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Sparse Convolution (SC) is widely used for processing 3D
point clouds that are inherently sparse. Different from dense
convolution, SC preserves the sparsity of the input point
cloud by only allowing outputs to specific locations. To effi-
ciently compute SC, prior SC engines first use hash tables
to build a kernel map that stores the necessary General Ma-
trix Multiplication (GEMM) operations to be executed (Map
step), and then use a Gather-GEMM-Scatter process to ex-
ecute these GEMM operations (GMasS step). In this work,
we analyze the shortcomings of prior state-of-the-art SC
engines, and propose Minuet, a novel memory-efficient SC
engine tailored for modern GPUs. Minuet proposes to (i)
replace the hash tables used in the Map step with a novel
segmented sorting double-traversed binary search algorithm
that highly utilizes the on-chip memory hierarchy of GPUs,
(ii) use a lightweight scheme to autotune the tile size in the
Gather and Scatter operations of the GMasS step, such that to
adapt the execution to the particular characteristics of each
SC layer, dataset, and GPU architecture, and (iii) employ a
padding-efficient GEMM grouping approach that reduces
both memory padding and kernel launching overheads. Our
evaluations show that Minuet significantly outperforms prior
SC engines by on average 1.74X (up to 2.22X) for end-to-end
point cloud network executions. Our novel segmented sort-
ing double-traversed binary search algorithm achieves supe-
rior speedups by 15.8% on average (up to 26.8X) over prior SC
engines in the Map step. The source code of Minuet is publicly
available at https://github.com/UofT-EcoSystem/Minuet.

CCS Concepts: - Computing methodologies — Parallel
algorithms; Computer vision; Machine learning algorithms.
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1 Introduction

Thanks to recent advances in 3D sensors, such as light de-
tection and ranging (LiDAR) sensors, 3D point clouds be-
come increasingly accessible and widely used in many im-
portant applications, including virtual and augmented reality
(VR/AR) [47], photography [16], drones [52], robotics [27],
and autonomous vehicles [4, 51]. Similarly to popular deep
neural networks (DNN’s), point cloud networks provide high
efficiency and accuracy on a variety of vision tasks, such as
3D object detection [33, 38, 42] and segmentation [23, 35, 44].

Different from 2D dense images, 3D point clouds describe
3D objects that are extremely sparse to their bounding space
(usually less than 0.01% [30]). Therefore, researchers propose
dedicated DNN-based algorithms [7, 8, 26, 31, 32, 34, 39, 40]
to efficiently process 3D point clouds by taking into con-
sideration the sparse execution pattern. Among these algo-
rithms, Sparse Convolution (SC) networks [8, 18] achieve
high accuracy, dominating performance, and wide applica-
bility. As shown in Figure 1, unlike dense convolution where
the sparsity is quickly diluted, SC only allows the set of out-
put points to specific locations that preserve the sparsity
pattern exhibited in the input point cloud. Thus, to reduce
the number of computations, for each output point, SC needs
to find the locations of the corresponding input point and
the weight, which results in implicit General Matrix Multi-
plications (GEMMs) [30, 43], i.e., the exact input feature and
weight for each GEMM are implied by the sparsity pattern
of the input point cloud.

To efficiently execute implicit GEMMs, prior works break
the SC execution into two steps: (1) the mapping step (Map);
and (2) the Gather-GEMM-Scatter step (GMasS). In the Map
step, SC builds a kernel map that stores the necessary GEMM
operations needed to be performed, i.e., the indices of the
weights and the input/output feature vectors. In the GMaS$
step, SC executes each necessary GEMM operation in the
kernel map to transform the input feature vectors into the
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Figure 1. Dense convolution versus sparse convolution.

output feature vectors. To build the kernel map in the Map
step, prior SC engines [9, 30, 43] create queries with all pos-
sible input coordinates by enumerating the additions of each
output coordinate with each weight offset. Then, they check
the existence of non-zero input data points by executing the
queries to a hash table, that stores the coordinates of the
actual non-zero input data points. In the GMaS step, prior SC
engines [43] use an input buffer array and an output buffer
array to continuously store the operands of the GEMM op-
erations, i.e., the values of the input and the output feature
vectors. This approach enables prior SC engines to leverage
highly-performant GPU GEMM libraries (e.g., cuBLAS [12])
that require GEMM operands to be continuous in memory.
To do so, they first broadcast the input feature vectors to
the input buffer array with a Gather operation, then execute
GEMM operations to create partial results for output feature
vectors which are stored in the output buffer array, and fi-
nally merge (sum-reduce) the partial results to assemble the
final output feature vectors with a Scatter operation.

In this work, we characterize existing SC engines [8, 9, 43]
using various point cloud networks, real datasets, and GPU
architectures, and find that they suffer from three key short-
comings. First, they use a hash table (e.g., cuckoo hash ta-
ble [1]) to build the kernel map, which stores the necessary
GEMM operations. However, executing a large number of
queries in the hash table incurs irregular data accesses, most
of which are served by the expensive GPU global memory,
thus causing high data access costs. Second, state-of-the-art
SC engines process multiple input/output feature channels
of SC in tiles, as a chunk of consecutive feature channels,
in Gather and Scatter operations to improve GPU memory
throughput. However, we observe that they always employ a
single fixed tile size, which suffers from sub-optimal perfor-
mance. In Figure 4, we demonstrate that the best-performing
tile size depends on the characteristics of each particular SC
layer of the point cloud network, the real dataset, and the
GPU architecture. Third, in the GMaS step, prior SC engines
execute GEMM operations corresponding to multiple weight
offsets in a batched scheme: they group multiple GEMM op-
erations together by padding with zero values the GEMM
operands, i.e., they provide the same sizes among all GEMM
operands and execute them as a single batched GEMM ker-
nel. This way they minimize GPU kernel launch overheads
and improve GPU hardware utilization [43]. However, we
find that prior SC engines group GEMM operations in the
GMasS step following the order induced by the Map step,

i.e., the order of the weight offsets. This approach causes

high padding overheads (Section 3), i.e., a large number of

zero values are added, thus incurring many redundant data
accesses and computations.

