexes were compiled with gcc 12.2 and optimization O3.

The benchmark framework was YCSB-cpp, which includes seven kv workloads and one work-
load loading data [9, 25]. We extended YCSB-cpp so that it can use synthetic and real-world key
distributions. The evaluation assumes that the datasets are so huge that caching a huge fraction
of leaf nodes is impossible. Most experiments used uniform access distributions, whereas YCSB C-
Zipf uses a Zipf-distribution with a Zipf parameter of 0.99. YCSB E generates a uniform scan-length
distribution with up to 1,000 kv pairs, spanning several 4 kB pages (see Table 2).

YCSB tests first loaded the elements using 8 threads and then performed 10 million operations
for each benchmark and 1 to 8 threads. We used 8-byte keys and either 8-byte, 50-byte, or
100-byte values, whereas the implementation also supports bigger keys. We loaded 1 billion
entries for 8-byte values and 100 million for 50- and 100-byte values to be able to compare many
configurations.

We also ran three real-world traces (see Figure 6). The Facebook dataset includes a subset of
Facebook user ids [14, 43]. Its overall cumulative distribution function (CDF) looks uniformly
distributed, while each subrange contains many difficult-to-approximate jumps in the CDF. The
Wikipedia dataset contains article edit timestamps with a CDF close to the CDF of a Poisson
distribution, and the subranges are close to a uniform distribution. The Amazon dataset represents
sales rank data for print and Kindle books on Amazon. Its overall CDF resembles a heavy-tailed
Pareto distribution, while subranges of the CDF again are close to a uniform distribution. We used
200 million 8-byte keys from each dataset in a form provided by the SOSD benchmark for learned
indexes and randomly generated an 8-byte value for each key [23].
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A fair comparison between B+-Tree, BD-Tree, and our HLN-Tree and the scaling of qualitative
results is ensured by our caching, which limits the number of cached leaf nodes to 16 MB (less
than 0,1% of the leaf nodes). The number of cached inner nodes has been limited in some B+-Tree
configurations to compare with HLN-Tree when using the same amount of memory.

The comparison with TreeLine is based on the original sources from [46]. TreeLine includes
two main contributions: a fine-grained record cache instead of a page cache and page grouping to
combine between 1 and 16 pages in one segment to speed up range scans. We only changed the
parameter records_per_page_goal to 150 to accommodate the value size of 8 bytes. The record
cache size has been kept at 1 million elements and has the same size of 16 MB as the HLN-Tree page
cache. The comparison will show that TreeLine heavily benefits from the record cache, whereas
the implementation of page grouping in TreeLine still seems experimental.

To better understand the impact of a record cache on HLN-Tree, we have also coupled HLN-Tree
with a record cache. However, we want to focus on the performance of HLN-Tree when most kv
pairs cannot be cached, so we have turned off the record cache in most settings. We only turned
on the record cache for a direct comparison with TreeLine in Section 4.8 and then limited the size
of our leaf node cache accordingly.

We also compare to RocksDB 7.9, which is based on an LSM-Tree design that distributes kv
pairs over multiple levels [39]. We only changed the IO parameter to use direct IO compared to
the standard configuration to overcome the effects of file system caching, which is not effective for
ultra-huge databases. RocksDB supports Bloom filters for each level, which can significantly speed
up lookup operations, since IO accesses are only necessary if a key is likely to be stored within
a level. We did not enable Bloom filters in our tests because the amount of memory required for
them becomes too large for the 245 entries targeted in this article. On average, the Bloom filter
requires about 10 bits for each entry in each level. Even if no Bloom filter is used in the lowest
level of RocksDB, and assuming a standard growth factor of 10 between levels, the Bloom filters
alone would require 242 bytes = 4 TB. Our results are very similar to the results of previous studies,
which have shown that RocksDB excels at inserts but is slower than trees for reads and scans [46].

The numbers of 4 kB read and write operations for HLN-Tree are based on internal counters
and only account for operations to leaf nodes, which dominate the traffic to secondary storage. It
has to be noted that HLN-Tree often batches 4 kB operations into bigger IOs for rebalancing and
splits, so that the actual amount of operations might be smaller than the number of accounted IOs.

