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Cloud databases often use consistent hashing to schedule queries because of its data locality guarantee —
scheduling the queries accessing the same data segment to the same node. This makes optimizations such as
caching effective in reducing data I/O costs. However, consistent hashing causes load imbalance when handling
skewed workloads and can lead to large query latencies. In this paper, to address this limitation, we propose
HotHash, a technique that offers strong data locality and load balancing guarantees, while still preserving the
key properties of consistent hashing, e.g., robustness to node changes. HotHash achieves these objectives
with two key ideas: (1) range hashing that takes data hotness into consideration and (2) virtual hash ring that
introduces randomness into query scheduling. More specifically, rather than mapping one data segment to
one single node, range hashing maps it to a range of the hash ring where its length is proportional to the
hotness of this data item; and it achieves so with one single hash. Furthermore, HotHash uses a virtual hash
ring where the locations of nodes in the hash ring are randomized for each data segment, which randomizes
nodes caching each data segment while preserving data locality for a given item. We show that HotHash
is robust to node changes in that it still uses the same principles of consistent hashing to map data to the
nodes. Our experimental evaluation on various workloads shows that HotHash is 1.4X to 150 faster than the
state-of-the-art in average execution time and tail latency.
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1 Introduction

Motivation. Modern cloud databases broadly adopt a disaggregated storage architecture that
separates compute nodes from data storage nodes. This offers the flexibility to scale the computation
and data storage separately. However, when running queries, cloud databases have to transmit data
from remote storage to compute nodes through the network, which typically has lower bandwidth
than local disks. This tends to substantially increase query latency.

A common solution to address this data transmission bottleneck is caching, where compute
nodes keep data segments for subsequent queries to reuse. To achieve a high cache hit rate, cloud
databases are typically coupled with affinity scheduling which distributes queries accessing the
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same data segment to the same node, ensuring data locality. Consistent hashing [21, 22] is widely
used for affinity scheduling in cloud databases [11, 20, 34, 44] due to its robust handling of node
changes. This elasticity is crucial for dynamic environments where the number of nodes changes
frequently.

However, problems arise when using consistent hashing or other affinity scheduling schemes
with skewed workloads, where certain data segments are disproportionately popular. In real-world
applications, such imbalanced workloads are common, often due to temporal or spatial factors. For
example, viral social media posts can quickly attract massive numbers of views. Such workloads are
challenging with consistent hashing as many queries for the same hot data segment are directed to
a single node, causing it to become overloaded and straggle. This load imbalance on compute nodes
results in increased tail latency and degraded system performance.

Objectives. As further discussed in Sec. 7, there are works handling stragglers caused by load
imbalance or other reasons, such as file stealing. Orthogonal to these efforts that target mitigating
the consequence of load imbalance, in this work, we propose HotHash, an enhancement to consistent
hashing that eliminates load imbalance introduced by affinity scheduling under skewed workloads.
HotHash targets two objectives: (1) ensuring data locality and load balancing with theoretical
guarantees and (2) ease of adoption.

Challenges. Challenges to achieve these objectives include:

« The Conflict Requirements of Load Balance and Data Locality. Intuitively, random sched-
uling, another fundamental query scheduling strategy that randomly distributes queries to different
compute nodes, will ensure load balance. However, it is very likely to distribute the queries ac-
cessing the same data segment to different nodes, leading to poor data locality and in turn low
cache hit rate. This, nevertheless, is exactly what cloud databases try to avoid by adopting affinity
scheduling, e.g., consistent hashing, which on the contrary, sacrifices load balance to guarantee
data locality. It is thus challenging to simultaneously achieve these two goals that seem conflicting
with each other.

« Compatible with Consistent Hashing. Second, to effectively balance the two conflicting
requirements will inevitably introduce extra complexity to consistent hashing. However, for ease of
adoption, the new strategy should be compatible with existing consistent hashing-based strategies.
That is, it should perform in a similar way to consistent hashing and not require major changes
to existing cloud databases, e.g., using a hash function to map queries (data segments) to nodes;
and it has to be robust to node additions or removals. That is, when a node joins or leaves, the
system only has to move around a small amount of data, ideally only the data segments on one
single node, just as in consistent hashing, while still guaranteeing data locality and load balance.
This is challenging.

To the best of our knowledge, no work has addressed the above problems to make consistent
hashing a better match to cloud databases. In other areas such as networking and web services,
some works [7, 27] use the idea of Bounded Load to address the load imbalance problem in consistent
hashing. Such designs first set an upper bound on the load of any compute nodes. When consistent
hashing picks a node where its load is higher than this bound, Bounded Load will forward a service
request to another node. Although Bounded Load balances the load on nodes, it overlooks data I/O
cost. This is because distributing queries based on a hard load constraint on the nodes regardless of
the hotness of their data tends to replicate cold data segments, e.g., when a cold data segment is
mapped to an overloaded node, thus leading to high I/O costs.

Proposed approach. HotHash addresses these challenges with two key techniques: (1) range
hashing that leverages the hotness of the data segments and (2) virtual hash rings that introduce
randomness into query distribution.
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Fig. 1. Overview of HotHash

Unlike consistent hashing which maps each data segment to one single location on the ring, range
hashing maps one data segment to a range of the hash ring, where its start point is decided by
consistent hashing and its length is proportional to the hotness of the data. The queries accessing
this data segment will only be distributed among the nodes that own a part of this range on the
hash ring, thus preserving data locality. Range hashing improves load balancing by distributing
queries that access hotter data segments to more nodes. Furthermore, because the hotness of a
data segment determines the number of nodes that potentially could host it, range hashing avoids
replicating cold data, thus not suffering from the high I/O cost issue of Bounded Load. The example
in Fig. 1 shows the results of range hashing two data segments A and B. Because A is hotter than
B, it is mapped to a larger range ([50, 250]) than B ([60, 160]). Thus, queries accessing A will be
distributed to a node group of size two, whereas queries accessing B only use a single node.

However, range hashing, which replicates hot data segments to neighboring nodes on the hash
ring, introduces correlations between nodes on their workloads. More specifically, if a node hosts
two data segments A and B, its neighboring nodes will have a high probability to host A and B as
well. This correlation between the workloads on neighboring nodes compromises the inherently
random nature of hashing, increasing the collision probability of queries that access different data
segments. This could lead to a less balanced distribution of queries, thus degrading query latency.

We introduce virtual hash rings to address this issue. In HotHash, different data segments see
different virtual hash rings, where each ring corresponds to a random permutation of the nodes.
This randomness introduced by virtual hash rings reduces collision probability when mapping the
queries accessing different data segments to physical nodes. In this way, even if two data segments
are mapped to largely overlapping ranges, the nodes that these two ranges cover do not necessarily
overlap. Essentially, this avoids many queries accumulating on certain nodes. Moreover, HotHash
still distributes queries accessing the same data segment to nodes that are logically adjacent, allowing
it to identify nodes that have a copy of a data segment with a single hash. Fig. 1 shows the two
different virtual hash rings w.r.t. data segments A and B. Although the hash values of A and B are
close (50 and 60), the nodes hosting queries accessing A (node; and nodey) and B (node;) do not
overlap.

Combining range hashing and virtual hash ring, HotHash seamlessly unifies the merits of affinity
scheduling and random scheduling, offering strong theoretical guarantees for both load balancing
and data locality, as we describe in Sec. 5. Because HotHash still uses the idea of hash ring to map
data segments to compute nodes, it is compatible with consistent hashing, thus robust to node
changes and easy to adopt, as further shown in Sec. 4.4.

