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Efficient concurrent data structures are important building blocks for accelerating applications on GPUs.
With the ever-increasing memory footprint of GPU workloads, data structures used by kernels can exceed
global memory capacity. Using the unified virtual memory (UVM) model is a popular approach for kernels to
oversubscribe GPU memory without the need for explicit memory management by a programmer. However,
we show that data structures executing with UVM can suffer from performance degradation due to the high
overheads associated with data migration and thrashing for irregular access patterns.

In this paper, we propose two-level hierarchical designs for hash table and skip list data structures that aim
to maximize access locality and handle use cases where the data structure oversubscribes GPU memory. The
outer-level container enables efficient jumps to desired regions of the data structure, while the inner container
allows operating on the data. The inner container is sized to facilitate efficient data transfers between the CPU
and the GPU. Experimental results on a diverse set of input operation sequences show that our data structure
designs substantially improve performance over optimized UVM baselines while supporting high degrees of
GPU memory oversubscription. Importantly, our proposed design, when used to implement key-value stores
in metagenomics classification and k-mer counting applications, achieves a geomean speedup of 2.06× for
hash table and 2.37× for skip list over baseline UVM implementations.
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1 Introduction
The high compute capability and memory bandwidth of GPUs, coupled with energy efficiency,
have spurred their usage across a diverse set of application domains including scientific computing
simulations, big data and large-scale graph analytics [36], and computational biology [53]. Im-
proved compute capabilities have led to a steady rise in the working set sizes of GPU-accelerated
applications, which now often far exceed the GPU global memory capacity [15, 41]. Hence, the
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traditional copy-then-execute (CTE) programming model is giving way to the newer unified virtual
memory (UVM) paradigm, where the CPU virtual address space is also visible to GPU kernels. GPU
vendors have introduced memory virtualization support through features such as unified virtual
addressing, demand paging, and prefetching. UVM allows the host CPU and discrete GPU devices
to share a unified virtual address space, enabling the GPU runtime to page memory in and out
as needed [5, 15, 28, 29]. Demand paging in UVM-capable GPUs facilitates transparent memory
oversubscription, improving programmer productivity, while the cost of servicing GPU page faults
can be reduced by prefetching a chunk of nearby pages [21, 41, 75, 76].
Writing correct but scalable multithreaded GPU kernels is a difficult art [58, 71]. In addition to

the algorithm and the compute capabilities of the GPU device, the scalability of the application
depends on the data structures used. For example, the performance of the Pinterest application
improved substantially by switching to GPU-accelerated hash tables [51]. Therefore, the design of
more complex structures such as lists and trees is an active area of research in the domain of GPU
computing [61]. Much recent work has focused on designing efficient data structures for use in
GPU code [6–9, 13, 14, 20, 22, 30, 31, 38, 38, 39, 44, 46, 47, 49, 52, 67, 72, 73, 77].

The Problem. The steady increase in the working set size and irregular access patterns of GPU
applications require efficient memory management so that the GPU data structures efficiently scale
with the input size. However, existing studies primarily focus on the traditional CTE model and
do not address how to design efficient data structures that oversubscribe memory, and developers
fall back to UVM. While UVM simplifies programming, its performance remains a significant
concern due to frequent far faults1, high address translation overheads, and high volume of page
replacement [3, 5, 10, 15, 21, 26, 33, 41, 64, 70, 75]. For instance, Lin et al. [42] find UVM-based
implementations competitive with the CTE model for workloads that fit in GPU memory, but about
7× slower with oversubscription. The performance degradation with UVM is more prominent in
applications with irregular access patterns and pointer chasing [3–5].
Hash tables and skip lists are two popular concurrent data structures for storing key-value

pairs [27, 38, 72]. Hash tables are widely used in various scientific applications like metagenomics
sequencing [36], photodna [66], and database indexing workloads. Skip lists are popularly used in
databases [24, 45, 63], networking [48], persistent memory [34, 40], concurrency control [12, 37, 74],
and for representing skewed data access patterns [11, 17]. Such applications, when run on GPUs,
often oversubscribe memory. For example, a genome database stored in a hash table is used for
query processing in metagenomics sequencing. The size of this database can grow to 50+ GB, easily
overflowing the GPU memory capacity.

Both hash tables and skip lists are characterized by input-dependent access locality [27]. Lack of
locality in the input key strings can lead to irregular access patterns and poor data locality. When
memory oversubscription is coupled with these performance pathologies, these data structures
exhibit very poor scalability. In this paper, we establish that UVM-based implementations of hash
tables and skip lists with oversubscription do not scale well with input size even when these imple-
mentations are optimized using data placement hints and prefetches based on memory/translation
usage [50]. We observe that the run times of these implementations increase exponentially with
input sizes indicating a clear performance bottleneck. We focus on alleviating this performance
pathology by proposing efficient designs of concurrent hash tables and skip lists for GPUs.

1Far faults, which occur when a requested page is absent in GPU global memory, require multiple PCIe roundtrips, and are
resolved after interacting with the CPU page tables. On NVIDIA GPUs, a far fault from a CUDA thread stalls the progress of
the warp containing the thread, possibly affecting the overall GPU throughput.
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Our Approach and Contributions. We propose novel designs of concurrent hash tables and skip
lists with improved locality while supporting efficient oversubscription and smart management of
pages resident in the GPU memory. Our design innovation involves a two-level anatomy of the
hash table and the skip list. In our two-level hash table proposal, the outer structure is a hash table,
where each slot points to an inner judiciously-sized hash table. We assume keys and values to be
unsigned integers each of size 4 bytes. The set of possible keys (i.e., [1, UINT32_MAX − 1]) is divided
into𝑀 equal-sized ranges, and the size of the outer hash table is𝑀 .2 If we denote the size of a range
by 𝑅, all keys in the range [𝑖 ∗ 𝑅, ((𝑖 + 1) ∗ 𝑅) − 1] map to the same slot of the outer hash table,
and are stored in the corresponding inner hash table, thereby offering locality within the range of
keys. The inner hash table is sized to be a small integral multiple of the GPU page size enabling
efficient page management and migration. We further propose a processing pipeline which includes
forming batches from the input data and reordering the input to improve data locality [44, 77].

Our skip list proposal uses the GPU-friendly skip list (GFSL) algorithm [47] as the baseline. First,
we optimize the baseline GFSL to ameliorate scalability bottlenecks arising from lock contention.
Next, we enhance it with UVM support by proposing a two-level hybrid structure where the outer
container is a hash table, the slots of which point to smaller skip lists. Each inner-level skip list
stores the keys of a range. In contrast to a monolithic skip list design like GFSL, the outer hash
table in our design quickly narrows the search for a key to the desired sub-region of the skip list,
and avoids generating a series of page faults for traversing the horizontal and vertical pointers in
the skip list. We apply the same processing pipeline as in our hash table proposal to the skip list
as well. This showcases the effectiveness and generality of our design paradigm across different
data structures under memory oversubscription. Our designs, when used to implement key-value
stores in metagenomics classification and k-mer counting applications [35, 36], achieve up to 2.3×
and 4.8× speedup for hash table and up to 2.6× and 35× speedup for skip list over an optimized
UVM-based baseline. This paper makes the following contributions:
• shows that UVM implementations of popular data structures do not scale well ( Section 3),
• proposes a hierarchical design for hash table that improves data locality and allows for
efficient page migration (Section 4.1),
• proposes performance optimizations on the state-of-the-art GFSL algorithm for skip list and
extends the design to reduce page faults under oversubscription (Section 4.2),
• presents a thorough evaluation that highlights performance gains of our proposal compared
to a meticulously optimized UVM-based baseline (Section 5), and
• highlights performance benefits of our proposal on metagenomics classification [36] and
k-mer counting [35] applications (Section 6).

2 Existing GPU Data Structures
In this section, we briefly review the existing designs of hash tables and skip lists for GPUs.

2.1 Hash Tables
Hash tables are used for tracking key-value relationships in a sparse domain because of their
expected constant time complexity for different operations like insert and search. The performance
of a hash table depends on the memory layout, the access pattern dictated by the sequence of keys
in the input operation string, the quality of the hash functions, the collision resolution schemes,
and the dynamic resizing techniques. Different approaches have been explored for CPUs [27, 43]
and many libraries provide efficient implementations with different features [18, 19].

2We reserve zero (called SENTINEL_KEY) to denote empty slots and UINT32_MAX (called TOMBSTONE_KEY) to denote a
deleted key.
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Hash tables for GPUs can be divided into static [2, 23, 25, 31, 32, 46] and dynamic [6, 8, 14, 30,
39, 77] designs. The container array is not resizable in static hash table designs, which implies that
these designs rely on a worst-case estimate of the number of unique keys for allocating memory.
Static allocation without an accurate estimate of the number of unique keys can waste memory.

GPU data structure kernels provide bulk APIs that work on multiple data elements in parallel to
avoid frequent expensive kernel launches [6, 14, 31, 44, 47]. A natural division of work in bulk-API-
based kernels is to assign an operation on a (key, value) pair to a CUDA thread. However, given the
potentially irregular input-dependent access pattern, assigning a different key to each thread leads
to control and memory divergence within a warp. The Warp-Cooperative Work-Sharing (WCWS)
strategy [6, 30–32, 47], tries to ameliorate this problem by assigning an operation to a warp. With
WCWS, all threads of a warp cooperatively complete the operation assigned to the warp.

SlabHash [6] uses closed addressing for conflict resolution. Unlike traditional linked lists, each
bucket in SlabHash is organized as a list of super-nodes. Each super-node consists of multiple
key-value pairs and a pointer to the next node, and is sized based on the warp size (e.g., 32 for
NVIDIA GPUs). DACHash [77] extends SlabHash to sort the input keys for better access locality,
and dynamically assigns work to either a thread or a warp based on the super-node count in the
relevant bucket.

WarpCore [31] proposes a static hash table with open addressing for resolving collisions. Warp-
Core assigns an operation on a (key, value) pair to one cooperative group (CG) following the
WCWS strategy, and all threads in a CG participate to carry out the operation (e.g., performs a
parallel probe to resolve conflicts). WarpCore may suffer from high overheads when there is a large
proportion of negative queries (e.g., failed delete or search operations) at high load factors because
it has to keep iterating through the hash table buckets till it encounters an empty slot [8].
DyCuckoo [39] divides the hash table array into 𝑑 smaller tables of equal capacity and uses

Cuckoo hashing [59] to lower the cost of rehashing when the table is resized. The hash table is
downsized or upsized only if the load factor crosses respective thresholds.