To tackle the aforementioned issues, we propose Minuet,
a novel memory-efficient SC engine tailored for modern
GPUs. Minuet highly utilizes the on-chip memory hierarchy
of GPUs, adapts SC execution to the characteristics of the
input dataset and GPU architecture, and reduces unneces-
sary data accesses and computations. In the Map step, we
challenge the prevailing notion that the hash table-based
search performs superiorly compared to binary search on
GPUs [1, 2], and propose an innovative binary search-based
algorithm tailored for building the kernel maps in the Map
step of SC on modern GPU architectures. We leverage the
key observation that when executing sorted queries, binary
search achieves high system efficiency, leveraging data lo-
cality across consecutive sorted queries, and propose the
segmented sorting double-traversed binary search algorithm.
Our proposed algorithm for SC can achieve a similar theo-
retical computational complexity with the hash table-based
search (Section 5.1.3) and provides significantly higher mem-
ory efficiency, improving the hit ratio in the on-chip caches
of GPUs (Figure 16b). In the GMaS$ execution step, Minuet
provides two optimizations. First, we on-the-fly tune the tile
size used to process multiple input/output feature channels
at each Gather and Scatter operations. This key technique
enables Minuet to adapt the SC execution to the particular
characteristics of each SC layer in point cloud networks, real
dataset, and GPU architecture, thus providing high system
performance in Gather and Scatter operations. Second, Min-
uet integrates a padding-efficient GEMM grouping strategy,
which first reorders GEMM operations based on the sizes of
input/output feature vectors, and then groups GEMM opera-
tions into batched GEMM kernel launches. This way Minuet
optimizes both (i) the amount of padding with zero values,
thus minimizing unnecessary data accesses and computa-
tions to useless data in GEMM kernels, and (ii) the GEMM
kernel launch overheads.

We extensively evaluate Minuet using a wide variety of 3D
point cloud networks, real datasets, and GPU architectures,
and demonstrate that Minuet significantly outperforms prior
works. Compared to state-of-the-art SC engines, Minuet im-
proves the end-to-end performance by 1.74X on average (up
to 2.22X), and achieves superior speedups over prior SC en-
gines in the Map step by on average 15.8X (up to 26.8%), and
by on average 1.39% (up to 2.38X) in the GMasS step.

Overall, this paper makes the following contributions:

e We investigate the shortcomings of existing SC engines,
and propose Minuet, a memory-efficient engine to acceler-
ate SC executions on modern GPU architectures.

e We propose a novel segmented sorting double-traversed
binary search algorithm to build kernel maps in SC. Our
proposed algorithm highly utilizes the on-chip memory
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hierarchy of GPUs. We also dynamically select the best-
performing tile size in Gather and Scatter operations, and
reorder GEMM operations before grouping them to mini-
mize unnecessary data accesses and computations.

e We evaluate Minuet using a wide range of real datasets,
sparse 3D networks, and GPU architectures, and show that
it significantly outperforms prior works both in layerwise
and end-to-end execution. Minuet also provides superior
speedups in the Map step of SC. We open-source Minuet
at https://github.com/UofT-EcoSystem/Minuet.

2 Sparse Convolution (SC)

2.1 SC Definition
A 3D object is inherently sparse in nature, i.e., it does not
completely fill the 3D space it occupies, thus resulting in a
spatially sparse structure. Point cloud is a widely applied
sparse format that is used to effectively represent a 3D object,
thanks to its simplicity and accuracy [16, 21, 27, 39,47, 51, 52].
Specifically, a point cloud only stores the non-zero points of
a 3D object as an unordered set of points = {p;} and its
corresponding set of feature vectors {Ff}. Each point p; is
a 3D coordinate that represents one non-zero point of the
3D object, and each feature vector Fip of size C stores the
corresponding C feature channels (e.g., C = 3 for RGB colors)
of the i-th point p;. Thus, the feature vectors of a point cloud
with N points can be stored in an N x C feature matrix F”.
Sparse Convolution (SC) takes as input a 3D object repre-
sented as a point cloud, and its output is also a point cloud
that preserves the sparsity pattern of the input point cloud.
This is achieved by only allowing the computations of output
feature vectors on specific output coordinates that are gener-
ated based on the input coordinates. More formally, SC uses
the following formula to generate the output coordinates Q
based on the input coordinates  with a stride parameter s:

Q={([z) x5 L xs |5 <)l mun e}

To keep output coordinates unique, duplicates among the
output coordinates are eliminated. Intuitively, the output
coordinates Q are downsampled from the input coordinates
% and the stride parameter s specifies the granularity of the
downsampling. Note that if the stride s is equal to 1, the
output coordinates will be the same as the input coordinates,
ie, @ = P. Then, the output feature vector FIQ of the i-th
output coordinate q; is computed on every weight offset
6 and every input coordinate pj, when the condition p; =
qi + Ok holds, which is formalized as follows:

F2 = S seniks) Zpyer Lp=qua ] Ws, (G €Q)  (2)

where A(K, s) stands for the set of weight offsets with a kernel
size K and a stride s (e.g., A(5,2) = {-4,-2,0, 2, 4}%), &y for
the k-th weight offset (e.g. 8; = (=4, —4, —4) € A(5,2)), FJ?)
for the feature vector of the input coordinate p;, W s, for the
weight corresponding to the weight offset 8k, and 1j,—q.+s,
for the indicator function on the condition p; = q; + Jy.
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2.2 Execution Steps of SC

To effectively perform SC execution, existing SC frameworks
construct an input-output map M = {(pj, qi, 8x) }, named as
kernel map. Each kernel map entry represents a General
Matrix Multiplication (GEMM) operation in Equation 2:

Y(pqi &) € M FE — F2+F W5, ®3)

By traversing the kernel map, they perform only the neces-
sary GEMM operations to compute the output feature vector
for each output coordinates.