In summary, this paper makes the following contributions:

« We propose range hashing that for each data segment, identifies an appropriately sized group of
nodes with one single hash that effectively balances the load on nodes while ensuring data locality.
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« We propose the idea of the virtual hash ring that reduces the collision probability of queries that
access different data segments, thus producing a balanced query distribution on nodes.

« With range hashing and the virtual hash ring, HotHash offers a strong theoretical guarantee on
both data locality and load balance while being compatible with consistent hashing and robust to
node changes. Moreover, we theoretically show that HotHash is superior to Bounded Load-based
methods in data transmission costs.

« Our experiments with various workloads confirm that HotHash outperforms the state-of-the-art
from 1.4X to 150X in average execution time and tail latency.

2 Background

This section overviews affinity scheduling in cloud databases (Sec. 2.1), consistent hashing for
affinity scheduling as well as its problem in handling skewed workloads (Sec. 2.2). We then describe
the key objectives of this work in Sec. 2.3

2.1 Affinity Scheduling In Cloud Databases

Cloud-oriented databases such as Presto [35], F1 Query [34], Aurora [42, 43], Snowflake [11, 44] and
SparkSQL [4], adopt a storage-disaggregation architecture. This design separates the computation
and storage, bringing unique advantages such as better scalability and higher elasticity.

Affinity Scheduling. For a disaggregated storage architecture, the network connecting the compu-
tation and data storage often constitutes the performance bottleneck. If a query is assigned to a node
where the required data segments are missing, the node will have to fetch these data segments from
the distributed storage through a network. This often leads to performance degradation compared
with a shared-nothing database [40].

Caching addresses this problem where compute nodes cache a data segment locally and reuse
it on other queries rather than repeatedly fetching it through the network. To improve the cache
hit rate, cloud databases use consistent hashing [21, 22] to distribute queries to compute nodes,
ensuring that subsequent or concurrent queries accessing the same data segment will be assigned to
the same node [11, 19, 34], i.e., affinity scheduling. This guarantees data locality, greatly improving
the system’s performance.

2.2 Consistent Hashing for Affinity Scheduling

Consistent hashing represents the resource requestors (e.g., queries) and the compute nodes in
a ring structure known as the hash ring. The compute nodes and the requests can be placed at
random locations on this ring using a hash function. Each request is served by the node that first
appears in a clockwise traversal of the ring. Intuitively, each node “owns” a range of the hash ring,
and any requests coming in at this range will be served by the same node.

As shown in Fig. 2, there are three nodes on the ring. Node; owns range [0,100] and any request
falling into this range will be sent to it. For example, given a query g requesting data segment A,
q is hashed to location 50 based on its ID A. Then it is sent to and cached on node;. Subsequent
queries that process data segment A will be assigned to node; and thus are able to reuse the cached
data segment A.

Consistent hashing is popular in cloud databases for affinity scheduling because it is able to
maintain the data-node mapping at a minimum cost when facing node additions or removals, which
occurs commonly in the cloud. When a node is added or removed, only the queries that fall into
the range this node owns will have to be re-assigned. As shown in Fig. 2, removing node; will only
affect data segment A of query g which now should be owned by nodes.

Issues in Handling Skewed Workloads. Despite its robustness to node changes, consistent
hashing causes load imbalance when handling skewed workloads. More specifically, consistent
hashing distributes queries based on the data segments they access. However, in reality, the query
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Fig. 2. Consistent Hashing: Robust to Change

workloads are typically very skewed, where some data segments (hot data) are accessed much more
frequently than others. This can lead to load imbalance and large query latencies on hot nodes.

For example, in Fig. 2, if data segment A is much hotter than B and C, then an overwhelming
portion of queries will be assigned to node;, leaving only few queries processed on nodey and nodes.
Eventually, this will overload node;.

2.3 HotHash Objectives

In cloud databases, query latency mainly constitutes I/O time and computation time. Load imbalance
caused by skewed query workloads is one of the main causes of stragglers that slows down query
execution [10]. Targeting minimizing query latency under skewed query workloads, we design a
new hashing-based query scheduling mechanism, called HotHash, which meets three objectives: (1)
balancing the load across compute nodes to reduce computation time; (2) preserving data locality
to optimize I/O time; (3) being compatible with consistent hashing to retain the key properties
of consistent hashing, i.e., systems like Snowflake can simply replace consistent hashing with
HotHash to distribute micro-partitions to nodes, while preserve the simplicity and robustness to
node changes.

3 HotHash Overview

In this section, we introduce how HotHash schedules queries in a cloud DB under analytical
workloads and show how to integrate it into a cloud database. We then introduce some key design
considerations of HotHash.

3.1 Query Scheduling with HotHash

This work assumes that the cloud DB has already partitioned tables into data segments using
any partitioning method such as range partitioning or hash partitioning. Each data segment is
stored as a file in open file formats. Data segment is the basic caching unit which corresponds
to the micro-partition in Snowflake [11], data block in Redshift [16] and Capacitor in Google F1
Query [2, 34]. For example, as shown in Fig. 3 step 1, the query planner determines that there are
four queries accessing segment A and two queries accessing segment B. It then uses HotHash to
distribute data segments to compute nodes.

More specifically, HotHash uses range hashing to map a data segment to a group of nodes
that fall into a certain range of the hash ring. This range is proportional to the hotness of this
data segment. As shown in the example in Fig. 3 step 2, HotHash constantly tracks data hotness
information and determines that data segment A is hotter than B. It thus HotHash maps A to a
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Fig. 3. HotHash

longer range than B on the hash ring and assign A to two nodes and B to one node. Since multiple
nodes handles A, the load is naturally balance on nodes. Because the same data segments still go to
a fixed set of nodes, range hashing preserves data locality, thus reducing data transmission cost.

However, range hashing increases the collision probability among queries and eventually leads
to load imbalance. This is because collisions is more likely to occur due to the overlap range of
different data segments. In this case, two hot data segments might be assigned to the same nodes.
For example, as shown in Fig. 3 step 3, using a single hash ring of [node,, node;, nodey] for both
A and B will result in data segments A assigned to nodey and node;, and B also assigned to node;,
leaving node, unused and node; still overloaded as in consistent hashing.

HotHash thus introduce virtual hash ring to address this issue. That is, each data segment sees
a specific (virtual) hash ring corresponding to a random permutation of nodes in the cloud database.
Now, the same range covers different nodes in different rings. Therefore, two data segments with
overlapping range do not necessarily go to the same nodes. As shown in Fig. 3 step 3-4, data
segment A sees the virtual hash ring of [node;, node;, nodey], while data segment B sees another
virtual hash ring of [node;, node,, nodey]. As a result, A is assigned to node, and node;, while B is
assigned to and node;, avoiding overloading node; and overloading node;.
Compatible to Consistent Hashing. We illustrate that HotHash is compatible to consistent hash
in three perspectives. First, similar to consistent hashing, HotHash (1) uses one hash operation to
map a data segment to a group of nodes, (2) maps compute nodes to different virtual hash rings
with a hash function that takes the key of a data segment as an argument, and (3) finds a node
from the node group to host one particular query with hashing. See Sec. 4 for details. Second, in
Sec. 4.4 we show that HotHash maintains the data-node mapping at a minimum cost when facing
node changes, like consistent hashing. Furthermore, we show in Sec. 4.3 that HotHash does not
introduce additional data movement under node changes, although it assigns one node to multiple
hash rings. However, compared to consistent hashing, HotHash requires additional work to monitor
data hotness for range hashing, as further discussed in Sec. 4.2.