GPH [14] improves performance by using a prefect hashing scheme. GPH divides the hash table
into 𝑛 contiguous buckets, and stores the location of each bucket in an auxiliary array in per-SM
shared memory. GPH uses three hash functions to map a key 𝑘 to a bucket. The first function maps
𝑘 to an auxiliary array index 𝐼 . The second function calculates a virtual bucket ID using 𝑘 and the
mapping stored at index 𝐼 . The third function computes the destination bucket. The auxiliary array
allows GPH to perform an operation with a fixed number of probes. However, a small fraction of
insert operations may fail due to collision.

2.2 Skip Lists
A skip list [62, 72] is a probabilistic data structure that allows efficient insertion, deletion, and
search operations on sorted linked lists. A skip list is organized as a hierarchy of linked lists, where
higher-level lists are always contained in lower-level lists. The list at the lowest level (𝐿0) contains
the data elements in a sorted order. We refer to 𝐿0 as the data layer, and the upper levels as the index
layers. Unlike balanced trees, a skip list does not require expensive rebalancing after mutation
operations while achieving an expected logarithmic search time.

Misra and Chaudhuri [46] ported the linearizable construction of a lock-free skip list algorithm
described by Herlihy and Shavit [27] to GPUs. Moscovici et al. [47] proposed GPU-friendly skip
list (GFSL), which aims to reduce the memory footprint and the performance penalty caused by
uncoalesced global memory accesses. GFSL also uses the concept of super-nodes to build the linked
lists at each level. Figure 1 shows the organization of a super-node in the index and data layers of
GFSL. Each super-node in GFSL contains 𝑁 + 2 (key, value) pairs. A value field in a super-node of
an index layer 𝑖 stores the pointer (referred to as DownPtr) to the relevant super-node in the layer
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𝑖 − 1. The same value field in a super-node of the data layer stores the data value associated with
the corresponding key. The last two pairs of fields in a super-node are used to store the maximum
key in the super-node (MaxKey), a pointer to the next super-node at the same level (NextPtr), and a
lock to ensure mutual exclusion during concurrent mutations. Figure 2 shows a schematic of the
GFSL design where each super-node accommodates two keys. The bold dotted line shows the path
taken while searching for the key 11. A super-node is split if an insert operation finds the node to
be full, and a new super-node is added to the skip list containing half of the values from the split
parent super-node. In contrast to the traditional skip list, a key in GFSL is raised to the next higher
level only on a super-node split operation. Like hash tables, the super-node is sized to match the
size of a warp (i.e., 𝑁 + 2 is 32).

N+2 fields in Index layers

N+2 fields in Data layer

Key 1 Key 2 ... Key N

Val 1 Val 2 ... Val N

MaxKey

NextPtr

Key 1 Key 2 ... Key N

DownPtr DownPtr ... DownPtr

MaxKey

NextPtr

Fig. 1. Super-nodes in the index and data
layers of GFSL

-∞ 3 3

-∞ 2 2

102

3 8 8

103 105 111 114

9 10 10

9 11 11

199 200

11 16 16

-∞ 9 ∞ NextPtr
DownPtr

Search Path2

0

1

Levels

Fig. 2. GFSL with two keys per super-node. The bold dotted line
shows the path traversed while searching for the key 11.

While GFSL is a lock-based design for discrete-memory GPUs, CMSL [20] is a lock-free skip list
designed for Intel’s integrated GPUs using the “C for media” framework. CMSL has 16 keys per
super-node, and also employs instruction-level parallelism using vector instructions to read two
super-nodes in parallel. CMSL relies on the SIMD16 CAS instruction exclusive to Intel GPUs for
performing updates to the data layer blocks.

3 Designing UVM-Based Data Structures
We discuss UVM-based implementations of hash table and skip list that we use as the baseline
for this work as a first step toward enabling memory oversubscription. We also point out the
bottlenecks faced by these UVM-based data structure designs and why existing techniques that
aim to optimize UVM performance fail to address them.

3.1 Hash Tables with UVM Support
Our hash table implementation extends WarpCore [31] to support the UVM model. Henceforth,
we will refer to our UVM-enabled baseline hash table as HT-UVM. HT-UVM’s hash table is static,
similar to WarpCore. Hence, HT-UVM conservatively allocates an array of size ⌈(NUM_INS/LF)⌉ in
global memory using managed memory in CUDA, where NUM_INS is the number of insert operations
to be performed on the hash table and LF indicates the fraction of filled entries.HT-UVM implements
three kernels: insert(), delete(), and search(). The insert() kernel takes as input a pointer to the
hash table in GPU global memory and an array of key-value pairs that is to be inserted. The delete()
and search() kernels take a pointer to the hash table and an array of input keys as parameters. The
delete() and search() kernels also pass an output array which tracks the values (corresponding to
the input keys) that were operated on. The kernels in HT-UVM can be invoked both for a single
key or for a batch of keys; the latter avoids the overhead of repeated kernel launches. HT-UVM
implements WCWS. Algorithm 1 shows the high-level steps in the insert() kernel. The kernel
uses warp intrinsics to find an empty slot to insert the key and the value.
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Algorithm 1: Insert Operation in HT-UVM
Input: Hash table 𝐻𝑇 , Key 𝐾 , Value 𝑉

1 𝑖𝑛𝑑𝑒𝑥 ← (primaryHash(𝐾)) mod getSize(𝐻𝑇 )
2 if 𝐾 = 𝐻𝑇 [𝑖𝑛𝑑𝑒𝑥] .𝑘𝑒𝑦 then // Key exists, update value
3 𝐻𝑇 [𝑖𝑛𝑑𝑒𝑥] .𝑣𝑎𝑙𝑢𝑒 ← 𝑉

4 return false

5 while ∃ unchecked slots ∈ 𝐻𝑇 do // Search for an empty slot
6 while cooperative group 𝑐𝑔 finds at least one empty slot do // WCWS
7 𝑙𝑒𝑎𝑑𝑒𝑟 ← getFirstEmptySlot()
8 if 𝑐𝑔.𝑡ℎ𝑟𝑒𝑎𝑑_𝑟𝑎𝑛𝑘 () == 𝑙𝑒𝑎𝑑𝑒𝑟 then // Current thread found an empty slot
9 𝑜𝑙𝑑 ← atomicCAS(&𝐻𝑇 [𝑖𝑛𝑑𝑒𝑥] .𝑘𝑒𝑦, SENTINEL_KEY, 𝐾)

10 if old = SENTINEL_KEY then // Current thread inserted 𝐾

11 𝐻𝑇 [𝑖𝑛𝑑𝑒𝑥] .𝑣𝑎𝑙𝑢𝑒 ← 𝑉

12 return true

13 if a thread in 𝑐𝑔 found a key matching 𝐾 then // 𝐾 ∈ 𝐻𝑇 [𝑖𝑛𝑑𝑒𝑥 . . . 𝑖𝑛𝑑𝑒𝑥 + 𝑐𝑔.𝑠𝑖𝑧𝑒 ()]
14 𝐻𝑇 [𝑖𝑛𝑑𝑒𝑥] .𝑣𝑎𝑙𝑢𝑒 ← 𝑉

15 return false

16 𝑖𝑛𝑑𝑒𝑥 ← (𝑖𝑛𝑑𝑒𝑥 + secondaryHash(𝐾)) mod getSize(𝐻𝑇 ) // Double hashing probe

17 return false

Ki Ki+1 Ki+2 Ki+3 Kj Kj+1Keys

Values

cooperative group of
size 4 reload after double hashingh1(x) h2(x)

Fig. 3. Collision resolution in HT-UVM while inserting (x, y)

HT-UVM uses open addressing
with double hashing for collision res-
olution. Figure 3 shows how col-
lisions are detected and resolved.
The figure shows a CG having four
threads attempting to insert a key x

with value y. Suppose x hashes to the
slot denoted by ℎ1 (x), but the slot is
already occupied by key𝐾𝑖 . The other
threads in the CG parallelly probe the remaining slots after 𝐾𝑖 to find an empty slot where (x, y) can
be inserted. If all the slots probed by a CG are occupied (indicated by the shaded slots 𝐾𝑖 to 𝐾𝑖+3),
the CG probes alternate locations in the hash table ( slots 𝐾 𝑗 to 𝐾 𝑗+3) depending on the secondary
hash function ℎ2 (x). Threads with ranks 0 and 1 in the CG find slots 𝐾 𝑗 and 𝐾 𝑗+1 occupied, while
the threads with ranks 2 and 3 find slots 𝐾 𝑗+2 and 𝐾 𝑗+3 unoccupied. The CG chooses the earliest
available slot 𝐾 𝑗+2 as the index for inserting x, and the corresponding CG thread attempts to
atomically store (x, y) in slot 𝐾 𝑗+2. The insert operation completes on a successful atomic store. A
failed attempt indicates a concurrent insert to 𝐾 𝑗+2, and the CG reattempts insertion starting from
the next empty slot 𝐾 𝑗+3.

The probing scheme in HT-UVM differs from WarpCore in deciding when to terminate a search.
In WarpCore, a CG terminates its probe sequence either upon encountering a SENTINEL_KEY or
after retrying for a maximum of ⌈ (2

64−1)
2𝐶𝐺𝑆 ⌉ times to ensure complete scanning of the whole array,

where𝐶𝐺𝑆 is the size of the CG. In contrast, our HT-UVM design ensures that the size of the CG is
co-prime to the size of the hash table [1]. This guarantees that every slot in the hash table will be
visited within a number of probes equal to the hash table size. This approach significantly reduces
the overhead during negative queries, while still ensuring complete coverage of the probe space.
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UVM Support. The vanilla implementation performs very poorly with more than 50% oversub-
scription. A general good-quality hash function distributes the memory accesses across different
buckets, which leads to touching random pages depending on the input key pattern. Oversub-
scription further leads to many pages storing hash table data to get evicted (based on variants of
least-recently-faulted replacement policy implemented by the contemporary NVIDIA GPUs [5]).
This gives rise to frequent far faults. Far faults are expensive because they incur overheads of
page unmapping on the CPU, page migration to the GPU, and installing page table entries in the
GPU. Multiple concurrent warps (or CGs) stall waiting for their respective far faults to be resolved,
thereby hurting performance [64, 65]. For example, in our experiments (details discussed in later
sections), the insert() kernel does not finish within even 20 hours with 100% oversubscription3 on
a GPU with 16 GB memory.
We optimize data movement by incorporating memory advise and prefetching hints [54].