Figure 2 describes the SC execution, which can be broken
down into two steps.
Step 1: Mapping Step (Map). To build the kernel map,
existing implementations [8, 9, 43] first create a hash table €)
where the input coordinates p; are the keys and their indices
Jj are the values. Then, they generate the output coordinates
Q @ according to Equation 1, and create queries q; + &y for
each output coordinate q; and each weight offset & as the
candidate input coordinates. Next, they perform lookup in
the hash table @) to check if each candidate input coordinate
exists as an input coordinate p;. If such input coordinate p;
is found in the hash table, i.e., pj = q; + 8k, then a new entry
(pj 9i» Ok) @ is added to the kernel map, which corresponds
to a necessary GEMM operation that needs to be performed
to get the output feature vectors (Equation 3).
Step 2: Gather-GEMM-Scatter Step (GMaS). Executing
the GEMM operation for each entry in the kernel map results
in a large number of small GEMM kernels, which incurs
immense kernel launch overheads in GPUs. Thus, existing
frameworks [9, 43] perform all GEMM operations associated
with each weight with a GMasS step (Figure 2 right).

Specifically, for each weight, existing SC engines Gather
the corresponding input feature vectors and store them con-
secutively to an input buffer array. To do so, they build a
metadata table @ which stores the positions that each input
feature vector needs to be stored within the input buffer array.
For example, in Figure 2, the feature vector corresponding to
the input coordinate ps (i.e., Fg) ) is associated with 4 entries
in the kernel map, corresponding to the 4 highlighted lines
in the input metadata table. The input feature vector Ff will
be then copied to the corresponding positions in the input
buffer array @, i.e., the 6-th, 9-th, 13-th, and 15-th entries of
the input buffer array. Note that each input feature vector has
Cin feature channels @. Thus, to maximize the GPU memory
throughput, state-of-the-art work [43] processes the feature
channels of each input feature vector in tiles @), where each
tile contains a fixed size (typically 128 bytes) of consecutive
feature channels. Specifically, each GPU thread loads one tile
of the input feature vector to the on-chip register files, then
accesses the input metadata table to find the corresponding
buffer index of the input buffer array for each tile, and finally
copies the tile to the input buffer array.

Then, SC implementations perform one GEMM opera-
tion for each weight to create partial results for the output
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Figure 2. The SC execution can be broken down into two steps. For simplicity, we use 2D coordinates for illustration.

feature vectors. State-of-the-art SC engines [43] group mul-
tiple GEMM operations corresponding to multiple weights,
such that to be performed as a single batched GEMM kernel
to minimize kernel launch overheads and leverage existing
GPU GEMM libraries [12]. In the example of Figure 2, the
GEMM operations are merged in 3 GEMM groups @, @,
and @, and executed as 3 GEMM kernel launches. To do
so, padding with zero values is needed, and thus the buffer
indices stored in the input metadata table of Gather opera-
tion are updated, accordingly. For instance, to perform the
batched GEMM kernel launch of Group 1 in Figure 2 @, SC
implementations pad with zero value feature channels in the
buffer index 4 of the input buffer array, such that the associ-
ated feature vectors of weight offset (-1, 0) have the same
sizes with that of the other two weight offsets of the same
GEMM group, i.e., the weight offsets (-1, —1) and (0, —1).

Finally, the partial results produced by the batched GEMM
operations in the output buffer array are aggregated and
reduced with a Scatter operation @@ to obtain the output
feature vectors. Similar to the Gather operation, in the Scat-
ter operation, (i) an output metadata table is built to store
the positions of the partial results in the output buffer ar-
ray for each output feature vector, where the final values
of the output feature vector is produced by merging these
partial results. (ii) padding is added in the indices stored
in the output metadata table due to GEMM grouping on
batched GEMM operations, and (iii) the feature channels of
each output feature vector are processed in tiles of the same
sizes (typically 128 bytes) @®): each GPU thread loads one tile
of partial results in the output buffer array to the on-chip
register files, then accesses the output metadata table to find
the corresponding buffer index of the output buffer array
for each tile, and finally merges (sum-reduces) the tile to the
output feature vectors.

3 Existing SC Engines
There are a few prior works [9, 14, 43] that optimize SC on
GPUs. MinkowskiEngine [8] is the first open-source library

that efficiently implements SC on GPUs, and is specifically
optimized for SC layers with small feature channel sizes.
SpConv [9] improves the SC execution by leveraging data
locality in GEMM operations. TorchSparse [43] uses a single
Gather and a single Scatter operation for all weight offsets,
and groups GEMM operations by performing zero padding
in GEMM'’s operands, thus reducing kernel launch overheads
and increasing GPU hardware utilization.

We comprehensively examine existing SC engines [8, 9,
43] on a wide variety of real-world point cloud data, and find
that prior approaches suffer from three shortcomings.
Shortcoming #1: Expensive Data Accesses in the Map
Step. To build the kernel map, prior works employ a hash ta-
ble (Figure 2 left) to store the coordinates of input point data.
Then, they query the hash table for each output coordinate
and weight offset to check the existence of the corresponding
input coordinate. We observe that using a hash table to build
the kernel map incurs a large number of irregular memory
accesses that are served by GPU global memory, thus re-
sulting in low system performance. We conclude that prior
SC frameworks do not effectively utilize the deep on-chip
memory hierarchy of modern GPUs.