3.2 Design Considerations

We further discuss some designs of HotHash in supporting real-world cloud databases.
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Avoid Single Point Failure. HotHash supports multiple schedulers to avoid single point failure.
Specifically, HotHash levarages the consensus protocols well studied in literature such as gossip [23]
and Raft [29] to efficiently synchronize the data hotness information between multiple schedulers.
For example, as commonly used in distributed databases [18, 38, 39], each scheduler could run a
Raft-based protocol to constantly get data hotness information maintained by the leader scheduler
to reach consensus. In the case of leader failure, the rest schedulers could perform leader selection
to quickly reach consensus again. Since HotHash continuously updates data frequencies with a
sliding window, the temporal inconsistency could be promptly mitigated.

Queries Accessing Multiple Segments. For ease of presentation, in this paper, we use queries
that access only one data segment as examples. However, HotHash naturally supports queries
accessing multiple data segments. Such queries can be divided into two categories: queries with
or without joins. If a query does not involve join, HotHash hashes the data segments it accesses
separately and runs it parallelly on different machines.

When handling joins, a cloud database could use HotHash to map each raw data segment (micro-

partition) involved in the join to compute nodes. HotHash offers similar data locality benefit like
consistent hashing. Once the scan and filter operations on each data segment involved in a join
are completed, the cloud database then shuffles the intermediate results to perform the join with a
chosen join algorithm. If co-partitioned join such as hash join is selected, it can use HotHash to
co-locate segments by using the combined data segment ID as the hash key. For example, if query;
accesses data segments A and B, HotHash co-locates A and B on the same node using the hash key
AB. This allows HotHash to support hash join or merge sort join.
Data Changes. This work focuses on caching raw inputs for scan operators in analytic workloads
where objects (data segments) are immutable, similar to other works [11, 44, 45]. However, HotHash
readily supports data deletion, insertion, and update. More specifically, when a cloud database inserts
new data records or deletes/updates existing data records, the system could use a Log-structured
Merge Tree (LSM)-like structure to efficiently generate new immutable segments. This is a typical
mechanism to handle data change in cloud databases [6, 12, 25]. In addition, this mechanism may
cause the deletion of existing data segments when compaction occurs. Handling new or deleted
segments in HotHash is straightforward. When a query accesses a new data segment, HotHash
simply hashes it to compute nodes, as described in Sec. 4. After a data segment is deleted, no queries
will access this segment anymore. Its corresponding cache on compute nodes will naturally be
purged by a cache eviction mechanism such as LRU.

4 The HotHash Techniques

In this section, we first introduce the key steps in HotHash. We then present the details of range
hashing and virtual hash ring. Finally, we show that HotHash incurs the same cost with consistent
hashing when handling node changes.

4.1 The Overall Process of HotHash

Next, we describe the details of HotHash, which mainly consists of 3 steps. Given a query g; and
data segment d; it accesses, HotHash (1) computes a range of the hash ring based on the hotness of
d;; (2) generates a hash ring for d;; and (3) distributes query ¢; among the nodes that fall into the
corresponding range of this hash ring.

As shown in Alg. 1, given a query g; accessing data segment d;, HotHash starts with conducting
range hashing: it computes the hash value loc = hash(d;) and the data frequency f;, (Lines 2-3),
and then computes range(d;) using loc and f, (Line 4).

Next, HotHash uses the virtual hash ring w.r.t. d; to decide the node group. If the virtual hash
ring has not been generated before, HotHash will generate a new permutation of nodes using a
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Algorithm 1: HotHash

Input: Queries, Nodes, timestamp
Output: Assignment

1 for g; € Queries do

2 loc = hash(d;)

3 fa; = frequency(d;)

4 range(d;) = [loc,loc + fy; * leng]

5 vring = virtualRing(d;)

6 if —oring then

7 L vring = permute(hash(d;), Nodes)
8 nodes =0

9 for node € vring do

10 if range(node) N range(d;) then
1 L L nodes.add(node)

12 node = assign(q;, nodes)

13 Assignment|q;] = node

14 update(d;, timestamp)

15 return Assignment

hash function that has hash(d;) as seed and store it for future use (Lines 5-7). In this way, even if
the node mapping of each hash ring is lost, HotHash can restore it with the hash function.

HotHash then produces the node group nodes by finding any node where the range it owns on
the corresponding virtual hash ring intersects with range(d;) (Lines 8-11). It assigns query g; to
one node within the node group and updates the frequencies of the historical queries accordingly
(Lines 12-14). Specifically, the node assignment function hashes g; (with its ID as key) to another
hash ring built over the node group nodes and uses the rule of consistent hashing (next node on
the ring) to find a node to serve g;.

HotHash uses hash functions and hash rings to identify a node group, map nodes to rings, and
choose a node to host a query, ensuring that it is compatible with consistent hashing.

Next, in Sec. 4.2 and Sec. 4.3, we present in detail range hashing and virtual hash ring, and use
an example to further illustrate HotHash’s query scheduling process sketched in Alg. 1.

4.2 Range Hashing

Range hashing is based on the hotness of the data. Therefore, we start with designing a lightweight
mechanism to measure this metric. We then show how to use data hotness to compute the range
that a data segment occupies on a ring,.

Sliding Window-based Data Hotness Evaluation. HotHash continuously updates data hotness
based on batches of queries that fall within a sliding window. For query batches arriving in future
windows, we first detect concept drift by measuring their correlation with the existing window
and update the data hotness if the correlation becomes small [36]. Specifically, we use the Pearson
correlation to measure the similarity between two windows and use a threshold of 0.5 in experiments
to determine whether the hotness distribution of data segments has changed. For example, given
segment IDs [A, B], if their frequencies change from [10, 20] to [100, 200], the correlation will be
high, indicating the distribution has little change. However, if their frequencies change from [10,
20] to [200, 100], the Pearson correlation will be low. We set the threshold to be 0.5 to allow some
fluctuations in the access patterns while still capturing the major changes. In this way, HotHash
keeps the hotness statistics stable to avoid unnecessary data transmission costs caused by frequent
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scheduling changes when the characteristics of the query workload fluctuate only slightly, while
still ensuring adaptation to new hotness patterns when significant drifts occur. In the future, we
will investigate how to dynamically tune this threshold with query latency as feedback.

Within the sliding window, HotHash increments the count of each data segment it accesses. The
frequency of a data segment is computed as the count of the data segment over the total counts of
all data segments accessed by queries in a window. Formally, we define data frequency as follows:

Definition 4.1. We use [m] to denote historical queries and [D] for the data segments used by
the queries. A query g; is denoted as q; = (i, d;) where i € [m] is the query ID and d; is the data
segment used by this query. The frequency of data d; € [D] is computed as f;, = % ild; = di]

For the example shown in Fig 3, the frequency of data segment A f4 is computed as the count of
accessing A (4) over the total count (6) of accessing data segments A and B: fy =4/6 ~ 0.67.