The best combination of hints for the insert() kernel found through empirical evaluation is
cudaMemAdviseSetAccessedBy and cudaMemPrefetchAsync for the hash table array and the input ar-
ray (not shown in Algorithm 1). The first hint indicates that the hash table array, the input array, and
the auxiliary array will be predominantly accessed by the GPU, allowing the runtime to pre-map the
page table entries on the GPU without actually migrating the data. The cudaMemPrefetchAsync hint
allows the runtime to asynchronously prefetch the hinted pages before the kernel starts, thereby
reducing the initial far faults. We also experimented with the cudaMemAdviseSetPreferredLocation

and cudaMemAdviseSetReadMostly hints. The cudaMemAdviseSetPreferredLocation hint indicates a
preferred location (CPU or GPU) for a memory region, but it does not improve performance because
the hash table pages anyway get evicted due to oversubscription. The cudaMemAdviseSetReadMostly
hint is not applicable as we update the hash table across kernel launches.

3.2 Skip Lists with UVM Support
We extend GFSL [47] with UVM support to enable oversubscribing the GPU memory, and refer
to this design as SL-UVM. SL-UVM supports insert(), delete(), and search() kernels, similar to
HT-UVM. In the following, we first briefly describe the important operations of SL-UVM, based on
the GFSL proposal. Next, we discuss how we enable a vanilla UVM support on top of GFSL.

Efficiently Locating the Candidate Node. Given an input key 𝐾 , a common requirement across
insert, delete, and search operations is to efficiently determine the location of a candidate super-
node containing key 𝐾 . Algorithm 2 shows the pseudocode for finding the candidate super-node. To
determine the location of the candidate super-node, a warp starts traversal with the first super-node
at the topmost index layer. The penultimate thread in the warp compares 𝐾 to the MaxKey field of
the super-node. If MaxKey is smaller than 𝐾 , the search continues to the next super-node at the
same index layer following the pointer NextPtr. On the other hand, if 𝐾 is less than the MaxKey, the
warp probes all data locations in the super-node simultaneously to identify the largest key 𝐾 ′ ≤ 𝐾 .
The pointer DownPtr corresponding to 𝐾 ′ is used to traverse down to the next lower index layer. If
all the keys in a super-node are greater than 𝐾 , the algorithm backtracks to the previous node, and
performs a downward traversal using the pointer corresponding to MaxKey of the previous node.
The pointer of the previous node is maintained during lateral traversal for efficient backtracking.
The search continues till the data layer 𝐿0. All the keys in a super-node in the data layer are probed
using warp-level primitives, and the traversal continues to the next lateral node if 𝐾 is greater than
MaxKey; otherwise, 𝐾 must lie in the current super-node if it is present in the skip list.

3100% oversubscription means the application’s memory footprint is 2× the size of GPU’s global memory.
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Algorithm 2: Find Candidate Node in a Skip List
Input: Skip list 𝑆𝐿, search key 𝐾
Output: Candidate super-node 𝑁𝑜𝑑𝑒 at data layer 𝐿0 such that 𝐾 ∈ 𝑁𝑜𝑑𝑒

1 𝐿𝑡𝑜𝑝 ← Highest non-empty index layer in 𝑆𝐿; 𝑙𝑒𝑣𝑒𝑙 ← 𝐿𝑡𝑜𝑝

2 𝑁𝑜𝑑𝑒𝑐𝑢𝑟𝑟 ← First node in the index layer 𝐿𝑡𝑜𝑝 ; 𝑁𝑜𝑑𝑒𝑝𝑟𝑒𝑣 ← 𝑁𝑈𝐿𝐿

3 while 𝑙𝑒𝑣𝑒𝑙 > 0 do // Traverse down the index layers to reach the data layer
4 while 𝑁𝑜𝑑𝑒𝑐𝑢𝑟𝑟 .𝑀𝑎𝑥𝐾𝑒𝑦 < 𝐾 do // Lateral traversal in current index layer
5 𝑁𝑜𝑑𝑒𝑝𝑟𝑒𝑣 ← 𝑁𝑜𝑑𝑒𝑐𝑢𝑟𝑟 ; 𝑁𝑜𝑑𝑒𝑐𝑢𝑟𝑟 ← 𝑁𝑜𝑑𝑒𝑐𝑢𝑟𝑟 .𝑁𝑒𝑥𝑡𝑃𝑡𝑟

6 ProbeSuperNode(𝑁𝑜𝑑𝑒𝑐𝑢𝑟𝑟 , 𝐾) // Parallel comparison using warp intrinsic

7 if ∀𝑥 ∈ 𝑁𝑜𝑑𝑒𝑐𝑢𝑟𝑟 .𝐾𝑒𝑦𝑠, 𝑥 > 𝐾 then
8 𝑁𝑜𝑑𝑒𝑐𝑢𝑟𝑟 ← 𝑁𝑜𝑑𝑒𝑝𝑟𝑒𝑣 .𝐷𝑜𝑤𝑛𝑃𝑡𝑟 [𝑁𝑜𝑑𝑒𝑝𝑟𝑒𝑣 .𝑀𝑎𝑥𝐾𝑒𝑦] // Backtrack

9 else // Down traversal: find the largest key 𝐾 ′ such that 𝑘 < 𝐾

10 𝐾 ′ ← max{𝑥 ∈ 𝑁𝑜𝑑𝑒𝑐𝑢𝑟𝑟 .𝐾𝑒𝑦𝑠 | 𝑥 < 𝐾}
11 𝑁𝑜𝑑𝑒𝑐𝑢𝑟𝑟 ← 𝑁𝑜𝑑𝑒𝑐𝑢𝑟𝑟 .𝐷𝑜𝑤𝑛𝑃𝑡𝑟 [𝐾 ′] // Move down

12 𝑙𝑒𝑣𝑒𝑙 ← 𝑙𝑒𝑣𝑒𝑙 − 1
13 while 𝑁𝑜𝑑𝑒𝑐𝑢𝑟𝑟 .𝑁𝑒𝑥𝑡𝑃𝑡𝑟 ≠ 𝑁𝑈𝐿𝐿 ∧ 𝐾 > 𝑁𝑜𝑑𝑒𝑐𝑢𝑟𝑟 .𝑀𝑎𝑥𝐾𝑒𝑦 do // Search the data layer
14 ProbeSuperNode(𝑁𝑜𝑑𝑒𝑐𝑢𝑟𝑟 , 𝐾)
15 𝑁𝑜𝑑𝑒𝑐𝑢𝑟𝑟 ← 𝑁𝑜𝑑𝑒𝑐𝑢𝑟𝑟 .𝑁𝑒𝑥𝑡𝑃𝑡𝑟 // Continue with lateral search

16 return 𝑁𝑜𝑑𝑒𝑐𝑢𝑟𝑟 // Contains key 𝐾 if present

Supporting Operations. An insert operation first searches the candidate super-node where 𝐾 is
to be inserted. If the super-node is not full, the node is locked and 𝐾 is added to the super-node;
otherwise a new super-node is created, the keys in the candidate super-node are split, and half
of the keys from this node are transferred to the new node. The key 𝐾 is added to either the old
candidate node or the newly created node based on the sorted order of the keys. After the split,
the keys in the old candidate super-node are raised to the index layer 𝐿1. Algorithm 3 shows the
pseudocode for inserting a (key,value) pair to a skip list. For search, once a candidate node is
identified, warp-level intrinsics are used to compare the data fields of the super-node with the input
key 𝐾 in parallel. The corresponding value is returned if 𝐾 is found; otherwise the search returns a
negative value denoting absence of 𝐾 in the skip list.
A delete operation on key 𝐾 needs to handle three scenarios: (a) remove 𝐾 from the candidate

super-node (say 𝑁𝑜𝑑𝑒𝑐 ) without a need for merging super-nodes, (b) merging super-nodes is
required on deletion, and (c) 𝐾 is found in the last node at a level. In case (a), 𝐾 is deleted, and
the subsequent keys in 𝑁𝑜𝑑𝑒𝑐 are shifted to their left atomically to fill the vacant slot. The MaxKey

field is updated prior to deletion of 𝐾 for correctness. In case (b), a merge operation is performed
when the removal of 𝐾 reduces the number of keys in 𝑁𝑜𝑑𝑒𝑐 to one-third of the maximum super-
node capacity. All the remaining keys in 𝑁𝑜𝑑𝑒𝑐 are merged with the next super-node in the same
layer (say 𝑁𝑜𝑑𝑒𝑐+1), and 𝑁𝑜𝑑𝑒𝑐 is marked for physical deletion. If 𝑁𝑜𝑑𝑒𝑐+1 cannot accommodate
the keys from 𝑁𝑜𝑑𝑒𝑐 , the super-node 𝑁𝑜𝑑𝑒𝑐+1 is split. Half of the keys of 𝑁𝑜𝑑𝑒𝑐+1 are moved to
the newly created node arising from the split, and keys from the candidate node 𝑁𝑜𝑑𝑒𝑐 are copied
to the newly-created super-node. In case (c), if 𝐾 is the last remaining key in the last node of the
level, the key 𝐾 is deleted without marking the candidate node for physical deletion.

UVM Support. To enable a vanilla UVM support, we incorporate managed memory allocation for
the super-nodes of GFSL. We also experiment with the memory advise and prefetch hints, and find
that only prefetch hints are useful for the super-nodes of SL-UVM and the input key array. We do
not use any hints for the auxiliary value array.
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Algorithm 3: Insert Operation in SL-UVM
Input: Skip list 𝑆𝐿, key 𝐾 , and value 𝑉
Output: A Boolean variable indicating the status of the operation

1 𝑁𝑜𝑑𝑒𝑐 ← FindCandidateNode(𝑆𝐿, 𝐾) // Search for the candidate super-node

2 if 𝐾 ∈ 𝑁𝑜𝑑𝑒𝑐 then
3 return false // Update the corresponding value 𝑉

4 if ¬isSuperNodeFull(𝑁𝑜𝑑𝑒𝑐 ) then
5 Lock(𝑁𝑜𝑑𝑒𝑐 )
6 InsertSorted(𝑁𝑜𝑑𝑒𝑐 , 𝐾,𝑉 ) // The keys in 𝑁𝑜𝑑𝑒𝑐 are kept sorted

7 Unlock(𝑁𝑜𝑑𝑒𝑐 )
8 return true
9 else // Super-node is full and a split is required
10 𝑁𝑜𝑑𝑒𝑛𝑒𝑤 ← AllocateNewSuperNode()
11 Lock(𝑁𝑜𝑑𝑒𝑐 ); Lock(𝑁𝑜𝑑𝑒𝑛𝑒𝑤)
12 𝑚𝑖𝑑𝐾𝑒𝑦 ← GetMedianKey(𝑁𝑜𝑑𝑒𝑐 ) // Transfer half of keys to the new node