4.2 Memory and Storage Comparison with B+-Trees and BD-Trees

HLN-Trees without support for stash nodes require the same storage capacity for leaf nodes as
B+-Trees using 4 kB leaf nodes, and HLN-Trees with stashed leaf nodes require the same storage
capacity as B+-Trees of the same leaf node size. We will now show that HLN-Trees require
significantly less memory to cache all inner nodes than B+-Trees by computing their memory
requirements when storing 245 8-byte keys and values based on an average node fill grade
of 70% [45].

We assume that nodes are uncompressed and that we must store for each child one 64-bit value
that either stores the on-disk node id of the child or its memory representation, and a 64-bit key.
The setting slightly deviates from the implementation of our B+-Trees and HLN-Trees, as it stores
a separate pointer to the on-disk location and the memory representation. However, these two
64-bit pointers can be reduced to a single one either by memory mapping the file (moving the
overhead to Linux virtual memory) or by extending the tree logic without introducing additional
I/Os, since the node id is redundantly stored in the child nodes.

Increasing the number of subnodes per leaf node in HLN-Trees linearly decreases the number
of inner node entries. However, HLN-Trees store an additional l-bit hint for each subnode. One
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Fig. 7. Inner node memory required to store 245 kv pairs.

entry for a 64 kB leaf and 2 hint bits therefore requires 196 + 16 · 2 = 224 bits, while one entry for
a 256 kB leaf and 8 hint bits grows to 708 bits.

Figure 7 depicts the required memory to store inner nodes for 245 8-byte key and 8-byte value
pairs on a logarithmic scale. It can be reduced from 6.3 TByte for a B+-Tree with 4 kB leaf nodes to
less than 167 GByte for an HLN-Tree with 1 MB leaf nodes and 4 hint bits, reducing the memory

footprint by nearly 40×. Not using hinting even reduces the memory footprint by more than
256× but has a slight impact on performance. Scaling leaf nodes beyond 1 MB has diminishing
returns, as either inner nodes become dominated by the hint bits or when using no hints the
number of wrong subnode guesses increases.

BD-Trees have a very low inner node memory footprint that is similar to HLN-Trees without
hints. Nevertheless, indexes must be memory and storage efficient. We therefore compare the
storage efficiency of HLN-Trees and BD-Trees with overflow subnodes [30]. Measurements at
individual time steps depend on which fraction of nodes has been split recently. We therefore
instead average over the fill grades of leaf nodes directly before they split. We performed measure-
ments for 64 kB and 1 MB leaf nodes after 100 million inserts for 8-byte keys and either 8-byte or
56-byte values.

The leaf nodes of a B+-Tree and of HLN-Trees with stash nodes enabled both split when they are
completely full and both achieve 100% split fill grades. HLN-Trees without stash and a rebalancing
threshold of 0.97 achieve the expected 97% fill grade for both node sizes and 8-byte values. It slightly
decreases to 96% for 56-byte values, as the HLN-Tree leaf node without stashes stores metadata in
each subnode, which reduces the number of elements per subnode by one compared to a B+-Tree
leaf node of the same size.

BD-Trees with 64 kB leaf nodes achieve a fill grade of 96% for 8-byte values. The fill grade drops
to 92% for 1 MB leaf nodes. It further drops to 88 % for 64 kB leaf nodes and 56-byte values and
81% for 1 MB leaf nodes and 56-byte values. These measurements confirm previous work [4] and
our postulations from Equation (2): the storage efficiency of BD-Trees decreases both for huge leaf
node sizes and bigger value sizes, so that potential memory savings are outweighed by additional
storage costs. We conclude that HLN-Trees are significantly more memory efficient than B+-Trees
and more storage efficient than BD-Trees.

4.3 Memory Comparison with Learned Indexes

Learned indexes apply machine learning to build a model for each tree node that approximates the
CDF of the key distribution inside this node. The models approximate key positions and can reduce
the number of memory accesses and key comparisons, both of which help improve performance.
Additionally, the models can reduce index size and overall memory consumption.