Figure 3 evaluates the hit ratio in the last level cache of
GPUs, when building the kernel map in SC execution using
the hash table implementation of TorchSparse [43], the hash
table implementation of MinkowskiEngine [8], the state-
of-the-art 3D spatial hash table implementation on GPUs,
i.e., Open3D [14], and the implementation of our work Min-
uet. We find that prior state-of-the-art approaches achieve
very low L2 cache hit ratio, on average 36% and 19% for the
MinkowskiEngine [8] and TorchSparse [43], respectively,
due to random memory access patterns incurred in their
hash table-based implementations. As the number of input
points increases, we also observe that hash table-based im-
plementations have even lower cache hit ratios. Even if the
best-performing state-of-the-art hash table implementation,
i.e., Open3D [14], was used in SC to build the kernel map,
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Figure 4. The performance of a Gather operation, when
varying the (a) input channel size, (b) real dataset, and (c)
GPU architecture.

the L2 cache hit ratio would only be 41% for a large num-
ber of data points, i.e., 5 X 10° points. Instead, we follow a
fundamentally different approach in Minuet by employing a
binary search-based algorithmic scheme to build the kernel
map. We design Minuet to highly utilize the on-chip memory
hierarchy of GPUs, thus providing high memory efficiency
in the kernel map building of SC. Figure 3 demonstrates that
Minuet achieves at least 93% L2 cache hit ratio (even for a
large number of data points), thus significantly improving
the performance in the Map step (See also Figure 16).

Shortcoming #2: Sub-Optimal Performance in Gather
and Scatter Operations. In Gather and Scatter operations,
prior works [43] use a fixed tile size to process the multiple
input/output feature channels. However, we observe that
the best-performing tile size depends on the configuration
of the SC layer, the real dataset and the GPU architecture.
Figure 4 presents the latency in Gather operation for vari-
ous tile sizes, when varying the (a) input channel size (layer
configuration), (b) real dataset, and (c) GPU architecture. On
the one hand, using a small tile size to process input/output
feature vectors results in many tiles corresponding to the
same buffer index of the input/output metadata tables. With
this approach, each entry in the metadata table is accessed
multiple times, thus resulting in high indexing costs in meta-
data tables with significant performance overheads. On the
other hand, using a large tile size leads to fewer tiles to be
parallelized, and thus results in limited execution parallelism,
causing hardware resource underutilization. Moreover, the
best-performing tile size depends on the channel size, in-
put dataset, and GPU architecture. Prior works overlook the
aforementioned trade-off by using a single fixed tile size in
SC execution, and thus incur either high metadata indexing
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respectively. Assuming x and y are the number of padded
feature vectors and actual input feature vectors, respectively,
the padding overhead is defined as (x/y).

costs or low execution parallelism, which results in sub-
optimal performance. Instead, Minuet provides a lightweight
adaptive policy that dynamically autotunes the tile size based
on the characteristics of each layer, real dataset, and GPU
architecture, and thus achieves near optimal performance in
Gather and Scatter operations.
Shortcoming #3: High Padding Overhead in GEMM
Operations. Using a naive approach to execute each small
GEMM kernel separately for each weight offset in the GMaS$
step (Figure 5a) incurs excessive kernel launch overheads in
GPUs, as explained in prior works [29, 43, 46]. Thus, prior
works [43] propose a batched GEMM approach, shown in
Figure 5b: they group multiple GEMM operations together,
padding with zero values the corresponding matrices (e.g.,
see the 2-nd and 6-th column in Figure 5b) of adjacent GEMM
operations to have the same height, and launch one single
batched GEMM kernel for multiple weights. This grouping
approach improves hardware utilization and kernel launch
overheads in GEMM operations. However, we observe that
this approach incurs high padding overhead, since prior
works group GEMM operations in the GMaS step following
the order induced by the Map step, i.e., the order in which
weight offsets are processed in the Map step. As a result,
adjacent GEMM operations with that ordering might have
a large difference in their sizes, causing a larger amount of
padding with zero values, which in turn results to redundant
data accesses and computations with zero (useless) values.
Instead, we argue that reordering the weights before group-
ing the GEMM operations can reduce the amount of padding
with zero values, and provide a better GEMM grouping with
lower padding overhead. For instance, Figure 5b shows that
grouping GEMM operations in the order induced by the Map
step incurs 18% padding overhead and launches 5 GEMM
kernels. However, if we first reorder weights carefully, and
then group the GEMMs into batched GEMM kernel launches,
we can provide only 9% padding overhead and launch only 3
GEMMs, as shown Figure 5c. To this end, we design Minuet
to implement a lightweight GEMM reordering group pol-
icy that reduces the padding overhead and also provides a
small number of GEMM kernel launches. Our evaluations
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show that prior state-of-the-art SC work [43] incurs on av-
erage 11% padding overhead and executes on average 11.1
GEMM kernels, while Minuet has 8.2% padding overhead
and executes 7.76 GEMM kernels.

4 Minuet: Overview

Minuet is a novel high-performance SC engine tailored for
modern GPUs. Minuet highly utilizes the on-chip memory
hierarchy of GPUs, eliminates unnecessary data access and
computations, and effectively adapts to both the data distri-
bution of each particular input dataset and the characteristics
of the GPU architecture used.

Unlike prior SC engines [8, 9, 43] that use a hash table
(e.g., cuckoo hash tables [1]) for building kernel maps, in this
work we argue that using a sorted key-value array and binary
search is a more efficient alternative solution than hash tables
on GPUs. Even though the naive binary search in a sorted
array has worse theoretical computational complexity than
hash tables and does not effectively leverage the on-chip
memory hierarchy of GPUs [1, 2], we challenge these two
understandings by proposing a novel binary search-based
algorithm tailored for building kernel maps in SCs on GPUs.
Figure 6 presents the high-level overview of Minuet. Overall,
we propose four key ideas that accelerate both the Map and
the GMasS step in SC execution.

1. Segmented Query Sorting: We sort the output coordi-
nates and weight offsets separately, and create a query array
in the Map step, organizing the queries to sorted segments
@: cach query segment is sorted and consists of the queries
corresponding to all output coordinates associated with the
same weight offset. Then, for each query segment, we exe-
cute binary search queries in a sorted array that stores the
input coordinates and their indices, named as source array.
This way when we perform binary search lookups by iterat-
ing over consecutive sorted queries, we leverage temporal
data locality: consecutive queries of the same sorted query
segment have similar data access patterns in the source array,
i.e., they access same elements in the source array with a
high probability. Segmented query sorting both minimizes
the sorting overheads and improves data locality in on-chip
caches of GPUs within the source array, thus accelerating
performance to build kernel maps.