Computing Data Hotness with Other Metrics. Although in the above presentation we use the query
access frequency as the metric to measure hotness, any other metrics can be equally plugged into
HotHash. For example, we could use the same sliding window mechanism to collect the execution
time of historical queries per data segment and compute data hotness based on these statistics. Let
t(q;) be the historical execution time of g;. The data hotness of a data segment d; is then computed
as hg, = 271, t(qa;=d,) | X, t(qx)- HotHash is thus able to effectively handle scenarios where: (1)
different queries accessing the same data segment may incur different computational costs and (2)
data segments are in different sizes.
Computing the Range. Next, HotHash computes a range of the hash ring that a data segment d;
could fall into. Given a query ¢; = (i, d;), HotHash first uses consistent hashing to hash data d; to a
location on the ring denoted as loc(d;) = hash(d;), which is the start point of the range. Then, it
computes the length of the range as len(d;) = leng X fy,, where leng denotes the total length of the

whole ring. Formally, the range of d; is computed as follows:
range(d;) = [hash(d;), hash(d;) + leng X f3,] (1)

In Fig. 3, the length of the whole hash ring is 300 which bounds the possible hash value to [0,
300). Segments A and B are hashed to locations 50 and 60, respectively. Because we have computed
fa =2/3and fg = 1/3 in step 1, range(A) = [50, 250] and range(B) = [60, 160].

4.3 Virtual Hash Ring

For each new data segment d; that a query workload accesses, HotHash generates a random
permutation (virtual hash ring) of the nodes and stores it for later usage. Specifically, we mod-
ify the hash function to take a seed as an extra argument, where the seed is the hash value
of this data segment. We then use this new function to map nodes to a virtual hash ring.
The location of a node node; on a virtual hash ring w.rt. data segment d; is computed as
loc(node;) = PermuteHash(node;, seed = hash(d;)). Hashing with different seeds maps a node to
different locations on different virtual hash rings, equivalent to randomly permuting the nodes on
each virtual hash ring. In Fig. 3 step 3, the virtual hash rings are [nodey, nodey, node;] for A and
[node,, nodey, nodey] for B.

In summary, given any query g; that accesses data segment d;, the group of nodes to which g;
could be distributed is determined by range(d;) computed by Eq. 1 and the virtual hash ring w.r.t.
d;. In Fig. 3 step 4, the node group of A is [nodey, node; |, while the node group for B is [node;].
Assigning a Node From the Node Group. For each query ¢;, HotHash assigns one node from its
node group to serve the query. As depicted in Fig. 3 step 5, scan(A) will be distributed to nodey or
node;, while scan(B) always goes to node;.

Virtual Hash Ring: The Theory. We analyze how virtual hash ring addresses the increased
collision probability due to range hashing. Since the n physical nodes are randomly distributed on
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each virtual ring, a virtual node on a ring could correspond to any physical node. No matter to
which virtual node a query g; accessing data segment d; is mapped, it has a collision probability
% with another query g; accessing data segment d;. Therefore, statistically, HotHash has the
same collision probability as consistent hashing when processing queries accessing different data
segments. However, now two queries that access the same data segment d; have a probability of
'%1 going to two different nodes, where r denotes the number of nodes to which range hashing
replicates d;. This avoids overloading one node when d; is hot.

Virtual Hash Ring: No Additional Data Movement. Although a node exists on multiple hash
rings in HotHash, this does not introduce additional data movement under node churns. This is
because each ring is only responsible for one particular data segment. Therefore, given a ring, a
node will host only one data segment that falls into its range. In contrast, in consistent hashing,
multiple data segments might fall into the range that a node owns. Because both consistent hashing
and HotHash hash nodes and data segments to a ring, the random nature of hash functions ensure
that the expected number of data segments assigned to a node is equivalent in consistent hashing
and HotHash. Because data movement depends on the number of data segments assigned to each
node, HotHash does not incur additional data movement when adding or removing nodes.

4.4 Handling Node Removals and Additions

HotHash is able to keep the data-node mapping at a minimum cost when facing node changes,
same to consistent hashing.

The range hashing of HotHash maps each data segment to a range of the hash ring. This mapping
is invariant to the number of nodes and their permutations. A node node; could host a query
qi = (i, d;) if the range that node; owns on the hash ring intersects with range(d;), where the range
ownership of node; is determined in a way exactly the same to consistent hashing. Therefore, a
node addition or removal only impacts data segments falling into the range this node owns.

Furthermore, once a node node;, which could be a new node or existing node, takes over a data
segment d; from another node node; due to node removal or addition, node; is guaranteed to be in
the node group of d; if node; was in this node group, and vice versa. Therefore, HotHash is able to
correctly schedule the queries accessing data segment d; to node; and reuse the data cached on it.

For example, as shown in Fig. 3 step 4, if node, is removed, it does not impact queries accessing
data segment A, because node; is not in the node group of A ([nodey, node;]). On the other hand,
the node group of B changes from [node;] to [nodey], as now node, owns the range of node,.
Consequently, node, takes over data segment B, which HotHash is still able to find and reuse. On
the other hand, suppose a new nodes is inserted into a location between node; and nodey on A’s
virtual hash ring and after nodey on B’s virtual hash ring. On A’s virtual hash ring, because node;
owns a part of the range that node; owned before, part of node;’s queries (data segments) will
move to nodes. As with node;, now the new node node; becomes a member of A’s node group
([nodey, nodes, nodey]). Therefore, HotHash will begin scheduling queries that access A to nodes.
However, on B’s virtual hash ring, although nodes takes over a part of the range owned by node,
nodey is not in the node group of B and thus neither is nodes. Therefore, the queries that access B
remain unchanged.

5 Theoretical Analysis

Next, we show that HotHash has strong theoretical guarantees on both load balance and data
locality. We first introduce the additional notation used in the analysis in Sec. 5.1. We establish the
bounds on load imbalance and data locality in Sec. 5.2.
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5.1 Notation

To describe the load on nodes, we introduce the query assignment and node load formally as follows:

Definition 5.1. We use a to denote the query assignment. Each assignment a; € [m] represents
the node ID to which a query q; = (i, d;) is mapped. The load of a node k € [n] is computed as
> (a; = k) and we denote this by w.

We measure load imbalance as the variance of load on nodes.

Definition 5.2. Imbalance 7: First, consider the variance of a workload: o2 = % Do (B = wi ).
Assume all nodes are symmetrical and thus all wys follow the same distribution . Therefore, the
load on each node corresponds to a random variable w ~ 9. This gives o(w) = |% - w\, simplifying
the definition of imbalance as:

7= %Ea [o(w)] =E, |

o]

In Eq. 2, w is the random variable representing the load on each node, which is determined by
the assignment a, and E, denotes the expectation over all such assignment a.
Next, we define cache hit rate and data transmission cost to measure the data locality of HotHash.

Definition 5.3. Cache hit rate C is a measure of the proportion of data segments that are assigned

to the same node where they were previously assigned. It is computed as follows:
m

-1

l 1

c=— Z [Z[dj =di][a; = a;] > ol e [0,1]
i=1 | j=1

Here a; represents the node to which data segment d; is assigned. An assignment q; is considered a

hit if a previous assignment a; assigns the same data segment d; to the same node. Intuitively, C

represents the probability that a query could reuse the cached data.

Definition 5.4. Data transmission cost 7~ represents the number of data segments fetched from
remote storage. It is calculated as:
T =m(1-0C)

Intuitively, given a query, HotHash will trigger a data transmission if and only if the query misses

the cache. This explains why we compute the transmission cost in this way.

5.2 Bound on Workload Imbalance and Cache Hit rate

In this section, we first establish HotHash’s upper bound on load imbalance in Theorem 5.1. We
then show a lower bound on its cache hit rate in Theorem 5.2.

We introduce a parameter o (> 1) into Eq. 1 to trade-off load balancing and data locality. That is,
range(d) = [hash(d), hash(d) + leng X f7]. Given a data segment d, a larger & will lead to a smaller
range(d). HotHash thus will replicate d to a smaller number of nodes ng (ng o« nfy’), yielding a
better data locality but potentially a worse load balance.