Many learned indexes calculate the position of a key in the next level by using piece-wise linear

approximation functions (PLAs) [10, 12]. PLAs can incorrectly predict the key location up to
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Table 3. Comparison between PGM-index and HLN-Tree

Index Additional IOs / % Index size/bytes

PGM-index(4) 0.78 208,146,328

PGM-index(16) 3.14 16,319,144

PGM-index(32) 6.27 4,248,760

PGM-index(128) 25.10 273,840

HLNTree(8) 0.29 9,056,256

HLNTree(4) 0.87 4,698,112

HLNTree(2) 5.13 2,469,888

HLNTree(0) 19.33 548,864

a constant ϵ . In this case, the index simply searches the key within a length of ±ϵ entries. This
slack allows learned indexes to reduce the memory required for inner levels. In the following, we
compare HLN-Trees with PGM-indexes, as their space complexity is optimal for learned indexes
using PLAs and as the underlying PLAs are also used in TreeLine [46].

The PGM-index is a memory-based index and we therefore (1) estimate the number of additional
IOs that would be induced by it for guessing wrong disk blocks based on ϵ and then (2) run its
in-memory benchmark (see https://pgm.di.unipi.it/) for several ϵ to get corresponding index sizes.
Assuming for (1) that each disk block can storem = 255 8-byte keys and values, the percentage of
incorrect computed disk blocks caused by the PGI index would be (100 · ϵ)/(2 ·m), as the average
error of the PLA function for uniform random key distributions is ϵ/2 and as errors leading to
additional IOs can occur on the ϵ left-most and right-most subnode positions.

Table 3 lists the index sizes and percentage of mispredictions leading to additional IOs for dif-
ferent configurations. The parameter for the PGM-index is ϵ and for HLN-Tree the number of hint
bits. All HLN-Trees use 1 MB leaf nodes and a rebalancing threshold of 97%. All indexes store 1
billion 8-byte keys and values. HLN-Trees are much more efficient when a low misprediction rate
is required. HLN-Tree(4), e.g., requires 44× less space for its inner nodes than PGM-index(4) for
a misprediction rate of less than 1%.

Learned indexes scale the required memory in O(1/ϵ2) [11] and can decrease memory by in-
creasing ϵ , e.g., from 4 to 32. In this case, HLNTree(2) is still 2× more space efficient than the
corresponding PGM-index(32). The PGM-index becomes more space efficient if we allow a high
misprediction rate of 25%.

Section 4.7 will shown that the prediction quality of HLN-Trees decreases for larger kv pairs,
leading to more additional reads. These additional reads also happen for learned indexes and the
qualitative result of the comparison between HLN-Trees and learned indexes therefore also holds
for larger kv pairs and smaller m. HLN-Trees are therefore more space efficient than learned in-
dexes for uniform random key distributions if the performance bottleneck is the number of IOs, as
HLN-Trees only must learn the deviation at the boundaries of leaf nodes, whereas learned indexes
give guarantees over all kv pairs.

The number of IOs cannot be directly transformed into performance advantages. In the follow-
ing, we will therefore compare with the TreeLine implementation, which is so far the only learned
index for secondary storage [46]. Interestingly, TreeLine does not produce any additional IOs at the
cost of not using the first and last ϵ entries in each subnode to ensure that mispredictions cannot
occur. TreeLine therefore trades off between performance and storage efficiency. Comparing with
TreeLine, we will show in Section 4.8 that the HLN-Tree design also has advantages over learned
indexes for non-random key distributions.
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4.4 Performance for Uniform Random Key Distributions

This section compares the performance of HLN-Tree with B+-Trees, BD-Trees, TreeLine, and
RocksDB for uniform random key distributions. Figure 8 shows YCSB benchmark results for 1
to 8 threads and 8-byte keys and values. We first compare B+-Tree using 4 kB leafs with an unlim-
ited inner node cache with B+-Tree that can only cache as many nodes as required by an HLN-Tree
with 64 kB leafs. The limited B+-Tree nearly always reads one inner node and one leaf node from
secondary storage for its operations, and its average throughput over all YCSB benchmarks is
reduced by 45%.