13 MoveUpperHalfKeys(𝑁𝑜𝑑𝑒𝑐 , 𝑁𝑜𝑑𝑒𝑛𝑒𝑤) // Move from 𝑁𝑜𝑑𝑒𝑐 to 𝑁𝑜𝑑𝑒𝑛𝑒𝑤

14 if 𝐾 < 𝑚𝑖𝑑𝐾𝑒𝑦 then // Insert into the appropriate node in sorted order
15 InsertSorted(𝑁𝑜𝑑𝑒𝑐 , 𝐾,𝑉 )
16 else
17 InsertSorted(𝑁𝑜𝑑𝑒𝑛𝑒𝑤, 𝐾,𝑉 )
18 𝑁𝑜𝑑𝑒𝑛𝑒𝑤 .𝑁𝑒𝑥𝑡𝑃𝑡𝑟 ← 𝑁𝑜𝑑𝑒𝑐 .𝑁𝑒𝑥𝑡𝑃𝑡𝑟 ; 𝑁𝑜𝑑𝑒𝑐 .𝑁𝑒𝑥𝑡𝑃𝑡𝑟 ← 𝑁𝑜𝑑𝑒𝑛𝑒𝑤

19 PromoteKeys(𝑁𝑜𝑑𝑒𝑐 , 𝐿1) // Old keys are raised to index layer 𝐿1
20 Unlock(𝑁𝑜𝑑𝑒𝑛𝑒𝑤); Unlock(𝑁𝑜𝑑𝑒𝑐 )
21 return true

// Hints for the data structure DS (either hash table or skip list)
cudaMemPrefetchAsync(DS, ...);
cudaMemAdvise(DS, ...); // Explore all three possible advises
// Hints for the input array of keys and values kv_pairs
cudaMemPrefetchAsync(kv_pairs , ...);
cudaMemAdvise(kv_pairs , ...);
launchKernel <<<... >>>(DS, kv_pairs , ...); // insert , delete , and search

Listing 1. Sample driver to show application of memory advise and prefetch hints

Listing 1 shows a generic driver to execute the insert, delete, and search operations on the
HT-UVM and SL-UVM designs. The code snippet shows the locations of the CUDA memory advise
and prefetch hints in the driver.

3.3 Shortcomings of the Vanilla UVM Design
To study the baseline UVM designs, we evaluate how the insert() and search() kernels inHT-UVM
and SL-UVM scale with varying degrees of oversubscription. Figure 4 shows the performance
results for two input sequences. The sparse unique (SU) input has unique keys randomly distributed
over the allowed range of 32-bit keys. The monotonically increasing (MI) input has unique keys in
strictly increasing order. All the run times are shown in log scale. The x-axis shows the length of
the input key sequence that is operated on, with 2 × 109 and 1.25 × 109 keys roughly saturating
the GPU global memory for the HT-UVM and SL-UVM designs respectively. Beyond 2 × 109 keys,
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Fig. 4. Scaling of HT-UVM and SL-UVM with oversubscription

the GPU memory is oversubscribed for HT-UVM and the 100% oversubscription point is reached
with 4 × 109 keys (ignoring the auxiliary value array). For the same input size, SL-UVM has a
bigger memory footprint than HT-UVM arising from maintaining the down pointers between the
skip list levels and the partially filled super-nodes created due to split operations invoked in the
insert() kernel (lines 10–13 in Algorithm 3). For SL-UVM, the GPU memory is oversubscribed
beyond 1.25 × 109 keys and the 100% oversubscription point is reached with 2.5 × 109 keys.
Figure 4a shows the run time of the insert() and the search() kernels for HT-UVM without

data placement and prefetch hints. When there is no oversubscription, i.e., input size is 1.5 × 109,
the insert() kernel completes within seconds with both inputs. However, the search() kernel
suffers from far faults even for an input of 1.5 × 109 keys because the search operation is done on a
pre-built hash table having 4 × 109 keys, which overflows the GPU memory. We employ a pre-built
hash table for search workloads to effectively capture diverse access patterns across the traces
evaluated in our study. Additionally, any locality in the input stream of the search operation gets
destroyed by the hash function which can map even consecutive keys to different pages of the hash
table. In contrast, the insert() kernel gradually grows the hash table and hence, for 1.5 × 109 keys,
the hash table pages remain resident in GPU memory. But once oversubscription sets in (i.e., 2× 109
keys onward), the time taken by both kernels on both inputs runs into hours. Both kernels fail to
complete for 3.5 × 109 and 4 × 109 input keys even after 20 hours, which we use as the timeout
bound for all our hash table experiments. Figure 4b shows that the run time of both the kernels for
HT-UVM with data placement and prefetch hints reduces from hours to minutes, underscoring the
importance of these hints in UVM-enabled designs. Even the inputs having 3.5 × 109 and 4 × 109
keys complete under half an hour. However, the run time of the insert() kernel continues to grow
exponentially in input size. Its run time increases from under hundred seconds to thousand seconds
as the input size increases from 2 × 109 keys to 4 × 109 keys. The run time of the search() kernel
scales relatively slowly compared to the insert() kernel, but the growth is still superlinear.

Figure 4c shows a similar trend for SL-UVM in the presence of the data placement and prefetching
hints. With the SU input, the search() kernel is more expensive than the insert() kernel up to
2 × 109 keys, beyond which point the insert() kernel ends up spending most of its time waiting
for far faults to resolve and fails to complete within 72 hours, which we use as the timeout bound
in all our skip list experiments. Importantly, the difficulty of scaling the footprint of a skip list is
also reflected in the scale of the y-axis of Figure 4c, which runs into several tens of hours. The
difference between the insert() and the search() kernels for SL-UVM is that the latter works on a
pre-built skip list. With oversubscription, the search() kernel suffers from poor locality from the
very beginning of execution because the search key could lie anywhere in the pre-built skip list. On
the other hand, the insert() kernel enjoys comparatively better locality and does not encounter
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far faults until the skip list starts overflowing GPU memory. For the MI input, the insert() and
search() kernels’ run time on SL-UVM scales relatively slowly compared to the SU input. The
insert() kernel takes minutes and the search() kernel takes seconds to complete for the MI input.
The locality in the input key stream present in theMI input leads to significant reduction in the
run time for the kernels. The working set of a contiguous batch of keys in the input is limited to a
part of the skip list, thereby providing good performance. The search() kernel outperforms the
insert() kernel for theMI input by utilizing the parallel resources of the GPU due to absence of
locks. The insert() kernel’s performance remains limited by lock contention despite good locality
in theMI input. We present techniques to alleviate this lock contention in Section 4.2. Overall, both
the insert() and search() kernels show superlinear growth in run time as the input size increases.
HT-UVM and SL-UVM suffer from poor scalability whenever there is a lack of locality in the

input key pattern leading to accesses going to distant parts of the data structure within a short
time window. With oversubscription, this increases the possibility of the requested page being not
resident in GPU memory, leading to frequent far faults. Additionally, the hash function in HT-UVM
may map even consecutive keys to buckets resident in different pages, thereby destroying any
locality present in the input key stream.

To further study the benefits of the data placement and prefetching hints, Figure 5 quantifies the
volume of far faults observed by the insert() kernel of HT-UVM running on theMI input without
any hint. For comparison, it also shows (along the right y-axis) the volume of remote mapping
events (a reasonable proxy for far faults) when hints are enabled. The number of page faults is
significantly reduced with hints. The hint cudaMemAdviseSetAccessedBy, used for the hash table
pages, does not trigger data migration, but only sets up the virtual to physical address translation
entries in the GPU page table [54]. Instead of migrating pages, this hint allows the GPU to access
the hash table pages from the CPU memory through the communication network (e.g., PCIe or
NVLink), thereby lowering the degree of GPU memory thrashing. These accesses lead to remote
mapping events and do not manifest as page faults. This is why the volume of remote mapping
events captures the overhead of accessing the hash table pages from the system memory. However,
remote mapping helps only when the degree of GPU memory oversubscription is small because
remote accesses are faster than serving frequent page faults by the driver [28]. As the input sequence
length increases, the increasing degree of memory oversubscription results in a linear increase
in the volume of remote mapping events, since a larger fraction of GPU pages are evicted. This,
in turn, increases the communication and contention on the PCIe/NVLink interconnect leading
to overall poor scalability of the HT-UVM design even in the presence of the data placement
and prefetching hints. As a result, frequent use of remote mapping events may result in poorer
performance compared to serving page faults in certain situations. Thus, the optimal set of hints
for a data structure may depend on the input pattern as well as the input sequence length, adding
an extra layer of complexity to program analysis techniques [10, 28].

We further study the scalability of a real-world application that uses HT-UVM and SL-UVM to
implement key-value stores. Figure 6 shows the scaling of a metagenomics classifier [36] with data
placement and prefetching hints enabled. Both HT-UVM and SL-UVM exhibit poor scaling behavior
in the two key phases of the metagenomics classifier, namely, Build (uses the insert() kernel) and
Classify (uses the search() kernel). As the degree of memory oversubscription increases from 0%
to higher levels, the run time of both the phases increases non-linearly. Without data placement
and prefetching hints, the application run time degrades dramatically, reaching the order of hours.

These results demonstrate that far page faults and page migration significantly impact the perfor-
mance of real-world applications under memory oversubscription, highlighting their importance
in everyday use cases. Existing techniques, such as prefetching, page placement hints, and page
replacement policies, optimize memory usage, but often fail to be effective when applications with
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Fig. 6. Scaling of a metagenomics classifier application [36] that
uses HT-UVM or SL-UVM with memory oversubscription

irregular access patterns oversubscribe GPU memory [3, 5, 21, 75, 76]. Applications with irregular
access patterns, e.g., graph-based applications and concurrent GPU data structures that require
pointer chasing, have poor locality, making prefetching counterproductive. Thus, it is imperative
to come up with targeted novel data structure designs that can scale with the input size.

4 Designing Oversubscribed Data Structures
Scaling HT-UVM and SL-UVM to high degrees of GPU memory oversubscription requires novel
designs that take into consideration the potential lack of locality in the input access patterns. In
the following, we discuss the design of a hash table and a skip list that scales better with input size.

4.1 Hash Tables with Memory Oversubscription
The key insights for minimizing page faults are to (i) group nearby keys in the input sequence
to enhance the locality of the input, and (ii) translate the locality, if any, present in the input
sequence to the hash table architecture. The first requirement ensures that keys within the same
page are processed together (i.e., near in time) leveraging spatial locality. The second requirement
implies that the nearby keys map to nearby memory pages of the hash table. This is, in general,
challenging because a general hash function may end up mapping even consecutive keys to far
apart pages. Taken together, the aforementioned two requirements optimize memory access pattern
and facilitate efficient prefetching, which, in turn, reduces the frequency of on-demand page faults
and subsequent stalls during operations improving overall performance.
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Fig. 7. Layout of HT-OVS showing its hier-
archical structure

We propose a two-level hash table structure, denoted
by HT-OVS, where the outer hash table categorizes keys
into ranges while each inner hash table stores the actual
(key, value) pairs belonging to the corresponding key
range. Figure 7 shows the layout of our proposed design.
We design the outer hash table such that the keys map-
ping to an outer hash table entry belongs to a contiguous
range, satisfying the first requirement. The entire range
of keys captured by one outer hash table entry gets co-
located within the pages of one inner hash table, thereby
satisfying the second requirement as well.