Theorem 5.1. The load imbalance 7 of HotHash is at most:
7 <0(D%?) (3)

Here D represents the number of data segments, which is typically a large value. Therefore, if
we set « smaller than 2 (1 by default), the load imbalance 7 of HotHash will be very small.

Proor. Queries assigned to a specific node follow an accumulation of binomial distributions:

D . 1
w~D —dZ:;B(l,fd)B (mfd,W)
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m l—am 1-« 1
("’fd’ f“)NN(g”’ e (“ﬁ))

o 1
W~ %;ﬁdl_“B(l,f;‘)N (1, (1 - E))

By normal approximation:

Therefore, we have:

ol )

For convenience, we denote X ~ B(l,fd"‘) and Y ~ N(l, %ij"‘_l (1 - nfL“)) We could rewrite the
d

above as:

—w—1~z “ (XY - f%)

Notice that the binomial distribution and the normal distribution are independent. For X and Y,
E[X] = ff and E[Y] =1, thus:

By |2w-1] = Z E[XIE[Y] - ff) =

This shows that the load on each node is balanced in expectation. Now, consider E,[|7;w — 1|], by
the Chebyshev’s inequality:

n 1 n
Pr (‘—w - 1| > t) < —Var H—w - 1”
m 12 m

This gives:

n
—w — 1”
m

2 [zw-a] - [ o

We have shown that E[XY — f7] = 0, therefore:

Ew—l‘Zt)dtsC-Var[
m

Var[XY — f] = Var[X]Var[Y] + E*[Y]Var[X] + E*[X]Var[Y]
and

Var [

o)

D
Zf(l “Var[XY - il

d=1

'ﬁ“L\Hﬂo

i

+f7 “(1—]2)+— (I_Td)
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By the symmetry and the Lagrangian method, in the worst case, we have f; = % ford € [D].In

this case:
n
Var [ —w-1 ]
m
_(D*-1)(n-D% mD*'(D*-1) D**(n-D%)
- mDa+1 + mDa+1 mD+1 (4)
_nD"‘ —n—D?* + D%+ mD?*~1 —mD* ! 4 pp?* — D3«
- mDe+1
=0 (D*7?)
[m}
Theorem 5.2. The cache hit rate C of HotHash is at least:
C>1——O(—+1) %)
Accordingly, the data transmission cost 7~ is bounded by O (D + n):
T <0(D+n) (6)

Proor. To show that Eq. 5 holds, we first establish Eq. 7.

D
) f;‘) Y

1 2 n_|D
Cxz— > Imfy-nffl|>1-—0(=
d=1 N—— m
<nfy+1

S

From the derivation in Def. 5.3, we have:

m

i-1
=%Z > ld; =dilla; =ai] >ol
Jj=1

i=1

To simplify it, we group the queries first by data items, and then by node:

—
MT
i
—
S
Il
W
)
~.
|
Q
—
\%
(=]

2|
i=1 | j=1
D n m i-1
:%Z D ldi=d]lai = k] Z[dj=d][aj—k]>ol
d=1 k=1 i=1 )
1 D n m ’

y [di:d][ai =k] =Ol)
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By Eq. 1, given a data item d, the number of nodes in its node group is [nfJ], which means
Ey [3i,d; =d, a; = k|d] < Pry(k is in group of d) = %|'nfd”"|. This shows that Eq. 7 holds.
Note that ZdD:Ifd = 1. Because a > 1, this gives 25:1 fi < 1. Therefore, we have C > 1 -

%O ( % + 1). This shows that Eq. 5 holds. Accordingly, in the worst case, the transmission cost is
7 <O (D + n). Thus Eq. 6 holds. O

D denotes the number of data segments; m represents the number of queries in the workload;
and n is the number of nodes. By Eq. 5, the cache hit rate C relies on %. Because m is typically
much larger than D, C tends to be close to 1, indicating very high cache hit rate. Regarding the
data transmission cost 7 (Eq. 6), we will show in Sec. 5.3 that HotHash is guaranteed to be better
than the baseline.

5.3 HotHash Is Better In Theory

To show the theoretical advantage of HotHash, we first introduce a baseline, BalancedHash, which
enhances Bounded Load [7, 27] with our randomness idea introduced in virtual hash ring. We then
show that HotHash is superior to BalancedHash in both data transmission cost and cache hit rate.
BalancedHash: a Bounded Load-based Method. Given a query q that accesses a data segment A,
BalancedHash uses consistent hashing to map it to a node node;. If the workload of node; is lower
than a load bound B, node; will host this query, fetching the data segment A from the (remote)
storage, caching A here, and then processing the query g. Otherwise, g will be routed to another
node. As discussed in Sec. 4, routing the query to the next node in the hash ring along the clockwise
direction will increases collision probability [7] of queries that access different data segments, hence
more likely overloading the nodes.

BalancedHash avoids this problem by adopting one of our key ideas, namely introducing ran-
domness [7] into query routing. Rather than routing the queries linearly along the hash ring, it
randomly chooses the next hop for each query. More specifically, when routing a query, Balanced-
Hash modifies the IDs (keys) of its data segments and rehashes the query with consistent hashing
to a different location on the hash ring until finding a non-overloaded node.

To trade off load balance and data locality, we introduce an overload factor € into the definition
of workload bound.

Definition 5.5. Given a system with n nodes, the workload bound B = (1 + €) %ch, where L. denotes
the current workload of the whole system and € is an input parameter that has to be larger than 0.

By Def. 5.5, the larger € is, the more the system allows overloading a node. When ¢ is 0, the
system expects perfect load balance.
The Advantage of HotHash Over BalancedHash. First, we establish for BalancedHash an upper
bound of its worst-case cache hit rate. Consider a scenario where D = r”g — 1, where the number
of queries accessing each data segment, computed as m/D, is slightly higher than the load bound of
n

each node, computed as m/(7}). Consequently, we observe at least D = 7}~ — I query overflows.

Then BalancedHash needs to redistribute these overflowed queries to non-overloaded nodes,
1

which is a fraction p = 1— 5= of all the nodes. According to the geometric distribution, the
expected number of nodes that a query g has to traverse before finding a non-overloaded node
isL=1/(1-p) =1+ é Although this redistribution process only creates 1 data replication w.r.t.
query g, query q potentially touches L nodes, with node node; storing data segment d; of query ¢,
and so on.

We then construct a new workload by re-ordering the queries in the above workload. This new
workload moves query g before q;, causing g; to overflow instead of q. Consequently, g; triggers
another round of redistribution and creates a new data replication. The redistribution of ¢; again

touches a list of nodes, with node;, storing g; on data d;, etc. This process iterates until the query
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lands in a non-overloaded node. This in expectation takes L turns, resulting in a workload with L
data replications instead of 1.

Since in the initial workload we created an — I re-distributed queries, to construct a worst-case
query ordering, we adjust the ordering of each of these queries in the way described above. Then, the

total number of data replications it causes is (72 — 1) X L = (% — 1) (1+ 4). Therefore, the worst-
case data transmission cost for BalancedHash corresponds to gy = Q (D + (7% — 1) (1+ 1)) =

Q (D + n/e). To ensure load balance, ¢ has to be small (< 1) [7], leading to 1/e > 1. Therefore,
T = Q(D + n/e) > O(D + n) = TgotHash, proving that HotHash has a lower data transmission
cost, consequently a higher cache hit rate.