Increasing leaf nodes of B+-Trees decreases performance even more, as huge reads and writes
are expensive. The throughput of a B+-Tree with 64 kB leafs and an unlimited inner node cache
drops by 70% compared to an unlimited B+-Tree with 4 kB leafs. An exception is the YCSB E
performance, as B+-Tree with 64 kB leaf nodes benefits here from prefetching data.

Averaged over all YCSB-benchmarks and the load benchmark from Figure 9, the performance
of the BD-Tree with 64 kB leaf nodes is 98% of the performance of B+-Trees. BD-Trees therefore
provide a competitive performance and small memory consumption for caching inner nodes at the
cost of a lower storage efficiency.

Figure 8 also shows the results for HLN-Trees with leaf node sizes of 64 kByte, 256 kByte, and
1 MB with 4 hint bits per subnode and a rebalancing threshold of 97%. All HLN-Trees provide a
competitive performance compared to an unlimited B+-Tree with 4 kB leaf nodes. Averaged over
all YCSB benchmarks for 1 to 8 threads and Load for 8 threads, all HLN-Trees are within 1% of the
performance of the unlimited B+-Tree. Averaging over 1 to 32 threads, HLN-Tree performance is
between 95% and 101% of the B+-Tree performance. YCSB E benefits from larger HLN-Tree leaf
nodes for higher concurrency levels, whereas B+-Tree is then faster for YCSB C-Zipf, as the current
implementation of HLN-Tree still includes some non-optimized functions, leading to slowdowns
for higher concurrency levels.

We were unable to run YCSB A for TreeLine, as concurrent updates and reads regularly led to
deadlocks. TreeLine benefited from its record cache for YCSB C-Zipf, whereas the record cache has
been too small to improve non-skewed benchmarks. TreeLine was very slow for YCSB E, indicating
a not-yet-optimized implementation. Furthermore, TreeLine needed 80% more storage for its leafs
than HLN-Trees, which might be based on the leaf node layout.

RocksDB excels at inserts because it first collects many new kv pairs in memory before persisting
them, and because it follows the upsert-semantic and does not check whether a key already exists
in the database before inserting it. It is therefore up to 7× faster than HLN-Tree when loading data
using 8 threads (see Figure 9). However, RocksDB’s lookup performance lags significantly behind
the other indexes because the datasets have limited locality, so RocksDB has to access many levels
before finding a kv pair. For example, HLN-Tree is 1.8× faster for YCSB C lookups and 2.5× faster
for YCSB E range scans when using 8 threads (see Figure 8).

The lessons learned are that HLN-Tree provides the same performance as standard B+-Trees at
a much lower memory cost. In addition, HLN-Trees are faster than TreeLine in scenarios where
TreeLine cannot benefit from its record cache, which is orthogonal to HLN-Tree and only helps
for non-scale-out workloads. Compared to RocksDB, HLN-Tree is better for scenarios with many
lookups and range scans, while RocksDB is better for insert-heavy workloads. The effect of using
a record cache on top of HLN-Tree, also compared to RocksDB, is evaluated in Section 4.8.

4.5 Influence of the Number of Hint Bits

More hint bits allow guessSubNode() to better predict the correct subnode, since rounding errors
based on a limited hint resolution become smaller. Also, these rounding errors have a greater
impact on larger leaf nodes, as the fraction of the key space that a subnode is responsible for
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Fig. 8. YCSB throughput in operations/second for 8-byte keys and values and uniform random key distribu-
tions for 1 to 8 threads. All HLN-Trees used 4 hint bits.
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Fig. 11. HLN-Tree throughput depending on hint bits.

becomes smaller. Figure 10 shows the percentage of additional reads caused by incorrect subnode
guesses for leaf node sizes from 16 kB to 1 MB, a reblancing threshold of 0.97, and 0, 2, 4, and 8
hint bits when running the YCSB C workload for 10,000,000 lookups. The figure shows that the
number of wrong subnode guesses without hint bits is very low (2.1%) for 16 kB leaf nodes, while
no hint bits lead to 7.2% additional reads for 64 kB leaf nodes, which increases to 28.7% for 1 MB
leaf nodes. Two hint bits can reduce the percentage of additional reads to less than 5% in all cases,
4 hint bits further reduce this percentage to less than 0.8%, and 8 hint bits can reduce it to less
than 0.25%.