The outer hash table is allocated using cudaMallocManaged(),
the UVM managed memory allocation API of CUDA. The number of entries in it is determined as
MAX_KEY/INNER_HT_SIZE at run-time, where MAX_KEY represents the maximum value a key can take
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Algorithm 4: Insert Operation in Two-level HT-OVS
Input: Hash table 𝑂𝑢𝑡𝑒𝑟𝐻𝑇 , Key 𝐾 , and Value 𝑉

1 𝑖𝑛𝑑𝑒𝑥 ← 𝐾/𝐼𝑁𝑁𝐸𝑅_𝐻𝑇_𝑆𝐼𝑍𝐸 + 1 // Locate the index in outer hash table

2 if 𝑂𝑢𝑡𝑒𝑟𝐻𝑇 [𝑖𝑛𝑑𝑒𝑥] .𝑅𝑎𝑛𝑔𝑒 = 𝑁𝑈𝐿𝐿 then // Inner hash table is empty
3 𝑂𝑢𝑡𝑒𝑟𝐻𝑇 [𝑖𝑛𝑑𝑒𝑥] .𝑅𝑎𝑛𝑔𝑒 ← 𝑖𝑛𝑑𝑒𝑥 // Update range tracked by outer hash table

4 Call Algorithm 1 // Insert (𝐾,𝑉 ) in inner hash table

and INNER_HT_SIZE is the number of keys one inner hash table can accommodate. Each outer hash
table element contains three fields: InnerHT, Range, and Count. The field InnerHT contains a pointer
to an inner hash table of size INNER_HT_SIZE that stores the actual (key, value) pairs. The Range field
stores the numeric range of the keys stored in the inner hash table pointed to by the InnerHT field.
The hash function used to map a key 𝐾 to an outer hash table entry is ℎ𝑜 (𝐾) = 𝐾/INNER_HT_SIZE.
The Count field is the count of the unique keys present in the inner hash table pointed to by the
InnerHT field, and helps maintain the load factor of the inner hash table. The inner hash table uses
the same hash function and collision resolution schemes as the baseline HT-UVM design.

Given an input sequence of operations, one can launch the corresponding kernel with the entire
sequence of operations as input or launch the kernel iteratively, with each invocation accepting a
smaller batch of inputs. HT-OVS uses the latter option by default because smaller batches lead to a
smaller number of concurrent operations and reduced memory thrashing. Smaller batches allow
retaining more pages of the large hash table structure in the GPU global memory, thereby reducing
the number of far faults.

TheHT-OVS design described thus far works well for input sequences with small strides between
keys, resulting in fewer ranges being touched and all ranges being reasonably populated. But for
sequences where the keys have large strides (i.e., spans across multiple ranges), accessing distant
ranges sequentially leads to touching multiple inner hash tables with little or no locality, increasing
the volume of page faults. Preprocessing the input sequence by sorting the keys allows us to
increase locality [44, 77]. However, sorting the entire input sequence requires knowing the whole
sequence in advance, which may not always be feasible. Sorting a small batch of input keys at a
time only requires the knowledge of a single batch before insertion, which is particularly useful in
streaming scenarios where the input arrives in real-time. Sorting each batch of the input by key
also satisfies the second requirement of enhancing locality by grouping nearby keys.

HT-OVS supports the basic operations: insert(), delete(), and search(). A co-operative group
of threads is responsible for operating on a (key, value) pair (𝑥,𝑦). The hash of the key 𝑥 is used for
looking up the outer hash table. A hit indicates the presence of at least one key in the inner hash table
belonging to the same range as 𝑥 . Next, InnerHT is used to access the inner hash table and locate the
key 𝑥 . An insert operation in HT-OVS follows two steps, as shown in Algorithm 4. For a key-value
pair (𝐾,𝑉 ), the algorithm first identifies the range the key belongs to (denoted by 𝑖𝑛𝑑𝑒𝑥), which
helps determine the appropriate inner hash table. The entry at 𝑂𝑢𝑡𝑒𝑟𝐻𝑇 [𝑖𝑛𝑑𝑒𝑥] in the outer hash
table tracks all the keys𝐾 in the range (𝑖𝑛𝑑𝑒𝑥−1)×Inner_HT_Size ≤ 𝐾 ≤ 𝑖𝑛𝑑𝑒𝑥×Inner_HT_Size−1.
A value of zero for Range implies an empty range. We update the value of Range using warp intrinsics
if the key being inserted is the first key in that range. After finding the appropriate inner hash table,
we call the same core insert function (Algorithm 1) on the inner hash table. The only difference
is that the corresponding field Count in the outer hash table is atomically incremented after a
successful insert operation in Algorithm 1.

The search operation also follows a similar two-step process. First, the warp associated with the
query key identifies and probes the appropriate outer hash table. Once the corresponding inner
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Table 1. Profiled statistics of the insert() kernel of SL-UVM for three different inputs

Input #Keys Lock acquire 𝐿0 Lateral #Keys Lock acquire 𝐿0 Lateral
(×109) attempts nodes movement (×109) attempts nodes movement

SU
1.25

1.00 95.24 1.60
1.5

1.00 95.24 1.64
DU 1.00 95.24 1.63 1.00 95.24 1.60
MI 10.63 94.24 1.27 10.58 94.24 1.25

SU
1.75

1.00 95.24 1.68
2

1.00 95.24 1.57
DU 1.00 95.24 1.65 1.00 95.24 1.56
MI 11.52 94.90 1.53 10.58 94.24 1.22

SU
2.25

1.00 95.24 1.66
2.5

x x x
DU 1.00 95.24 1.57 1.00 95.24 1.55
MI 10.58 94.24 1.21 10.60 94.24 1.21

hash table is determined, the warp invokes the core search function on the inner hash table. The
two-level search strategy provides a distinct advantage over a conventional search operation, such
as that employed in HT-UVM, particularly for negative queries. If the outer hash table indicates
that no key exists within the range which the queried key maps to, the system can immediately
terminate the search and return a negative result. This early-exit optimization significantly reduces
unnecessary computation and improves overall search efficiency in certain cases.

4.2 Skip Lists with Memory Oversubscription
Unlike a hash table, mutation operations on a skip list using a lock-based algorithm like GFSL have
substantially less parallelism. For example, Figure 4c shows that performing 2 × 109 insertions
in a skip list for the SU input takes several hours. To understand the performance bottlenecks of
the insert() kernel of SL-UVM, we profile it with the NVIDIA Nsight profiler [56] and collect
application-level statistics for three different inputs4, as shown in Table 1 (for 2.5 × 109 keys, the
insert() kernel on the SU input runs out of memory due to the overhead from tracking statistics). In
the following, we first discuss the bottlenecks identified through this exercise and the optimizations
to alleviate them in the basic GFSL algorithm. Next, we present our two-level skip list design
optimized for memory oversubscription. We refer to our optimized skip list design as SL-OVS.

4.2.1 Improvements to GFSL. In this section, we discuss the characteristics/bottlenecks identified in
the GFSL design and the optimizations to address these bottlenecks or exploit these characteristics.

Pinning Index Layers. A key 𝐾 residing in level 𝐿𝑖 is raised to level 𝐿𝑖+1 only when the super-node
containing 𝐾 is split during an insert operation. As a result, the expected height of GFSL and
SL-UVM is less compared to that in the traditional skip list. Table 1 shows the percentage of
super-nodes in the data layer (column “L0 nodes”) of the skip list. Across all inputs, close to 95% of
all the super-nodes allocated are in the data layer. Given the small fraction of super-nodes in the
index layers, pinning them in the GPU global memory will ensure that the pages holding the top
layer super-nodes will never get evicted, thereby avoiding page faults. This is important because the
super-nodes in the upper layers of the skip list are accessed more frequently on average compared
to the data layer. To incorporate this optimization in SL-UVM, we use different memory pools for
allocating the super-nodes for the data layer and the index layers. We use cudaMallocManaged for
4The DU input is constructed by first dividing the entire key range into smaller blocks and then randomly sampling unique
keys from each block such that the keys drawn from a particular block appear contiguously in the input sequence, thereby
ensuring some amount of intra-block locality.
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the data layer so that the skip list can oversubscribe GPU memory, while we allocate super-nodes
in the index layer using cudaMalloc to keep the pages pinned to GPU memory.

Separate Memory Pool for Each Layer. The column “Lateral movement” of Table 1 lists the
ratio of the number of lateral pointer traversals (intra-layer) to the number of downward pointer
traversals (inter-layer) during the insert operations. For the SU and DU inputs, the lateral traversals
are approximately 1.6× more prevalent than downward traversals, while for the MI input, this
is slightly less but at least 1.2× across different input sizes. A larger fraction of lateral traversals
highlights that super-node accesses remain confined to the same layer more often. Therefore, to
reduce page faults during lateral traversals within an index layer, it is more judicious to allocate the
super-nodes of that layer from a single memory pool as opposed to allocating the super-nodes of all
index layers from a single memory pool haphazardly. We explore the idea of a dedicated contiguous
memory pool for each index layer to exploit the access locality arising from the predominantly
large volume of lateral pointer traversals. As already discussed, the memory pools for the index
layers do not use managed memory and are allocated using cudaMalloc.

Unsorted Keys in the Data Layer. GFSL maintains keys in the sorted order within each super-node
at each layer. Sorting of keys incurs substantial overhead due to frequent shifting of the keys
within a super-node via expensive global atomics during each insert operation. Maintaining keys
in unsorted order in a super-node improves the insert() kernel performance. Sorting of keys in a
super-node is, however, required during the split of a full super-node. The cost of sorting the keys
on infrequent splits can potentially be overshadowed by the savings from not sorting the keys on
every insertion operation.