2. Double-Traversed Binary Search: We split the source
array into small disjoint source blocks. For each source block,
we perform a backward binary search @ to each query seg-
ment to find out all possible queries corresponding to that
source block, and these queries are organized as a query
block. Then, we load each source block in the GPU scratchpad
memory, and process all queries in the associated query block
by executing a forward binary search within the source block.
For each query, the proposed double-traversed binary search
algorithm reduces the search range, since only a subset of
the source array elements need to be compared, thus decreas-
ing the number of computations (comparisons) performed,

and provides low data access costs, by highly utilizing the
on-chip memory hierarchy on GPUs.

3. Autotuned Gather/Scatter: We design a tile size tuner
that autotunes @) the tile size in Gather and Scatter opera-
tions for each SC layer. First, we sample a few input point
clouds from the dataset and create the corresponding input
and output metadata table entries for these samples. Then,
we evaluate the latency for all possible tile sizes and find the
best-performing tile size for Gather and Scatter operation.
Finally, we process all input point clouds from the dataset
using the selected best-performing tile size. By autotuning
the tile size at each SC layer, Minuet achieves low meta-
data indexing costs and high execution parallelism in Gather
and Scatter operations, and effectively adapts itself to the
characteristics of each layer, dataset, and GPU architecture.
4. Padding-Efficient GEMM Grouping: We re-order the
GEMM operations @ based on the sorted sizes of their corre-
sponding input and output feature vectors. Then, we group
adjacent GEMM operations (to be executed as a single GEMM
kernel) associated with feature vectors of same or very sim-
ilar sizes, which allows us to minimize the amount of zero
paddings. With this key technique, we reduce redundant data
accesses and computations with zero values, and minimize
the number of GEMM kernels executed, thus enabling low
kernel launch overheads on GPUs.

5 Minuet: Design Details

5.1 Optimizing the Map Step

To build the kernel map, the coordinates of the non-zero data
points in the input point cloud, i.e., the input coordinates
{pj}. are stored to an array to be searched from (henceforth
referred to as source array), the size of which is denoted
by |P|. SC creates an array of queries (henceforth referred
to as query array) that stores all possible input coordinates
{qi+ 8k}, where {q;} and { Sk } are the output coordinates and
weight offsets, respectively. Then, SC executes each query to
check whether the query exists as an input coordinate in the
source array. Assuming an SC layer with kernel size K and
|Q| output coordinates, the size of the query array is K3|Q|.
Key Observation. Sorting the queries and executing them
via binary search comprises many common elements in the
search paths between adjacent queries.

Figure 7 shows an example execution of searching four
queries via binary search in the source array (that is visual-
ized as a binary search tree), by traversing queries randomly,
i.e., unsorted queries (left), versus via a sorted approach, i.e.,
sorted queries (right). The annotated white bold coordinates
represent the elements of the source array that are common,
when executing two adjacent queries. In the unsorted query
execution, when searching for (1,0, 0) right after (0, 0, 8) has
been searched, there is only one element (i.e., (0,2,5)) that is
common between the two search paths of adjacent queries.
Instead, in the sorted query execution, when searching for
(0,0, 8) right after (0, 0,0) has been searched, there are three
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Figure 6. High-level overview of Minuet.
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Figure 7. An example binary search execution of four

queries, when queries are traversed randomly, i.e., unsorted
queries (left) versus via a sorted query approach (right).

common elements (i.e., (0,2,5), (0,1,7) and (0,0, 1)) in the
search paths of adjacent queries.

The common elements between the search paths of con-
secutive sorted queries enable two implications for binary
search. First, when executing two consecutive queries with
binary search, there is a high probability that the second
query accesses the common source array elements via the
on-chip caches, since common elements might be already
cached thanks to executing the first query. Thus, the binary
search with sorted queries is friendly to GPU memory hi-
erarchy. Second, each element accessed in the search path
corresponds to one comparison between a query and a source
array element. Having common elements in search paths
means that the same source array elements are compared to
multiple sorted queries (e.g., (0, 2,5) is compared to all four
sorted queries). Thus, if we could find the lower bound of
the source array element in the query array segment, i.e. the
smallest query within the query segment that is no smaller
than a source array element, we could avoid the comparisons
to that source array element, thus reducing the number of
comparisons in binary search scheme with sorted queries.

To this end, Minuet address two challenges. First, binary
search with sorted queries necessitates that the source and
query arrays need to be sorted, and thus we need to minimize
the sorting overheads in both arrays (Challenge 1). Second,
we need to exploit both the memory friendliness and the
aforementioned optimization of reducing comparisons in
binary search with sorted queries (Challenge 2).

5.1.1 Segmented Query Sorting A naive approach to
build the kernel map is to materialize all possible queries
{qi + 8k} in a query array, sort the query array and exe-
cute binary search for each query within the source array.
This approach, referred to as full query sorting, is depicted
in Figure 8 top, in which we assume that there are 4 output
coordinates q; and 3 weight offsets i, thus resulting in 12
queries, which are perfectly sorted in the full query sorting
approach. Binary searching with full query sorting is highly
cache-friendly, as explained, since searching sorted queries
in the source array results in many accesses to the same
elements of the source array. However, full query sorting
incurs high sorting overheads: (1) the size of the query array
K®|Q| is much larger than the size of the source array |P|,
and thus sorting the query array causes even higher sorting
overheads than that of the source array itself; (2) the large
query array needs to be sorted at each SC layer of the point
cloud network. In practice, we found that using full query
sorting approach to build the kernel maps of SC layers takes
much longer time than using the hash table-based approach
of prior SC engines [8, 43]. Therefore, we conclude that the
full query sorting approach has huge sorting overheads that
offset its cache benefits, and this naive approach does not
address the Challenge 1.