The corresponding performance impact for 1 MB leaf nodes, a rebalancing threshold of 0.97, and
0 to 8 hint bits and 8 threads is shown in Figure 11. Eight hint bits improve performance by an
average of 20% over no hints for most benchmarks except YCSB E and Load. The Load benchmark
requires more computations and slightly more storage (and therefore more I/Os) when using more
hint bits. For the scan-intensive YCSB E benchmark, hint bits have little impact because range scans
almost always load multiple SSD pages per operation.
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Fig. 12. Percentage of rebalancing writes compared to insert operations.

However, 4 hint bits result in only slightly lower performance than using 8 hint bits but also
require significantly less memory to store inner nodes (see Figure 7). We therefore use 4 hint bits
as our default setting.

4.6 Rebalancing Operations

Write operations occur for inserts, splits, and rebalancing operations. The number of inserts does
not change between B+-Tree and HLN-Tree, and the number of split writes is only slightly differ-
ent. Rebalancing writes are the only significant source of additional writes induced by HLN-Trees.
They are triggered when a leaf subnode becomes full and the overall leaf load is still below its
rebalancing threshold. Rebalancing affects the write performance and write amplification of SSDs.
Therefore, we evaluated rebalancing costs for rebalancing thresholds between 96% and 99%, leaf
node sizes between 64 KB and 1 MB, 4 hint bits, and 8-byte keys and values.

Figure 12 shows the percentage of rebalancing write volume induced after inserting 100,000,000
kv pairs. Not surprisingly, higher maximum fill levels and larger leaf node sizes result in more
rebalancing volume. This can be explained by more rebalancing operations before a split occurs
for higher fill grades and more data moved per rebalancing operation for larger leaf nodes.

HLN-Trees bundle 4 kB rebalancing writes based on their leaf node size, so the number of IO
operations even decreases for larger leaf nodes, e.g., from 1,045,390 for 64 kB leaves and a maximum
fill level of 99% to 176,963 for 1 MB leaves and the same maximum fill level.

The total number of split writes is nearly the same for B+-Trees and HLN-Trees and is also
nearly independent of leaf node size and rebalancing threshold, fluctuating between 1% and 1.2%
of the total write volume. The rebalancing cost is therefore of the same order as the split write
cost up to a leaf node size of 1 MB and a rebalancing threshold of 0.97, which is why we chose this
rebalancing threshold in most of our experiments.

4.7 Impact of Large kv Pairs and Stash Nodes

HLN-Trees efficiently achieve high leaf node fill grades at low rebalancing costs when using 8-byte
keys and values. Equation (2) indicates that the deviation between subnode fill grades increases
for larger values and achieving a high fill grade requires more rebalancing operations. Stash nodes
reduce storage costs by transforming leaf nodes into more compact stash nodes when they reach
their rebalancing threshold and by only splitting them when they are completely full. The number
of leaf nodes then does not depend anymore on the rebalancing threshold, whereas this threshold
still has an impact on the required number of reads and writes.5

Figure 13 compares standard B+-Trees and HLN-Trees with 1 MB leaf nodes and 4 hint bits, with
and without stash nodes, when inserting 100 million 8-byte keys and 50-byte values. The bars in

5The HLN-Tree performance nearly does not change when enabling stash nodes for 8-byte values. We have therefore not
previously shown corresponding results.
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Fig. 13. B+-Trees and HLN-Trees for 8-byte keys and 50-byte values.
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Fig. 14. B+-Trees and HLN-Trees for 8-byte keys and 100-byte values.

the figure show the load and lookup performance of the indexes, and the blue line highlights the
write amplification, which we define as the ratio of the number of disk IOs to the number of insert
operations. A higher write amplification immediately results in a lower load throughput.

The B+-Tree performance nearly does not change compared to the case of inserting 8-byte keys
and values. The load throughput of HLN-Tree with a rebalancing threshold of 97%, on the other
hand, significantly drops from nearly 50,000 operations per second for small kv pairs to 36,965
for large kv pairs. The reason is the significant rebalancing overhead that increases from 1.3% to
nearly 50%, leading to 148 million 4 kB writes when loading 100 million kv pairs. The overhead
can be significantly decreased for a rebalancing threshold of 90%, so that the load throughput of
HLN-Tree is on the same level as the unlimited B+-Tree. However, this reduces the average leaf
node fill level by 5%, resulting in significant storage costs and diminishing benefits.