Reducing Lock Contention. Profiling the performance of GFSL on a sorted input sequence (e.g.,
MI) exposed another bottleneck. The algorithm does not scale well for a sorted input sequence due
to lock contention. Since the input keys are sorted, all the warps proceed more or less together
while building a skip list through insertion operations. As a result, almost all warps contend to
acquire the lock of each super-node as the skip list grows. The “Lock acquire attempts” column in
Table 1 shows the total number of lock acquire attempts per successful lock acquire. While this is
close to unity for the SU and DU inputs, at least ten locking attempts are needed on average per
lock acquire for theMI input highlighting significant lock contention. Our profile study further
observes that this lock contention primarily arises from assigning consecutive keys from the sorted
MI input sequence to consecutive warps leading to all warps contending for the lock of the next
super-node to be added to a growing skip list. This key-to-warp assignment algorithm will be
referred to as the cyclic distribution algorithm. To reduce the lock contention, we explore the
impact of a block-cyclic distribution of keys to warps. In this algorithm, blocks of consecutive keys
are assigned to warps in a cyclic manner, i.e., block 𝑛 is assigned to warp (𝑛 mod 𝑤), where𝑤 is
the total number of warps. We present the study for deciding the optimal block size (in terms of
number of keys) and the optimal grid configuration in Section 5.3.

4.2.2 Improving Performance under Oversubscription. Similar to hash table, we propose a two-level
hybrid skip list data structure to efficiently handle memory oversubscription by introducing locality
in the operations. Figure 8 shows the proposed two-level hierarchical structure for SL-OVS. The
outer hash table tracks the key ranges present in an inner skip list. Each inner skip list is an SL-UVM.
This two-level structure further improves concurrency and reduces lock contention for the skip list.

Operations in SL-OVS. Similar to GFSL, each operation in SL-OVS is assigned to a warp. The
entire key range is divided into equal-sized groups and each slot in the outer hash table tracks a
group. Each outer hash table entry maintains a pointer (InnerSL) to the corresponding inner skip
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list, the range of keys in the inner skip list (Range), the number of unique keys in the inner skip
list (Count), and the minimum and the maximum keys (MinKey and MaxKey) in the inner skip list. A
procedure similar to Algorithm 4 is followed for SL-OVS operations. The actions on the outer hash
table remains the same, except the additional updates of MinKey and MaxKey of a range on insert
and delete operations. Different keys from different ranges can now be processed concurrently
by different warps by jumping to different inner skip lists after looking up the outer hash table,
thereby improving concurrency and reducing lock contention.

Outer hash table

Range1 ...... ...... ...... Rangem
Count1 ...... ...... ...... Countm

MinKey1 ...... ...... ...... MinKeym
MaxKey1 ...... ...... ...... MaxKeym
InnerSL1 ...... ...... ...... InnerSLm

Inner_Skiplist1

N

0

1

Levels

..

Inner_Skiplistm

N

0

1

Levels

..

Fig. 8. Layout of SL-OVS

Finding Predecessor in SL-OVS. The
expected cost of performing each op-
eration in SL-OVS is logarithmic in
the number of keys in the skip list.
However, finding the predecessor of
MinKey𝑟 , i.e., the minimum key of the
inner skip list maintaining the keys in
range 𝑟 , requires identifying the pre-
vious non-empty range in the outer
hash table. To do this efficiently, SL-
OVS maintains an auxiliary skip list
of non-empty ranges encountered so
far. The previous non-empty range
𝑟 ′ = 𝑝𝑟𝑒𝑑𝑒𝑐𝑒𝑠𝑠𝑜𝑟 (𝑟 ) can be located
efficiently in the auxiliary skip list, and the maximum key of the range 𝑟 ′ (MaxKey𝑟 ′ ) is returned
from the outer hash table slot of 𝑟 ′ as the predecessor of MinKey𝑟 , i.e., 𝑝𝑟𝑒𝑑𝑒𝑐𝑒𝑠𝑠𝑜𝑟 (MinKey𝑟 ) is
MaxKey𝑝𝑟𝑒𝑑𝑒𝑐𝑒𝑠𝑠𝑜𝑟 (𝑟 ) . The successor operation is supported similarly.

5 Evaluation
In this section, we discuss our evaluation infrastructure and present experimental results of our
implementations with different input sequences. Since this is the first work to explore GPU data
structures with memory oversubscription, there is no prior work that we can directly compare with.
We extend publicly available in-memory GPU hash tables such as cuCollections [49], Stdgpu [67–
69], and GPH [14] to support memory oversubscription and compare the extended implementations
with our HT-OVS proposal. We also evaluate our design with implementations optimized with
SUV [10], a tool for automatic insertion of prefetching and data/translation placement hints relevant
to workloads that oversubscribe GPU memory.

5.1 Evaluation Infrastructure
Input Sequences. We evaluate our design proposals with eight different input sequences each

capturing a distinct key access pattern, as listed in Table 2. TheMI, DU, and DR input sequences
contain keys in the range [1, NUM_INS], where NUM_INS is the total number of insert operations
in the input sequence. The keys appear in a strictly increasing order in the MI sequence, while
the order of keys is random in DU and DR. The input key range for the SU and SR sequences is
[1, UINT32_MAX − 1], with keys appearing in a random order. The sequences with repetition (DR
and SR) have 20% keys duplicated. The DUL input sequence is DU-like, but the keys are shuffled in
batches of size 109. In SUR, the keys are randomized within batches of size 5 × 108 and the batches
are shuffled among themselves. In ZZ, the keys are arranged in a zigzag manner.

Input Preprocessing. We sort the input sequences in ascending order to improve spatial locality,
as in prior work [44, 77]. Sorting the entire input is not feasible for a streaming input. Hence, we
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Table 2. Description of inputs used for evaluation

MI Monotonically increasing sequence of keys in range [1, NUM_INS]
DU Random keys in range [1, NUM_INS] without repetition, randomization is within

blocks of [𝑖, (𝑖 + 1) × 5 × 108], 𝑖 ≥ 0 (Dense Unique)
DR Random keys in range [1, NUM_INS] where 20% of the keys are repeated,

randomization is within blocks of [𝑖, (𝑖 + 1) × 5 × 108], 𝑖 ≥ 0 (Dense Repeat)
SU Random keys in range [1, UINT32_MAX] without repetition (Sparse Unique)
SR Random keys in range [1, UINT32_MAX] with 20% repetition (Sparse Repeat)
SUR Random keys in range [1, UINT32_MAX] without repetition, randomization is within

blocks of [𝑖 × 5 × 108, (𝑖 + 1) × 5 × 108], 𝑖 ≥ 0 and the blocks are shuffled (Sparse Unique Random)
DUL Random keys in range [1, nearest 109 to NUM_INS] without repetition (Dense Unique-like)
ZZ Numbers present in zigzag pattern of 1, UINT32_MAX − 1, 2, UINT32_MAX − 2, 3, · · · (Zigzag)

Table 3. GPU system configuration

GPU NVIDIA Quadro RTX 5000 OS Ubuntu 22.04.1
GPU Memory 16 GB Kernel Linux 6.8.0-59-generic
Driver Version 580.76.05 Compiler nvcc -std=c++17 -arch=sm_75 -O3
Graphics Bus PCI Express 3.0 x 16

employ batching. The input sequence is divided into smaller batches, such that the entire footprint
of the constructed data structure and the input batch fits in the GPU global memory.
Both HT-OVS and SL-OVS sort every batch of keys as a performance optimization before

executing the input sequence of operations on the data structure. We use the Thrust library [55] for
GPU-based sorting, as it offers better performance compared to the CPU-based sorting methods.
The execution time presented for HT-OVS and SL-OVS includes the time spent in sorting, ensuring
that the reported performance includes end-to-end execution of the operation sequence for fairness.

GPU Device and Toolchain. Table 3 lists the specifications of the discrete GPU and the compiler
toolchain used in our evaluation. In addition to native performance runs, we use two profilers for
analyzing the performance. These are Nsys version 2025.1.3.140 [56] and NVProf version 12.9.19 [?
]. Although NVProf is deprecated [? ], we use it to get an estimate of the number of remote mapping
events when employing the cudaMemAdviseSetAccessedBy hint, as described in Section 3.3.

Table 4. Software parameters for hash table

CGS Cooperative group size 16
GBS GPU batch size for HT-UVM 108
GBS GPU batch size for HT-OVS 109
RNG Inner hash table size 220

Table 5. Software parameters for skip list

TPB Threads per block 512
GBS GPU batch size 2.5 × 108
RNG Inner skip list size 221

KPB
Keys per block in 300block-cyclic distribution

Tunable parameters. Tables 4 and 5 list the default values of the tunable parameters for the hash
table and skip list experiments, respectively. For hash table, CGS controls the number of threads in
a cooperative group. GBS controls the numbers of elements processed in each kernel call, while RNG
controls the size of inner hash table.
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Unlike hash tables, the performance of the skip list is sensitive to the grid configuration, which
we explore in Section 5.3. We choose a batch size of 2.5 × 108 for the skip list. The batch size
is controlled by GBS, which allows us to explore similar degrees of oversubscription across the
two data structures because oversubscription in skip lists sets in with smaller input sizes. RNG
sets the size of each inner skip list. KPB controls the number of keys in a block when block-cyclic
distribution of keys among warps is used. The number of entries in the outer-level hash table of
SL-OVS is calculated as ⌈MAX_KEY/RNG⌉.

5.2 Evaluation of Hash Table
Performance Comparison. We compare the performance of HT-UVM andHT-OVS on the insert(),

delete(), and search() kernels using the input sequences discussed earlier. Given a kernel, we vary
the number of keys input to each kernel from 2 × 109 to 4 × 109 in steps of 5 × 108. For each key,
the insert() kernel also takes a value as input. For 2 × 109 key-value pairs, the insert() kernel’s
footprint just exceeds the GPU’s global memory capacity of 16 GB. As the input size increases to
2.5 × 109, 3 × 109, 3.5 × 109, and 4 × 109, the degree of memory oversubscription grows to 25%,
50%, 75%, and 100%, respectively. As we discuss in the following, our design efficiently handles this
progressively increasing memory oversubscription.

Figure 9 shows the performance of HT-OVS normalized toHT-UVM for the insert() and delete()
kernels. For each oversubscription level, the bars correspond to the different input sequences listed
in Table 2. These results show that the speedup achieved by HT-OVS increases substantially for all
the input sequences as the degree of oversubscription increases. For example, with the SR input,
the speedup increases from 2.3× to 21.9× as the oversubscription grows from 25% to 100% for the
insert() kernel. The DUL input enjoys the maximum speedup for most of the input sizes. Unlike
the insert() kernel, the speedup does not vary with the degree of oversubscription for the delete()
kernel. With the SR input, the speedup remains more or less constant at around 8×. Except for SR,
SU, and DU, the rest of the input sequences enjoy a speedup of around 20× for all input sizes.
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Fig. 9. Speedup of HT-OVS relative to HT-UVM for the insert() and delete() kernels.