6 Experiments

In this section, we evaluate the performance of HotHash by focusing on the following questions:
« How does HotHash perform under various query workloads that have different sizes of datasets,
different sizes of data segments, different skewness factors, different number of queries?
« Is HotHash robust to dynamic workloads where data keep changing, hot data drifts over time,
and compute nodes change during query execution?
« How large is the overhead of HotHash including tracking data hotness and virtual hash ring?
« Ablation study: How do the range hashing, virtual hash ring, and the parameter « affect
HotHash?

6.1 Experiment Setup

Experiment Environment. We implement a prototype system to evaluate HotHash and baselines
in a cloud environment. It consists of a coordinator and a set of worker nodes. The coordinator
distributes analytical SQL queries to workers using different methods evaluated in this work. We run
experiments on the Google Cloud Platform (GCP) to evaluate HotHash in real cloud environment.
Data and Query Workloads. As discussed in Sec. 3.2, HotHash partitions tables into blocks and
caches data at the data segment level. Accordingly, we develop a data generator to generate data
block by block. Each data block by default is 440MB in its original format according to the typical
micro-partition size of Snowflake [11]. We also use smaller data block sizes of 10MB, similar to
FlexpushdownDB [45], to evaluate HotHash’s scalability to a large number of blocks. We control
the size of the datasets by varying the number of data blocks. We generate queries according to
Yahoo! Cloud Serving Benchmark (YCSB) [9]. To increase complexity, we apply different analytical
operations to the scanned data segments, such as SUM, MIN/MAX, AVG, and SORT. The query
generator imposes different levels of skewness on the IDs of data segments, and thus controls their
hotness.

We use the Zipfian [15] distribution to control the distribution of the query workload and vary
the skewness with a parameter 6. A larger 6 indicates higher skewness and a 0 that is close to 1
means low skewness [1]. Because all methods show similar trends on the two benchmarks, due to
the space limit, we only report the YCSB results except the experiments of varying query skewness.

We also generate more complex workloads to evaluate HotHash under a more dynamic and
realistic workload including: (1) data segments of different sizes, (2) hot data drifts over time, (3)
workloads with data changes, and (4) node removal/addition during query execution.

Moreover, we conduct experiments with Redset [41], which is a real-world analytical workload
collected from the Amazon Redshift cloud data warehouse. It is complex and skewed, containing
queries that access different numbers (2-15) of data segments and involve multiple types of analytical
operations.
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Hardware Resources. We run experiments on the GCP with 20 e2-highmem-4 compute nodes,
similar to the X-Large warehouse of Snowflake [11]. Each node has 4 vCPUs and 32GB memory.
The data blocks are stored in a standard GCP storage bucket, and each vCPU has around 1.2Gbps
network bandwidth. To avoid overflowing compute engines, each node uses 4GB memory to cache
data.
Baselines. We compare the following baselines:

« Consistent Hashing: The original consistent hashing [21] that assigns a query based on the data
it requires.

+ Bounded Load: Assign a query based on the data it requests and the workload of the node [27].
Distribute queries to the next node if a node is considered overloaded.

« BalancedHash: Assign a query based on the data it requests and the workload of the node.
Distribute queries via re-hashing to avoid cascade overflow [7] (Sec. 5.3).

« SPORE: Assign a query based on the data it requests and replicate a hot data with a fixed data
frequency threshold and replication factor [17] (Sec. 7).

« Reinforcement Learning (RL)-based scheduling: A learned scheduler designed to optimize load
balance and data locality.
Configurations. By default, we use a dataset with 15 data blocks. To evaluate HotHash’s perfor-
mance on datasets with more data blocks, we use two additional datasets with 10,000 blocks, but
each block is smaller. The default skewness parameter 0 is set to 1.3. This results in approximately
80% of queries that request 20% of data (hot data), similar to the skewness level of the Redset [41]
workload. For Bounded Load and BalancedHash, we use a default balancing parameter ¢ = 0.3
according to [7, 27]. This means allowing the most loaded node to have at most 1.3X of queries
than the average. For SPORE, we use the experiment configurations recommended in [17] with
a hotness threshold of 2,000 and a replication factor of 1. This means that queries accessing the
hottest data will be distributed to two nodes for load balancing. By [17], SPORE is not sensitive to
the hotness threshold and replication factor. For HotHash, we set the default « = 1, i.e., a scheduling

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 196. Publication date: June 2026.



HotHash : Hotness-Aware Consistent Hashing for Cloud Databases 196:17

—«-- Consistent Hashing --A- BalancedHash —#— Reinforcement Learning
Bounded Load —— SPORE —+— HotHash

P99 Latency (sec, log scale)

Execution Time (sec, log scale)

10! /
o 1
10MB 20MB 40MB 60MB 80MB 100MB 10MB 20MB 40MB 60MB 80MB 100MB
Data Segment Size Data Segment Size
(a) Average Execution Time (b) P99 Latency

Fig. 6. Varying Data Segment Sizes

—«-- Consistent Hashing --A-- BalancedHash —&— Reinforcement Learning
Bounded Load —e— SPORE —+— HotHash

P99 Latency (sec, log scale)

Execution Time (sec, log scale)

10%
Unif. 1.01 1.1 12 13 14 15 Unif. 1.01 1.1 1.2 13 14 15
Skewness Factor (YCSB) Skewness Factor (YCSB)

(a) Average Execution Time (b) P99 Latency

Fig. 7. Varying Workload Skewness with YCSB

strategy that strictly enforces load balance. When computing the hotness of data segments, we set
the sliding window to continuously track a batch of 500 queries.

The RL-based scheduler is implemented using a Deep Q-Network (DQN), with both the state and

multi-objective reward function designed to optimize load balance and data locality. Due to the
excessive cost of training on a real cloud environment, we have designed a simulation environment
to generate real-time cache and load states. This allows us to repeatedly retrain the scheduler in
different experimental setups.
Metrics. Every 30 seconds we roughly submit 500 queries to the system and run 20k queries in
total. We then report the average query execution time and the 99th percentile latency (tail latency).
We also report the cache hit rate and load imbalance factor, as well as the overhead that HotHash
introduces.

6.2 Evaluation With Varying Workloads

In this section, we evaluate the performance of HotHash by varying the data scales and the properties
of query workloads to show the effectiveness of HotHash under different scales of workload.

6.2.1 Varying dataset size

In this set of experiments, we vary the number of data blocks, but keep the skewness factor of the
workload fixed, targeting both “many segment per nodes” and “few very hot segments relative to
nodes” regimes.

Fig. 4 shows the average query execution time and the tail latency under the default dataset
configuration. We also report the results on the real-world Redset workload using much more (10k)
but smaller (10M) data blocks in Fig. 5.

HotHash consistently outperforms all baselines by a large margin, from 3% up to 150x. For the
default dataset configuration (Fig. 4), when the dataset has fewer than 30 data blocks, HotHash
outperforms SPORE by 3%, Consistent Hashing, BalancedHash, and RL-based scheduler by 5%, and

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 196. Publication date: June 2026.



196:18 Junyong Zhao, Jia Yuan, Zui Chen, Samuel Madden, and Lei Cao

—e.- Consistent Hashing --A- BalancedHash —— Reinforcement Learning
Bounded Load —e— SPORE —— HotHash

)
1

Execution Time (sec, log scale)

P99 Latency (sec,

300 400 500 600 700 800 300 400 500 600 700 800
Number of Queries per Batch Number of Queries per Batch

(a) Average Execution Time (b) P99 Latency

Fig. 8. Varying the Number of Queries in Query Workload

w8 Consistent Hashing mEE BalancedHash i@EE Reinforcement Learning
Bounded Load === SPORE @4 HotHash
1.4

Cache Hit Rate
o
»

o

Normalized Load STD
o

(a) Workload Imbalance (b) Cache Hit Rate

Fig. 9. Load Imbalance & Cache Hit Rate

Bounded Load by 25X in average execution time. The tail latency shows a similar trend in Fig. 4 (b).
When the dataset contains more than 35 data blocks, HotHash remains the advantage against the
RL-based scheduler and wins more against other baselines: it is 10X faster than SPORE, Consistent
Hashing, and BalancedHash, and is 50X faster than Bounded Load in execution time; its advantage is
even larger for tail latency, where it is 20X faster than SPORE, Consistent Hashing, and BalancedHash,
and is 150% faster than Bounded Load.