Coupling a rebalancing threshold of 90% with stash nodes balances between write overheads,
storage efficiency, and lookup throughput. The load performance of the stash node design is 4%
below the performance of an unlimited B+-Tree and 8% higher than the performance of a B+-Tree
with limited inner node cache. At the same time, it improves lookup performance compared to
limited B+-Trees by more than 80% for the same memory footprint.

Stash nodes introduce additional lookup IOs compared to a standard HLN-Tree when a leaf
node is filled between the rebalancing threshold and 100% for keys stored in the overflow subnode.
The less even key distribution for larger kv pairs can also lead to additional IOs when calling
guessSubNode(). This results in a total of 2.7% more IOs and explains the slightly lower lookup
performance compared to an unlimited B+-Tree.

Figure 14 shows the results for the same experiment when further increasing the value size
to 100 bytes. It becomes obvious that the rebalancing overhead becomes prohibitive for a HLN-
Tree with 1 MB leaf nodes and a rebalancing threshold of 0.97, as the overall write amplification
increases to 6.7. Also, the stash node overhead increases to nearly 60% for insert operations, so
very large values require tradeoffs between write amplification and storage cost.
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The results show that stash nodes optimize storage utilization, incur only small additional costs
for inserts, and provide near-optimal lookup performance for medium-sized kv pairs, while very
large kv pairs require additional techniques, such as storing the values in a separate log store (see,
e.g., [32]).

4.8 Skewed Key Distributions

We investigated the impact of skewed real-world key distributions using an Amazon book-sale
dataset, Wikipedia timestamps, and Facebook user ids for 8-byte keys and values and 200 million
sequentially inserted entries [23]. We compared HLN-Trees with 256 kB leafs, 4 hint bits, and a
rebalancing threshold of 0.97 with HLNF NV -Trees with 64 kB and 256 kB leafs, 4 hint bits, and a
rebalancing threshold of 0.97; B+-Trees; TreeLine; and RocksDB. We also included an HLNF NV -
Tree with 64 kB leaf nodes and a 16 MB record cache to compare its impact with the TreeLine
record cache.

HLN-Trees were originally designed for uniform random key distributions. The key distri-
butions of the studied real-world datasets do not follow this assumption, and the resulting key
skewness sometimes severely affects the performance of HLN-Trees. The most challenging
dataset in this respect is the Facebook dataset, for which inserts and lookups suffered the most
(see Figure 15(a)). Each insert placed its element in the last subnode of a leaf node, resulting in
many rebalancing operations and a write amplification that produced 2.5 IOs for each insert.
Lookup performance actually dropped to one-fifth of the performance of an unlimited B+-Tree,
as each IO generated an average of 3.5 additional IOs due to incorrect subnode guesses.

The Wiki and Amazon datasets are much easier to handle for HLN-Tree. The Wiki performance
dropped slightly by 5% to 14% for lookups and range scans compared to an unlimited B+-Tree (see
Figure 15(b)). However, inserts were significantly slower, again due to many rebalancing opera-
tions.6 The dataset closest to a uniform random key distribution is the Amazon dataset. For this
dataset, the performance of HLN-Tree was even equal to the performance of the unlimited B+-Tree
(see Figure 15(c)).

BD-trees without our FNV hashing have identical problems, so we do not show their results here.
Using a record cache in front of the standard HLN-Tree helped to improve insert performance but
could not overcome the many wrong lookup guesses for non-random key distributions, so we are
not showing the corresponding results here.

We have introduced HLNF NV -Trees with hashing to support arbitrary key distributions.
Figure 15 shows that the load performance of HLNF NV -Trees is within 92% to 99% of the load
performance of an unlimited B+-Tree, being slightly slower based on rebalancing and sorting
during splits. The lookup performance of the HLNF NV -Tree without a record cache is on the
same level as for the unlimited B+-Tree and 45% higher than for the limited B+-Tree.