Figure 10 evaluates the most oft-used search() kernel. The left figure shows the speedup achieved
by HT-OVS when all search queries hit in the hash table (referred to as positive queries). The
speedup ranges from about 5× to 17× across different input sizes and input sequences. Figure 10 also
shows an evaluation of our design when the input sequences query for keys that are not resident
in the hash table (referred to as negative queries). The three groups of bars use negative queries,
constituting one-third, one-fourth, and one-fifth of the total search queries provided. HT-OVS is
able to achieve a speedup of about 2× to 7× even in the presence of negative queries. A negative
query requires searching the hash table until an unoccupied entry is found or the end of the hash
table is reached. The HT-OVS design is able to constrain the search space within an inner hash
table, making negative queries more efficient than HT-UVM.

Sensitivity Study. In the following, we evaluate the sensitivity of HT-OVS to the three different
design parameters listed in Table 4, CGS, GBS, and RNG. Since the dense inputs show maximum
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Fig. 10. Speedup of HT-OVS relative to HT-UVM for the search() kernel with all positive queries and with
a mix of positive and negative queries.

sensitivity to these parameters, we conduct this study on the insert() kernel with the DU input
having 4 × 109 keys.
The left subfigure of Figure 11 shows that HT-OVS outperforms HT-UVM for all cooperative

group sizes (CG𝑛 refers to a cooperative group of 𝑛 threads). The right subfigure quantifies the
execution time of HT-OVS with different cooperative group sizes normalized to CG16. Even though
CG4 narrowly outperforms CG16 for the case of zero oversubscription, CG16 is the best in all other
cases and on average, making it the most suitable default configuration.
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Fig. 11. The left figure shows the speedup of HT-OVS relative to HT-UVM for the insert() kernel with
varying cooperative group (CG) sizes. The right figure shows the execuion time of HT-OVS with CG4, CG8,
and CG32 normalized to CG16.

Table 6 shows the execution time (in seconds) of the insert() kernel as the batch size is varied
for both HT-UVM and HT-OVS. The best batch size for HT-UVM is 108, while that for HT-OVS is
109. Table 7 shows the execution time (in seconds) of the insert() kernel as the number of entries
in the inner hash table is varied. The execution time decreases monotonically with increasing inner
hash table size until the number of entries reaches 220–222. Thus, we set the default size of the inner
hash table in HT-OVS to 220 entries.

Table 6. Impact of batch size on the run time
(in seconds) of insert()

Batch Size HT-UVM HT-OVS

5 × 107 1311 519
1 × 108 1007 364
5 × 108 1280 63
1 × 109 1494 37

1.25 × 109 1653 172

Table 7. Impact of the inner hash table size on the run time
(in seconds) of the insert() kernel for HT-OVS

# Inner Entries Time # Inner Entries Time

212 54.2 222 36.5
215 49.7 224 38.2
218 41.1 226 40.8
220 36.3

Sorting Batches in HT-UVM. The HT-OVS design sorts each batch of input keys, while the HT-
UVM design does not. We now explore the effect of sorting the input key batches in HT-UVM,
similar in spirit to HT-OVS. Figure 12 shows the speedup achieved by HT-UVM without sorting
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over HT-UVM with sorting for the insert() kernel. These results reveal that HT-UVM does not
benefit from sorted batches, rather it suffers a slowdown of at least 1.5× for no oversubscription
and approximately 1.3× for small degrees of oversubscription.
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Fig. 12. Speedup of HT-UVM without sorting rela-
tive to HT-UVM with sorting for insert()

The sorting of batches leads to slowdown be-
cause of two reasons. First, the sorting overhead
adds to the end-to-end time. Second, HT-UVM
fails to compensate the sorting overhead through
improved locality because it cannot translate the
locality introduced in a sorted input batch to spa-
tial locality in the hash table memory. A hash
function can map even consecutive keys to differ-
ent HT-UVM pages. As a result, sorted batches
fail to decrease the number of far faults for HT-
UVM. With increasing oversubscription levels,
the sorting overhead gets dwarfed by the cost
of accessing pages from CPU (remote mapping
events as discussed in Section 3.3) leading to a gradually narrowing gap between the performance
of the sorted and unsorted implementations. Since HT-UVM performs better without sorting of the
input key batches, we use it as our baseline.

Remote Mapping Events. Figure 13 brings to fore the primary reason why HT-OVS is superior to
HT-UVM. It shows that the number of remote mapping events experienced by the insert() kernel
in HT-OVS is at least 3× lower than that in HT-UVM. Thanks to the enhanced locality in the two-
level architecture, HT-OVS does not need to use the cudaMemAdviseSetAccessedBy hint for the hash
table pages. As a result, HT-OVS does not suffer from stalls arising from frequent communication
over NVLink/PCIe. Instead, the two-level architecture allows HT-OVS to utilize GPU memory
more effectively so that the hash table pages can be allocated in the GPU memory itself through
traditional page faults and still enjoy a significantly lowered total overhead of managing these
pages compared to HT-UVM.

Comparison with GPH. We compare the performance of HT-OVS with GPH [14], a recently
proposed GPU hash table design employing a perfect hashing technique. However, since GPH is an
in-memory hash table and does not support memory oversubscription, we first extend GPH with
UVM support and also augment it with suitable data placement and prefetching hints. The insert()
kernel of the extended GPH implementation can handle input sequences having only up to 5 × 108
keys. Therefore, we simulate 25%, 50%, 75%, and 100% oversubscription levels by reserving portions
of the GPU memory so that GPH can access a smaller sized memory, similar to prior work [10]. We
also execute HT-OVS with this memory reservation scheme for fairness.
Figure 14 quantifies the speedup achieved by HT-OVS over GPH for three input sequences.

HT-OVS achieves a speedup of up to 40.8× over the extended GPH implementation. HT-OVS
significantly outperforms GPH for the dense inputs,MI and DU. This improvement stems primarily
from the use of batch sorting, which, in the case of dense inputs, renders the key patterns nearly
monotonically increasing and generates fewer page faults with HT-OVS. HT-OVS is able to convert
the key locality in the inputs into spatial locality of GPU pages with the help of the two-level
architecture. However, GPH does not improve with batch sorting due to the same reasons we have al-
ready discussed forHT-UVM. The performance improvement of HT-OVS for 100% oversubscription
is relatively lower across all inputs due to substantially increased sorting overhead.

We observe that a certain percentage of insert operations fail with GPH [14] in our experiments.
These failures arise from the two-phase insert protocol implemented by GPH. In the first phase,
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GPH tries to insert the keys as in a normal hash table. A fraction of these insert operations may fail
in the first phase due to collision. The failed operations from the first phase move on to a refinement
phase, where GPH changes the bucket sizes and hash functions to make way for these keys and
also rehash the previous keys involved in collision. But this two-phase protocol cannot guarantee
failure-freedom. Therefore, a small fraction of keys may not get inserted at all in GPH.

-25 0 25 50 75 100
Oversubscription Level (in %)

0

20

40

60

80

100

R
em

ot
e 

M
ap

pi
ng

s
(×
10

00
)

MI

DR

DU

SR

SU

SUR

DUL

ZZ

HT-UVM

HT-OVS

Fig. 13. Number of remote mapping events in the
insert() kernel for HT-UVM and HT-OVS

25 50 75 100
Oversubscription Level (in %)

1

2

3

4

Sp
ee

du
p

35
.4

39
.8

40
.8

6.
2

13
.7

15
.2

16
.7

5.
4

MI
DU
SU

Fig. 14. Speedup achieved by HT-OVS over GPH for
the insert() kernel

Comparison with cuCollections. CuCollections [49] is an open-source header-only library of
concurrent data structures for NVIDIAGPUs. The cuCollections library provides an in-memory hash
table implementation called static_map. We compare HT-OVS with static_map by minimally
extending the static_map implementation5 to support memory oversubscription. Other than
changing the related APIs, we have also introduced a load factor of 0.9 in cuCollections to make
the comparison with HT-OVS fair. We also optimize the extended implementation of static_map
with data/translation placement and prefetching hints, as discussed in Section 3.1.

Figure 15 quantifies the speedup achieved by HT-OVS relative to the extended static_map
implementation. For the insert() kernel, the speedup increases with increasing levels of over-
subscription implying that cuCollections suffers from more faults with increasing input size. The
maximum speedup achieved by HT-OVS exceeds 50× for the DUL input.

0 25 50 75 100
Oversubscription Level (in %)

0

10

20

30

40

Sp
ee

du
p

43
.2

44
.5

44
.6

53
.8

43
.2Insert

0 25 50 75 100
Oversubscription Level (in %)

1

4

7

10

13

13
.1

13
.2Search

MI DR DU SR SU SUR DUL ZZ

Fig. 15. Speedup achieved by HT-OVS over cuCollections for the insert() and search() kernels

For the search() kernel, HT-OVS achieves 4× to over 13× speedup compared to cuCollections
across different degrees of oversubscription. For the delete() kernel (not shown in Figure 15), the
performance trend is similar to the search() kernel, as the algorithm is almost same. HT-OVS
achieves maximum speedup in the range of 7× to 26× for the delete() kernel with the DR input.
The search operation in cuCollections uses asynchronous function calls to return the searched
value, which makes it faster than the delete operation.

5https://github.com/NVIDIA/cuCollections/blob/dev/include/cuco/static_map.cuh
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Comparison with Stdgpu. The Stdgpu [67–69] library implements an open-addressing-based
in-memory unordered_map.6 This in-memory hash table of Stdgpu supports insertion of up to
5 × 108 key-value pairs for the GPU used in our evaluation. We extend Stdgpu to support memory
oversubscription and compare its performance with HT-OVS for the insert() kernel in two over-
subscription scenarios, namely, 50% and 75% for three different inputs (MI, DU, and SU). HT-OVS
achieves a geomean speedup of 721× (maximum speedup of 1242×) over Stdgpu for 50% memory
oversubscription across the three inputs. With 75% memory oversubscription, the geomean speedup
of HT-OVS increases further to 868× with a maximum speedup of 1630×. The average execution
time of Stdgpu is approximately 3.3× more for the SU input compared toMI and DU inputs. As a
result, HT-OVS enjoys the maximum speedup over Stdgpu for the SU input. The Stdgpu implemen-
tation uses several auxiliary structures that contribute to its poor performance by increasing the
overall working set size.

5.3 Evaluation of Skip List
We first evaluate the optimizations on baseline GFSL discussed in Section 4.2.1, and then quantify
the performance of SL-UVM and SL-OVS. We evaluate our skip list designs using the MI, DU, and
SU inputs each with six different sizes ranging from 1.25 × 109 to 2.5 × 109 keys correspoding to
0%, 20%, 40%, 60%, 80%, and 100% memory oversubscription levels.