For the real-world Redset workload (Fig. 5), similarly, HotHash is at least 3 faster than RL-based
scheduler, BalancedHash, BalancedHash and SPORE, and 7X faster than BoundedLoad in both average
execution time and tail latency.

In particular, Bounded Load performs the worst. Although BalancedHash performs better than
Bounded Load, it does not show advantages over Consistent Hashing and SPORE for the following
reasons. When re-distributing queries to non-overloaded nodes, Bounded Load increases the collision
probability of queries, cascadingly overflowing a sequence of nodes. It thus tends to replicate both
hot and cold data segments all over nodes. Although BalancedHash mitigates this problem by
introducing randomness, it still suffers from spreading cold data segments, as analyzed in Sec. 5.3,
leading to high data transmission cost. SPORE slightly outperforms Consistent Hashing but is
much worse than HotHash. This is because SPORE replicates hot data to a fixed number of nodes,
leading to insufficient load balance. The RL-based scheduler slightly outperforms Consistent Hashing,
BalancedHash, and SPORE, but is slower than HotHash. This is because, while our simulation
environment can provide real-time feedback on cache locality and load balance, there remains a
gap between simulation and a real-world cloud environment, resulting in sub-optimal scheduling
decisions.

HotHash’s range hashing dynamically determines the size of the node group hosting hot data
segments. This achieves load balance while avoiding unnecessarily data replication. This advantage
becomes more apparent as the size of the datasets increases.
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Cache Hit Rate & Load Imbalance: Near Optimal. As shown in Fig. 9, HotHash achieves
a cache hit rate of 0.87 and a normalized load imbalance of 0.42. The cache hit rate is close to
Consistent Hashing (0.88), and the normalized load imbalance is close to BalancedHash (0.4), while
Consistent Hashing and BalancedHash are expected to achieve the best possible cache hit rate and
load imbalance, respectively. This shows that HotHash achieves a query scheduling policy close to
the optimal solution. Therefore, it is difficult for the baselines to outperform HotHash, even if we
have careful retrained the RL-based scheduler in each experiment setting.

6.2.2 Varying Data Segment Sizes

We evaluate how HotHash performs when processing queries accessing multiple data segments
using variable-sized data segments. We vary the size of each data segment from 10MB to 100MB.
The results are shown in Fig. 6. We observe that the size variance impacts all baselines, including
HotHash, since the data segment sizes directly determine the data transmission costs and affects the
query cost. The near optimal trade-off of data locality and load balance makes HotHash consistently
outperforms the baselines by a large margin, achieving improvements ranging from 40% to 60x.

6.2.3 Varying Workload Skewness
We evaluate how all methods perform under different levels of workload skewness. We vary the
skewness parameter 6, but use the default data and query configurations for the rest.

Fig. 7 show the results on the YCSB workloads. HotHash outperforms other methods from 3.5x
up to 100X, even if the workload is close to uniform. When the level of skewness gets larger (6 >
1.2), the execution time and the tail latency of Bounded Load and HotHash decrease. This is because
a largely skewed query workload is overwhelmed by hot queries requesting a small portion of data.
Therefore, for Bounded Load, query rescheduling and data replication are bounded to a small set of
nodes, leading to less data transmission. HotHash benefits from a more skewed workload, because
its range hashing bounds data replication to certain nodes.

For Consistent Hashing, as the level of skewness increases, the workload imbalance becomes
more severe on nodes, and therefore, its execution time and tail latency increase. SPORE does not
outperform Consistent Hashing on less-skewed workload, because the extra data transmission cost
in this case outweighs the performance degradation caused by workload imbalance. A similar trend
occurs for BalancedHash since it generates a more balanced query distribution by rehashing queries
to different places. When the level of skewness increases, queries jump through more hops from
their home nodes. This creates more data replications.

6.2.4 Varying The Number of Queries
We vary the size of the query workloads by tuning the number of queries in each batch with a fixed
skewness factor. We use the default setup otherwise.

Our HotHash significantly outperforms all baselines. As shown in Fig. 8 (a) and Fig. 8 (b), HotHash
is about 7x faster than SPORE, and RL-based scheduler, 10X faster than Consistent Hashing and
BalancedHash, and 70X faster than Bounded Load in average execution time. In terms of tail latency,
HotHash outperforms SPORE, and RL-based scheduler by 2.5, Consistent Hashing and BalancedHash
by 8%, and Bounded Load by 60X.

6.3 Evaluation With Dynamic Workloads
We evaluate HotHash under dynamic workloads where the data segments are updated, the data

access patterns change rapidly, and compute nodes join or leave the systems.

6.3.1 Data Changes
In this experiment, we evaluate how HotHash performs under data changes. We update the data
in the dataset and vary the percentage of data change from 0% to 30%. The results reported in
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Fig. 10 show a similar trend as in previous experiments, outperforming all baselines from 5X to
50% in average execution time and tail latency. This is because rehashing the newly updated data
segments do not introduce much overhead.

6.3.2 Concept Drift

We evaluate how HotHash adapts to workload shifts by varying the frequency of hot data drifts.
We compare HotHash with baselines under a workload with rapid hotness changes from every 2
minutes to every 30 seconds. As shown in Fig. 11, HotHash is still 2x faster than Rl-based scheduler,
SPORE, BalancedHash and Consistent Hashing, and 10X faster than BoundedLoad. This shows that
HotHash is able to mitigate the impact of hotness changes with the sliding window and Pearson
correlation. Thus, HotHash remains significantly faster than baselines.

6.3.3 Node Changes

We investigate how HotHash responds to node changes by adding and removing nodes during
query execution. As shown in Fig. 12 and Fig. 13, HotHash consistently outperforms all baselines by
a large margin. In particular, HotHash is 5X faster than Consistent Hashing, BalancedHash, SPORE,
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and the RL-based scheduler, and is 10X faster than Bounded Load in average execution time and tail
latency. These results demonstrate that HotHash maintains the data-node mapping at a minimum
cost under node changes just like Consistent Hashing, and remains its advantage against all baselines
under node changes.

6.4 HotHash Overhead

In this section, we measure HotHash’s overhead: (1) tracking data hotness and (2) storing virtual
hash rings.

In our experiments, we set each window to contain 500 queries. The cost of calculating data
hotness is around 300ms per batch. When amortized over each query within the batch, this cost is
negligible compared to the average query execution time and latency per query. Specifically, the
storage size of virtual hash ring is only 38KB, which is less than 0.002% of the dataset size in the
query workload, while the total computation cost to maintain virtual hash ring is approximately
0.5s, accounting for less than 0.03% of the overall query execution time. The computational cost to
add or remove a node from the virtual hash ring is around 250 us, which is less than 0.001% of the
average query execution time. In addition, we also measure the cost of redistributing data segments
caused by node churn. In HotHash, it corresponds to 7% of the total cost of data transmission, which
is very close to Consistent Hashing (6%).