The YCSB E scan results for an HLNF NV -Tree with medium-sized 64 kB leafs are on the same
level as for an unlimited B+-Tree, as it benefits from loading all required subnodes with one IO.
Also, the selected range scan size of 1,000 elements on average requires about six disk blocks to
be read on average, so the write amplification for the HLNF NV -Tree remains small. Scaling leaf
nodes to 256 kB decreases scan performance by 75%, because the HLNF NV -Tree must always load
all its 64 subnodes. Also, the subnodes must be sorted to find the keys that belong to a particular
range query. Using 1 MB leaf nodes would further decrease scan performance.

We kept TreeLine’s option pg_bypass_cache at false so that it first caches new inserts and
flushes them later, combining multiple keys at the cost of a reduced crash consistency. TreeLine

6The load performance for the Wikipedia data was particularly high for all indexes, as this dataset contains more than 50%
duplicates, which were simply dropped during inserts.
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Fig. 15. Throughput for 8-byte kv pairs and 8 threads.

is therefore significantly faster for inserts than B+-Trees and HLN-Trees without record cache.
This positive effect of the record cache has not been visible for random inserts (Figure 8), because
TreeLine has only been able to batch very few keys for each IO. Sequential inserts allow TreeLine to
batch more keys per IO. Unfortunately, TreeLine always crashed when loading data concurrently,
so we only report load throughput for a single thread.

The performance of TreeLine for YCSB C is on the same level as the other indexes and better
than its own performance for uniform random key distributions. The underlying reason is that
the number of kv pairs is 5× smaller compared to the 1 billion entries before. The fraction of keys
that can be stored by the record cache, which is orthogonal to the HLN-Tree design, therefore
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also increases by the same factor. This especially benefits TreeLine for the Zipf distribution.
Comparing the YCSB E performance shows that TreeLine’s scan performance is 7× to 8× lower
than the HLNF NV -Tree performance for 64 kB leaf nodes and 2× lower than for 256 kB leaf nodes,
indicating again a not-yet-optimized implementation of TreeLine.

For comparison purposes, we have coupled HLNF NV -Trees with a record cache, denoted
as HLNF NV -Tree 64 kB Cache in Figure 15, which significantly improves insert and lookup
performance and reduces write amplification. Using the record cache, the insert performance
of HLNF NV -Tree is actually slightly better than the insert performance of Treeline, and its
lookup performance is only 9% slower than TreeLine, for both YCSB C and YCSB C with a Zipf
distribution. This small, remaining performance difference can be explained by the prototypical
implementation of the record cache in HLN-Tree, which is based on Tkrzw with its known
scalability limitations, while the record cache in Treeline is based on the Masstree kv store [34].
In addition, the range scan performance of HLNF NV -Tree with a record cache is significantly
higher than the range scan performance of Treeline.

Comparing the reduction of leaf nodes, we see that the HLNF NV -Tree implementations always
decrease the number of leaf nodes by 16× to 256×, only depending on the leaf node size. Page
grouping in TreeLine, in contrast, only reduces the number of index entries between 1.8× for
synthetic workloads and 4.8× for other benchmarks (according to [46]). This result has been
unfortunately difficult to confirm when running TreeLine, as the corresponding leaf node files
have been significantly blown up, requiring 12× more storage for leaf nodes than required by the
HLNF NV -Tree.

Comparing RocksDB with the other indexes for real-world key distributions shows a similar
trend as for uniform random key distributions. RocksDB is again significantly faster for inserts
and slower for lookups. Using the record cache before HLN-Tree reduces the insert slowdown to
a factor of 2.5 for the Wikipedia workload, while HLN-Tree is 1.35× faster for lookups and on the
same level for range scans. For the Amazon workload, and similarly for the Facebook workload,
RocksDB is 4× faster for load but 1.6× to 1.8× slower for lookups and at a similar performance
for YCSB E range scans. The differences in performance of RocksDB for the Wikipedia workload
compared to the other workloads can be explained by the significantly lower number of stored kv
pairs and therefore also the lower number of levels. In contrast, HLN-Tree performance is almost
independent of the number of items stored.