To minimize sorting overheads in binary search-based
kernel map building, we propose segmented query sorting,
depicted in Figure 8 bottom. In the segmented query sorting,
we sort the array of the output coordinates q; and the array
of the weight offsets 8y separately, i.e., we materialize two
separate arrays in memory (solid green boxes) and sort each
of them, and then we execute all possible queries as sorted
segments (dashed green boxes): we iterate through all weight
offsets, and for each weight offset 8y we on-the-fly create
a sorted segment of possible queries (without materializing
a new array for the segment) by adding the current weight
offset to each sorted output coordinate q; of the output co-
ordinate array. For example, in Figure 8 the 2-nd segment
is created on-the-fly by adding the 2-nd sorted weight off-
set (0,1,0) to each sorted output coordinate, i.e., (0,0,0),
(0,0,8),(1,0,0), (1,3,0), thus the 2-nd segment comprises of
the four elements (0, 1,0), (0,1,8), (1,1,0), and (1, 4, 0).
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Figure 8. An example of full query sorting (top) and seg-
mented query sorting (bottom).

Segmented query sorting leverages many cache friendly
accesses in binary search-based query lookups, while also
minimizing the sorting overheads in both source and query
arrays, thus addressing Challenge 1.

On the one hand, since the output coordinate array is
sorted, and we create a query segment by adding the same
weight offset to each sorted element of the output coordinate
array, the produced queries in the query segment are by
nature sorted as well (See segments of Figure 8). In practice,
for a typical SC layer with kernel size K, the number of
weight offsets (i.e., K®) to be sorted for each SC layer is
much smaller than the number of output coordinates, i.e.,
K3 < |Q)|. For example, a typical SC layer has a kernel
size 3, and there are 27 weight offsets to be sorted, while
the number of output coordinates is much larger (e.g., 10°).
As a result, there is only a small number of segments, but a
large number of queries within each segment. Thus, segment
query sorting has segments with many sorted elements, and
enables a sufficiently large number of cache-friendly memory
accesses for binary search that are close to that of the full
query sorting approach.

On the other hand, segmented query sorting minimizes
the sorting overheads for four compelling reasons.

First, weight offsets sorting is not in the critical inference
path. Weight offsets are determined by the SC layer configu-
ration itself (i.e., the kernel size and stride, as discussed in
Section 2.1) and are independent to the input point cloud
data, so they need to be sorted only once for each SC layer
in the network. This sorting is performed as a preprocessing
step, when loading the configuration of the SC layer, and has
negligible costs, since the number of weight offsets of each
SC layer is very small (e.g., 27 for a typical kernel size 3).

Second, segmented query sorting sorts the output coor-
dinate array of size |@Q| (e.g., 10%), the sorting cost of which
is smaller than sorting the whole query array of size K*|Q|
(e.g., 27 X 10°) which is needed in the full query sorting ap-
proach. Moreover, segmented query sorting sorts the output
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Figure 9. Optimizing sorting overheads of weight offsets
and output coordinates in adjacent SC layers.

coordinate array only once for all query segments, which are
created on-the-fly (dashed green boxes in Figure 8) and are
not materialized in memory. Thus, it performs much smaller
number of memory accesses for queries compared to the full
sorting approach, that first needs to materialize in memory
the whole query array before sorting it (solid green box in
Figure 8 top).

Third, SC models typically have multiple SC layers con-
nected sequentially [8] the one after the other, and the output
coordinates of one SC layer are the input coordinates of the
subsequent SC layer. Figure 9 presents two adjacent SC lay-
ers as a part of a large point cloud network. Segmented query
sorting requires the output coordinate array Q to be sorted
in the Map step of each SC layer to perform binary search-
based kernel map building. Thus, by leveraging segmented
query sorting, sorting the input coordinate array of the layer
i+1 is completely eliminated, since input coordinate array of
the layer i + 1 is the always same as output coordinate array
of the layer i, which is already sorted (the red solid arrow
in Figure 9). This optimization cannot be enabled with the
full query sorting approach, since it necessitates a different
(separate) array across different SC layers to store and sort
the queries, because the weight offsets (or the coordinates)
can be different.

Fourth, when the stride of an SC layer is one, the output
coordinates Q are identical to the input coordinates P (or-
ange dashed arrows in Figure 9), as explained in Section 2.1.
Therefore, in SC layers with stride 1, we do not materialize
and sort two separate arrays for the source and query ar-
rays. Instead, we materialize only one array that serves as
both sort and query array and sort it only once. Similarly
this optimization cannot be enabled with the full query sort-
ing approach because it necessitates separate query array to
store and sort the queries.

Overall, Minuet significantly minimizes sorting overheads
and bulid the kernel map very efficiently via segmented
query sorting. Minuet leverages existing GPU radix sorting
libraries [10] to sort the arrays at low cost. In Figure 17
(Section 6.4), we show that the building time of Minuet is
faster than that of prior SC engines.
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Figure 10. An example of using backward binary search to
find the lower bound of the pivot in the query array segment
to reduce the number of comparisons.