We run additional experiments with 108 data segments, each 10MB. This results in 1PB data. Our
results show that the memory overhead of storing rings in this setting is only around 6.8MB, while
the data frequency statistics take around 310KB. Moreover, we also investigate opportunities to
further reduce memory consumption. Specifically, we run experiments that only storing the rings
of hot data segments whose frequency is above 0.1, while computing those of cold segments on the
fly. The results show that the memory overhead is further reduced to around 1.5MB, while the total
cost of computing rings on the fly is only 1.2s. Both are negligible compared to the total size of the
dataset and the total query execution time.

6.5 Ablation Study

We study the effectiveness of range hashing and virtual hash ring.

6.5.1 Range Hashing

We evaluate range hashing by constraining the maximal length of the range allowed for each range
hashing operation, i.e., the maximal replication factor, corresponding to the leng parameter in
Def. 1, Sec. 4. 0% indicates that a data segment is assigned to a single node, while 100% corresponds
to our original range hashing that allows replicating data to all nodes. The results (Fig. 14) show
that if HotHash assigns each data segment to one node, it performs similarly to Consistent Hashing.
As the length increases, HotHash performs better due to the more balanced load on nodes. With
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our original range hashing, HotHash is 5% faster than RL-based scheduler, SPORE, BalancedHash
and Consistent Hashing, and 10X faster than Bounded Load.

6.5.2  Virtual Hash Ring

We investigate the trade-off between the benefit and the overhead of the randomness that virtual
hash ring introduces. We control the randomness by varying the number of data segments that
share the same hash ring. HotHash represents the extreme case with maximum randomness, where
each data segment has its own hash ring. The other extreme is to let all data segments share a single
hash ring, as in Consistent Hashing. As shown in Fig. 15, at the maximum randomness where each
data segment has its own virtual hash ring, HotHash demonstrates the same performance gains as
shown previously. As randomness decreases, the performance of HotHash also degrades. When 5
or more data segments share the same virtual hash ring, HotHash’s performance is close to SPORE.
This is because if segments share a ring, HotHash tends to replicate hot segments to neighboring
nodes, resulting in a high collision probability and hence a less balanced load. This is similar to
SPORE, which replicates hot segments on the same hash ring, although using a different method
than HotHash. The experiment shows that the randomness of virtual hash ring helps greatly.

6.6 Varying Parameters

6.6.1 Varying Epsilon

We evaluate how the parameter ¢ affects the performance of Bounded Load and BalancedHash. Note
Consistent Hashing, SPORE, and HotHash do not use this parameter.

As shown in Fig. 16, HotHash consistently outperforms Bounded Load and BalancedHash as ¢
varies. When ¢ is close to 0.1, HotHash outperforms BalancedHash by 8% in average execution time
and 10X in tail latency. In addition, HotHash is about 20X faster in execution time and 100X faster
in tail latency compared to Bounded Load.
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When ¢ increases, the performance of Bounded Load and BalancedHash improves, although both
methods are still slower than HotHash by at least 5X. This is because a large ¢ trades off load balance
with cache hit rate, while a better cache hit rate reduces data transmission cost.

6.6.2 Varying Alpha

We evaluate how the parameter o affects HotHash. We vary the value of @ and compare HotHash
with other four baselines, which are not affected by a. As shown in Fig. 17, HotHash consistently
outperforms Consistent Hashing, SPORE and BalancedHash by 10X and Bounded Load by 50X,
indicating that « is not hard to tune.

7 Related Work

Consistent Hashing. In addition to cloud databases [11, 12], consistent hashing is widely adopted
in multiple areas, including web caching, distributed storage systems, and peer-to-peer networks.
Memcached [13] and Memcached-based systems [8, 28, 47] use consistent hashing to map hash keys
to cache servers. Many distributed key-value storage systems, including Apache Cassandra [25] and
Linked-in Voldemort [24] use consistent hashing to partition and distribute data items to storage
servers. Some distributed hash table (DHT) systems and peer-to-peer networks are designed based
on consistent hashing [5]. For example, Chord [37], Pastry [33], and CAN [31] use consistent
hashing to locate data stored on specific nodes and provide efficient routing.

Many of these systems use consistent hashing with virtual nodes for load balancing. At a high
level, each physical node (or server) is mapped to a set of virtual nodes on the hash ring, and data
(cache or keys) mapped to each virtual node is stored on corresponding physical nodes. This reduces
hot spots where some nodes store more data than others due to imbalanced hash key distribution.
However, virtual nodes cannot balance skewed workload, since data with the same key is still
mapped to a single node. Thus, hot data could still overload a node. In [7, 27], the authors improve
consistent hashing to evenly distribute clients to servers using the Bounded Load idea discussed in
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Sec. 1. However, it tends to spread data all over the nodes on the hash ring, incurring large data
transmission costs.

Similar to [27], the idea of Bounded Load is also used in the content delivery networks (CDN) [26]
where a hot object is replicated to multiple successor nodes. This increases the collision probability
when mapping hot objects to nodes.

SPORE [17] is an augmented Memcached variant that replicates hot keys to multiple nodes
to mitigate the impact of workload imbalance. In SPORE, each node maintains access counts of
the data segments locally. When the access counts on a node exceed a fixed threshold, the server
node replicates the hot key to a fixed number of nodes. This method, overlooking the relative
popularities among different data segments, tends to be less effective in balancing load. In contrast,
HotHash dynamically adjusts the replication rate of the data segments based on their hotness, thus
consistently outperforming SPORE as shown in our experiments (Sec. 6).

EC-Cache [30] balances workload on cloud object storage through erasure coding. A data segment
is encoded into multiple smaller data units stored on different storage servers. When a data segment
is requested, the compute node retrieves a subset of data units randomly from multiple servers.
However, although using EC-Cache to simultaneously access multiple storage servers improves
read performance, it does not address the load imbalance issue on compute nodes due to skewed
query workloads.

Snowflake [11] mitigates the impact of workload skewness through file stealing. When a node

finishes scanning its data, it requests from remote storage additional data that is supposed to be
processed by other slower nodes. However, reading additional data from remote storage inevitably
increases query latency. Moreover, implementing file stealing requires additional engineering work
whereas HotHash only modifies consistent hashing.
Straggler Mitigation. There have been many works focused on mitigating stragglers [14] in
distributed systems. While there are many reasons that could cause stragglers, slow nodes due to
overload are considered as one of the main sources of stragglers. A widely adopted solution in the
Map-Reduce systems is LATE [46]. LATE performs speculative detection on each node to detect
stragglers and launches copied tasks on faster nodes to accelerate the job. In addition, Hopper [32]
uses speculative straggler detection to proactively reserve time slots on faster nodes to take over
tasks on stragglers. Besides speculation, Dolly [3] generates multiple clones of tasks and executes
them within their specified resource budget. The earliest finished tasks are used to improve latency.
The key difference between our HotHash and these straggler mitigation techniques is that HotHash
is designed for cloud databases, where caching data on compute nodes and reusing the cache later
are vital to reduce query latency. Furthermore, unlike these works, HotHash does not require a
heavy change to the systems.

8 Conclusion

We present HotHash, a query scheduling mechanism for cloud databases that offers a strong
guarantee on both load balance and data locality under skewed workloads, while still preserving
the robustness to node changes provided by consistent hashing. The key ideas include range
hashing and virtual hash ring that together balance the workload, while at the same time avoiding
unnecessary data transmission. Our evaluation on various workloads and hardware configurations
shows that HotHash outperforms the state-of-the-art from 1.4X to 150X in execution time and tail
latency.
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