In summary, the results show that HLNF NV -Tree works well for arbitrary key distributions. The
choice of the right HLNF NV -Tree depends on a tradeoff between memory savings and additional
cost for range queries. The comparison with TreeLine shows that the basic HLN-Tree mechanisms
outperform TreeLine, while TreeLine shines when it can use its record cache. Nevertheless, we
have shown that using some of the memory savings of HLN-Tree for a record cache closes the
performance gap between HLNF NV -Tree and TreeLine.

5 Related Work

Several index structures can be applied for hugedata sets. Log-structured merge (LSM) trees
store data first in memory and later compact it and move it to persistent levels [39]. Inserts are
very fast, whereas lookups can require many IOs in case of uniform random access patterns. Hash
maps assign elements to buckets by applying a hash function [36]. They offer extremely fast point
queries but do not support range scans. Also, techniques to increase storage efficiency for hash
maps lead to additional IOs [40, 47]. Tries distribute the parts of a key over multiple nodes and
reconstruct it when following a path [8]. They are very fast in-memory indexes and there has
been great progress on memory efficiency of in-memory tries [6, 35], but their mapping to SSDs
imposes new challenges, as node sizes do not align with storage blocks.
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B+-Trees well support the investigated workloads [5, 15, 16]. B+-Tree optimizations for SSDs
include batch updates [46], use the internal SSD parallelism [42], optimize the data layout [27],
use Bloom filters to reduce unnecessary reads [19] and asynchronous IOs to saturate SSDs [44],
or reduce SSD latencies by directly triggering IOs for the next path node from inside the kernel.
Compression decreases the storage footprint of B+-Trees and includes leaf node compression [1],
storing partial keys in inner nodes [7], delta encoding [20], or dictionary-based key compression
[48]. Most of these optimizations are orthogonal to the HLN-Tree design.

Our work builds on BD-Trees [28, 30] and overcomes their drawback of a low storage density
[4]. BF-Trees support large leaf nodes by using Bloom filters to compress the key index [3]. They
enable memory savings for large kv pairs but require many Bloom filter entries for smaller values
and two writes for each insert.

Adaptive Hybrid Indexes combine B+-Trees and compact indexes. They reduce the memory
consumption of the inner index up to 82% by keeping 90% of the original performance [2]. The
HLNF NV -Tree with 64 kB leaf nodes is able to reduce the inner index size by 93% and keeping 99%
of the B+-Tree performance.

Learned indexes treat the index as a model to map a key to the position of a record. Most
learned indexes work in-memory [10, 12, 50]. Treeline is a learned index for secondary storage that
provides fine-grained record caching and page grouping [46]. Zhang et al. provide and evaluate
guidelines for transferring knowledge from in-memory learned indexes to secondary storage in-
dexes [49]. FILM optimizes data swapping between memory and disks but only focuses on appends
[33]. HLN-Tree is more memory efficient for the investigated use case than today’s learned indexes.

6 Conclusion and Future Work

We designed HLN-Trees to support uniform random key distributions for major Cloud applications
by combining key distribution properties with rebalancing and a learning mechanism. HLN-Trees
use these properties to increase the size of leaf nodes and decrease the memory required to store
inner nodes. As a result, the size required to cache all inner nodes for uniform random key distribu-
tions can be reduced by up to 256× compared to a B+-Tree. This leads to a significantly improved
performance over B+-Trees for the same cache size, while providing comparable performance to
unlimited B+-Trees.

HLNF NV -Trees support arbitrary key distributions by an additional layer of hashing. They can,
depending on the range-scan performance, reduce the number of leaf nodes by 16× to 256×, sig-
nificantly improving over today’s learned indexes [46] and other optimized data structures [2].

Future work will include ideas from learned indexes to speed up node traversals and optimize
the integration of record caching and batch inserts.

One limitation of the HLN-Tree design is that it does not yet support variable-size kv pairs, be-
cause they can lead to a very unbalanced distribution of key ranges over subnodes. Unfortunately,
these unbalanced key ranges would require a significantly higher number of hint bits to keep the
number of additional IOs low, thus reducing the memory efficiency of HLN-Tree. In future work,
we will therefore develop recursive hint encoding schemes that can directly support variable-size
keys and non-random key distributions without the need for an additional level of hashing.
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