5.1.2 Double-Traversed Binary Search To solve the Chal-
lenge 2, we introduce a novel binary search algorithm that
both reduces the comparisons, and efficiently leverages the
on-chip memory hierarchy of GPUs when using sorted queries.
Figure 10 depicts an example of executing binary search
with one sorted query array segment into the sorted source
array that is represented as a binary search tree. Each query
in the query array segment needs to be compared with the
middle element of the source array, i.e., the element (0, 2, 5),
in the first comparison step of the binary search. We refer to
such element as the pivot. We observe that as traversing the
sorted queries of the query array segment there is at most one
change from a smaller “<” element to a larger “>” element
than the pivot, e.g., all queries from (0,0, 0) to (0,2,3) are
smaller than the pivot (the red dashed box), and all queries
from (0, 2, 8) to (1, 1,0) are larger than pivot (the blue dashed
box). Thus, if we find the lower bound of the pivot within
the query array segment (i.e., the bold coordinate (0, 2, 8)),
namely the first element of query array segment that is no
smaller than the pivot, we could avoid many comparisons
to the pivot for the elements of the query array segment:
according to the transitivity property, all queries before the
lower bound (red dashed box) will be smaller than the pivot,
and all queries after the lower bound (blue dashed box) will
be larger than or equal to the pivot.
Key Idea. To find the lower bound of pivot, we apply binary
search in a backward manner (backward binary search),
namely to binary search the pivot in the query segment.
This key idea can be applied recursively in all elements
(pivots) of the source array. The sorted source array can
be split into the (i) subarray with elements smaller than the
pivot (the left subtree with red solid box), and the (ii) subarray
with elements no smaller than the pivot (the right subtree
with blue solid box). The (i) subarray is associated with the
left query subarray, i.e., the queries that are smaller than the
lower bound (the red dashed box), and the (ii) subarray is
associated with the right query array, i.e., the queries that
are no smaller than the lower bound (the blue dashed box).
Then, the backward binary search is applied to the pivot
(roots) of the (i) and (ii) source subarrays (subtrees), i.e.,
(0,1,7) and (0, 3, 1), and proceeds recursively to all elements
of the source array. However, recursively applying backward
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binary search would require many recursive function calls,
which limits the degree of execution parallelism and incurs
high warp divergence overheads on GPUs.

To this end, we consider only one level of backward binary

search and propose double-traversed binary search algorithm
for kernel map building, that consists of two steps. Figure 11
presents the execution steps of our proposed algorithm.
Backward Binary Search. Instead of using only one pivot
in source array, we select multiple pivots, and split the source
and query arrays to multiple blocks. We first partition the
source array into multiple source blocks €, each of them has
a size that is no larger than a hyperparameter B. Then, we
use the last elements of each source block as pivots to split
the query segment into multiple query blocks: for each pivot
of a source block, we perform backward binary search to the
sorted query segment @ to find the subset of consecutive
queries, i.e., the query block, that is associated with that
source block. Thus, the query segment is split in multiple
query blocks, the number of which is equal to the number
of source blocks in the source array.
Forward Binary Search. We observe that the query blocks
are data dependent, thus their sizes might significantly vary
across them. To enable load balance across GPU threads,
we balance query blocks @ by further splitting all query
blocks that have size larger than than a hyperparameter C
(e.g., Q2). This way all query blocks are load balanced, i.e.,
having size that is no larger than C. Then, we assign one
CUDA thread block to each query block, where the thread
block processes all queries of that query block by performing
forward binary search to the associated source block. To do
so, each CUDA thread block first loads the associated source
block into the GPU scratchpad memory @ to minimize the
number of global memory accesses. Then, each thread of the
CUDA thread block executes forward binary search @ to
check the existence of each query in the query block within
the source block.

Minuet achieves very low memory access costs, while also
reduces the number of comparisons (Challenge 2). First,
both backward and forward binary search provide high mem-
ory efficiency. The backward binary search is highly cache
friendly, since the pivots of source blocks are sorted, thus
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it is treated as binary search with sorted queries (Section
5.1). The forward binary search also provides high memory
benefits, since we only access global memory, when fetching
the source block to scratchpad memory and the query block
to register files, while accessing the elements within both the
source and the query blocks has a sequential memory access
pattern. Second, we reduce the search range for each query
block from the whole source array of size |Q] to the source
block of size B by the backward binary search. This way, we
significantly reduce the number of comparisons performed
by our algorithm.
5.1.3 Computational Complexity of Segmented Sort-
ing Double-Traversed Binary Search We use Concurrent-
Read-Exclusive-Write (CREW) as the Parallel RAM model
for computational complexity analysis (i.e., work and time
complexity). For simplicity, we assume all source blocks and
load balanced query blocks have the same sizes of B and C,
respectively. Under this assumption, we provide only the
work complexity analysis, since both the backward and the
forward binary search can be straightforwardly parallelized,
and the time complexity is simply the work complexity di-
vided by the number of processors.

Let K, |P|, and |@Q| be the kernel size of the SC layer, the
number of input and output coordinates, respectively. In

the backward binary search, for each of the P%l-I source

block, loading the last element of the source block takes
O(1) time and searching it in one sorted query segment array
takes O (log |Q|) comparisons. In the forward binary search,

for each of the O (‘%l + I_EYI) load balanced query block!,

loading the source and query block from global memory
takes O (C + B) time, and the in-scratchpad binary search
takes O (ClogB) time. In SC, |P| has the same order of

magnitude with |@Q|. By configuring B = % log|Q| and C =

N %B, the work complexity of the segmented sorting
double-traversed binary search is:

o (K (Zlogl@l + (5! +12) B+ cClogB)))
=0 (K?|Q|loglog|Q|)

Minuet can thus achieve a computational complexity close to
that of hash table-based kernel map building, i.e., O(K3|Q|).

5.14 Minuet’s Selection of Hyperparameters B and C
Minuet carefully chooses the hyperparameter B and C. In-
tuitively, hyperparameter B balances the trade-off between
the execution times of the forward and the backward bi-
nary search: a larger value of B results in fewer but larger
source blocks, which decreases the number of comparisons
in the backward binary search, but increases the number of
comparisons in the forward binary search, and vice versa.