5.3.1 Evaluation of Baseline Optimizations. We find that the optimizations of pinning the index
layer to GPU memory and maintaining separate memory pools for each index layer do not have
much positive influence on performance. In fact, maintaining separate memory pools for each
index layer leads to a slowdown of about 10% for the insert() kernel and 5% for the search()

kernel. Pinning the index layer to the GPU memory offers a negligible improvement in the search()
kernel performance up to 60% memory oversubscription, but the insert() kernel suffers from a 2%
slowdown. The slowdown in these two optimizations arises from the fact that the downward pointer
traversals are of reasonable volume within the index layers, leading to a reasonable volume of
page faults in inter-level crossings. We find that the ratio of lateral to downward pointer traversals
within the index layers is 1.3, while that in the entire skip list is about 1.6 indicating that a vast
majority of the lateral pointer traversals takes place in the data layer. Thus, optimizing allocation
of the index layer to favor lateral traversals is not expected to fetch much benefit.

The idea of keeping keys within a super-node unsorted helps the insert() kernel, which enjoys
an average speedup of 30% across different input sizes. However, this optimization adversely impacts
the performance of the search() kernel, slowing it down by about 13% on average. Therefore, this
optimization is suitable for scenarios involving a much larger proportion of insert operations than
search operations.
Next, we study the performance impact of the block-cyclic and cyclic distribution of keys to

warps. Table 8 lists the execution time of the insert() kernel employing the block-cyclic key to
warp assignment with a varying number of keys per block in SL-UVM. These data are collected
for theMI and DU inputs with 60% memory oversubscription. In this exploration, the block size
is increased in steps of 30 keys to match the capacity of a super-node (30 keys per super-node).
Assigning 300 contiguous keys to a warp at a time corresponding to the block size of 300 keys
offers the best performance for both the input sequences.
Table 9 shows the sensitivity of the insert() kernel performance to the cyclic distribution

of keys (i.e., block size is one key) in SL-UVM. In this distribution, each key is assigned to one
warp based on the WCWS strategy and this assignment cycles through the warps. The number of
warps per thread block is kept fixed at 16 leading to 512 threads per thread block (a warp has 32
6https://github.com/stotko/stdgpu/blob/master/src/stdgpu/unordered_map.cuh
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Table 8. Run time (in seconds) of the insert() kernel in SL-UVM with varying number of keys per block for
block-cyclic distribution of keys

Keys per block 1 30 60 120 150 180 210 240 270 300 330 360

Run time MI 1798 177 109 71 64 59 58 53 54 49 49 48
DU 53 44 46 46 44 44 47 45 45 46 47 48

threads). This configuration guarantees adequate resource allocation per thread and reasonably
good resource utilization [47]. While having many active warps may lead to high contention and
increase in run time due to use of locks, spawning fewer warps may lead to slower progress due
to under-utilization of resources. The data show that cyclic distribution of keys with 214 thread
blocks outperforms the best configuration of block-cyclic distribution with 300 keys per block in
SL-UVM. Therefore, in subsequent evaluations, we use SL-UVM with 214 thread blocks and cyclic
distribution of keys. In a similar fashion (details omitted for brevity), we find that the best setting
for SL-OVS is block-cyclic distribution with 214 thread blocks and 180 keys per block.

Table 9. Run time (in seconds) of the insert() kernel in SL-UVM with varying number of active thread
blocks for cyclic distribution of keys

# Thread Blocks 26 28 210 212 214 216 218 220 222
Run time for MI 61.06 50.93 50.26 49.28 45.94 56.26 96.01 228.46 646.73
Run time for DU 57.16 47.78 46.59 46.46 43.71 44.38 46.32 46.58 52.07

5.3.2 Evaluation of SL-OVS. In the following, we quantify the performance of SL-UVM and SL-
OVS for the insert() and search() kernels. Both SL-UVM and SL-OVS employ batching of input
keys and sorting of the keys within each batch.
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Fig. 16. Speedup of SL-OVS relative to SL-UVM for the insert() and search() kernels

Figure 16 shows the speedup achieved by SL-OVS over SL-UVM for the insert() and search()

kernels. For the insert() kernel, SL-UVM outperforms SL-OVS on theMI and DU inputs. Inherent
locality and no reuse across batches in these input sequences mute the performance benefit of SL-
OVS during the build phase of the skip list. However, SL-OVS outperforms SL-UVM for the SU input.
The speedup enjoyed by the SU input increases gradually with growing oversubscription levels,
attaining a 1.6× speedup for 100% oversubscription. For the search() kernel, SL-OVS achieves a
geomean speedup of 1.01×, 1.02×, and 1.59× over SL-UVM forMI, DU, and SU inputs, respectively,
with a maximum speedup of 1.64× for the SU input. There are two primary reasons for this speedup.
First, sorting of keys within a batch introduces spatial locality. A skip list, by design, maintains keys
in a sorted order, thereby translating the locality of a sorted batch into access locality. Additionally,
each batch is sized such that the pages of the skip list containing the keys within a batch fit in GPU
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memory. Second, the two-level architecture of SL-OVS introduces higher degrees of concurrency
by allowing multiple warps to operate in parallel on different keys, each mapping to a smaller,
disjoint skip list.

Sensitivity to Inner Skip List Size. A contiguous range of keys map to one inner skip list of SL-OVS.
Thus, the size of each inner skip list is decided by the range size. Table 10 shows the variation in
the run time of SL-OVS for the insert() and search() kernels with the MI and DU inputs at 100%
memory oversubscription level as the range size is varied. The memory region reserved for each
inner skip list is 256 × (1/14)𝑡ℎ of the total number of elements in an inner skip list, where 256 is
the size of each super-node. With 221 keys per inner skiplist in SL-OVS, the memory reserved for
each inner skip list is about 36 MB. This configuration provides the best performance across both
inputs for different operations.

Table 10. Sensitivity of SL-OVS to inner skip list size for the insert() and search() kernels

Range size 212 215 218 221 224 227 230

Run time
MI (Insert) 2199.3 2239.8 2274.9 2232.8 2331.6 2242.5 2246.2
MI (Search) 11.7 17.5 12.4 11.7 12.2 13.1 13.6

(seconds) DU (Insert) 77.3 80.4 80.0 69.2 120.9 90.2 89.6
DU (Search) 26.3 28.7 18.4 17.2 17.27 17.4 17.4

5.4 Comparison with SUV
The SUV framework [10] aims to improve the performance of UVM-enabled applications by
automatically monitoring the page access patterns and migrating appropriate pages to reduce
the access latency. SUV identifies frequently-accessed memory regions based on static analysis of
GPU kernel code, places them in GPU memory, and proactively evicts data that is not going to be
required after a kernel ends. SUV’s dynamic analysis deals with kernels with irregular accesses
that are not amenable to static analysis (e.g., BFS [16]).
SUV’s host code transformation passes do not support some program features such as non-

UVM allocations, LLVM’s 𝜙-like select instruction, inline PTX, pointer chase patterns, and data-
dependent control flow (e.g., binary search). We simplify our HT-UVM implementation to allow
processing with SUV, but could not get SUV to work with SL-UVM because of errors in SUV’s
passes.7 When SUV is run on a suitably modified version of HT-UVM, it fails to infer the access
density and reuses in HT-UVM, and emits only a cudaMemAdviseSetAccessedBy hint for the
auxiliary array containing the input (key, value) pairs to be operated on. With 50% memory
oversubscription, our HT-UVM implementation outperforms the HT-UVM implementation with
hints incorporated using SUV’s static analysis by 2.17× when averaged across all input sequences.
Our HT-OVS proposal would enjoy even larger benefits. These results show that SUV fails to
predict the access density and reuse of these complex data structures even after simplifying the
implementations to avoid transformation errors in SUV. Therefore, SUV falls back to GPU access
counters for triggering run-time migration in such cases leading to poor performance.

6 Case Studies
Our results so far highlight the advantages of our design in managing and processing synthetic
datasets that surpass the memory limitations of modern GPUs, demonstrating the potential for
7We have confirmed the limitations of the current SUV prototype with the SUV authors.
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scaling real-world applications. In this section, we use our hash table and skip list designs to
implement key-value stores in two real-world applications, namely, metagenomics classification and
k-mer counting [35, 36]. Both applications rely heavily on key-value stores to efficiently process
large-scale genomics datasets. The metagenomics classifier divides a genome into fixed substrings
of length 𝑘 (called a k-mer) and encodes each nucleotide (Adenine, Thymine, Guanine, Cytosine) of
the substring using two bits to form the key 𝐾 representing the substring. Each key 𝐾 is associated
with a taxon_id, which uniquely identifies an organism and acts as the value of the key. The
classifier consists of two phases, namely, construction of the key-value pair database involving
insert operations and the classification phase involving search operations. The k-mer counting
application tracks the frequency of each k-mer in a genome. Instead of the taxon_id, the frequency of
a k-mer serves as its value. In our evaluation, we use genome sequences from the NCBI dataset [57]
for building and querying the database. We set 16 as the k-mer length in terms of the number of
nucleotides leading to 32-bit keys.

Figure 17 shows the speedup of HT-OVS and SL-OVS over HT-UVM and SL-UVM respectively.
For hash table, HT-OVS enjoys a speedup of up to 2.1× for metagenomics database build, 4.8×
for k-mer counting and 6× for metagenomics classification phase. Even for 50% GPU memory
oversubscription,HT-OVS offers speedup in the range of 1.4× to 6× overHT-UVM. SL-OVS achieves
a geomean speedup of 2.4× over SL-UVM for the build phase of the metagenomics classifier and
the achieved speedup increases with growing oversubscription degree. The geomean speedup
achieved by SL-OVS for the metagenomics classification phase is 1.81× over SL-UVM. The k-mer
counting application enjoys a geomean speedup of 6.3× with SL-OVS over SL-UVM. Overall,
the performance improvement achieved by our HT-OVS and SL-OVS designs in metagenomics
classification and k-mer counting establishes their utility in real-world applications.
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Fig. 17. Speedup achieved by HT-OVS and SL-OVS over HT-UVM and SL-UVM respectively.

7 Conclusion
In this work, we highlight the challenges in designing efficient and scalable GPU key-value stores
that oversubscribe global memory. We show that it is non-trivial to identify and use memory advise
and prefetch hints that can effectively address the performance drawbacks of memory oversubscrip-
tion. We propose novel two-level hierarchical designs for hash table and skip list and empirically
show that our proposed data structures perform better than optimized UVM implementations
across a diverse set of input sequences and real-world applications. The computation pipeline
involves preprocessing the input sequence for better locality, and batching the input to fit in global
memory and reduce page faults. Our hierarchical two-level design paradigm paves the way for
accelerating a larger class of big-data applications on discrete GPUs.
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