©

Let x; denote the size of the unbalanced query block for the i-th source

1Pl
block, we have Z[ 1; ] [%] €0 (% + %) load balanced query blocks.

i=

Algorithm 1 The Gather operation

Arguments: Weight offsets A, Input channel size Cy,, Input coor-
dinates P = {pi}, Input buffer array {b;}, Input metadata table
IMT, Gather tile size T

Returns: Input feature vectors {Ff)}

1: fort «0,1,..., % — 1 in parallel do

2: for p; € P in parallel do

3 Read from the ¢-th tile of Fip to v (in register files)
4 for 8 € A do

5: index « GetInputBufferIndex(IMT, &y, pi)

6 if index # @ then

7

Write v to the ¢-th tile of bjpgex

Hyperparameter C balances the trade-off between data move-
ment and the load balance in the forward binary search: a
larger value of C results in fewer but larger query blocks,
which decreases the data movement for copying the associ-
ated source block to the scratchpad memory, but increases
the load imbalance among CUDA thread blocks, and vice
versa. In Figure 18, we provide a sensitivity study on the val-
ues of the hyperparameters B and C using various GPUs, and
find that with thread block size of 128, configuring B = 256
and C = 512 (default Minuet’s values) consistently achieves
the best performance among all evaluated GPUs and datasets.
For flexibility, we expose B and C as configurable hyperpa-
rameters to users.

5.2 Optimizing the GMas$ Step

In this section, we describe the optimizations and trade-offs
of Minuet in the GMaS step.

5.2.1 Autotuned Gather/Scatter We summarize Minuet’s
algorithm of the Gather operation in Algorithm 1. The Scatter
operation can be conducted similarly to Gather.

With a given tile size T, the Gather operation assign one
CUDA thread to each feature channel tile and each input
coordinate, which achieves a parallelism of % X |P|. As
shown in blue at line 5, we observe that the accesses in
input metadata table are not related to the tile index ¢, which
implies the all the % accesses are to the same entry in the
metadata table within the same tile. Hence, on the one hand,
increasing the tile size reduces indexing costs, namely the
number of accesses to the metadata table, i.e., % x |P| x K3.
However, on the other hand, increasing the tile size T also
reduces the execution parallelism % X |P|. As a result, we
might not saturate the GPU, especially when the number of
input/output coordinates is small or when we use powerful
GPUs with a large number of processing units.

To trade-off between indexing costs and execution paral-
lelism, we propose to autotune the tile size for each Gather
and Scatter operation of the model. In Algorithm 2, we
demonstrate how Minuet autotunes the Gather operation
(the Scatter operation is autotuned similarly). Specifically,
we sample a few point clouds from the dataset and feed them
to the SC network (line 1). Then, for each SC layer in the
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Algorithm 2 Autotuning the Gather operations.

Arguments: A SC network M of n layers £;, A point cloud
dataset for tuning O, The rounds of tuning R
Returns: The tuned SC network Mtunned — {L}“n“ed}
1: Dsampled <Sample a few point clouds from the dataset D
2: for each layer £; do
3: Compute input metadata tables IMT® based on Dsampled

4 TC*}ather — o

5 for each divisor T of £;’s input channel size Cj, do
6: Profile GATHER for R rounds with T and IMT ()
7 Update T7_,, .. with T if the latency is smaller

8: LE“m‘ed — £L; with T}, in the Gather operation

network, we create the metadata tables for these few point
clouds and use them to find the best-performing tile size (line
3). Next, we exhaustively search all possible tile sizes (line 5),
i.e., the divisors of Ci,, and select the tile size with the mini-
mum latency (line 7). Note that this autotuning process only
happens once, before running the inference (pre-processing
cost), and does not introduce significant overhead (less than
2 minutes) as presented in Section 6.1.

5.2.2 Padding-Efficient GEMM Grouping To improve
hardware utilization in transforming input features to out-
put features, prior SC engines [43] use zero-padding in input
and output features to achieve better compute regularity and
low launch overheads in GEMM operations. However, we
observe that the padding strategy proposed in prior works
is still inefficient. To tackle this, we propose to reorder the
weights based on the size of their corresponding GEMM op-
erations, i.e., in non-decreasing order of the number of input
features to be multiplied by each weight. After reordering,
we employ a similar adaptive policy for grouping adjacent
GEMM operations, as proposed by prior works [43].

Intuitively, after we reorder the weights, adjacent weights
will have the same or very similar sizes in GEMM operations.
Thus, there is only a small amount of padding with zero
values needed to have the same sizes/heights in the GEMM’s
operands, which consequently reduces unnecessary data ac-
cesses and computations. Note that the reordering requires
sorting the GEMM sizes and permuting the weights. How-
ever, we found this sorting incurs negligible overhead, being
less than 4% of the layer execution time. This sorting over-
head is accounted for in our evaluations, and in Section 6.3
we show that Minuet has better layerwise performance than
prior works. To further improve hardware utilization, we
parallelize all GEMM kernels by executing them on a pool
of CUDA streams [36]. We set the stream pool size s to 4 in
Minuet, since we found that increasing s larger than 4 results
in no further performance speedups.

6 Evaluation

6.1 Methodology
We followed existing common practice [13, 17, 43, 48, 49] to
develop methodology to evaluate Minuet’s SC executions.
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Platforms. We evaluate Minuet on 4 NVIDIA GPU servers,
RTX 2070 Super (8 GB), RTX 2080 Ti (11 GB), RTX 3090 (24
GB), and Tesla A100 (80 GB). All GPU servers have CUDA
11.8.0 and PyTorch 2.0.0 installed. Unless otherwise noted,
we present detailed evaluation results on RTX 3090.
Baselines. We compare Minuet with two state-of-the-art SC
engines: (1) MinkowskiEngine [43], and (2) TorchSparse [8].
In Minuet, we account for both the overheads of sorting
coordinates and GEMM reordering in end-to-end, layerwise,
and GMasS step evaluations. However, for TorchSparse and
Minuet, we exclude the autotuning time as both autotuning
processes happen only once and are before the inference. The
autotuning process of Minuet takes less than 2 minutes to
finish on all datasets evaluated.

Neural Networks. We evaluate two representative and com-
monly used 3D point cloud neural networks: (1) SparseRes-
Net21 (ResNet) [18, 19] that serves as the backbone for the
widely used CenterPoint 3D object detector [50]; and (2)
MinkUNet42 (UNet) [8] that achieves top-level accuracy in
processing 3D point cloud data.

Datasets. We evaluate four large-scale point cloud datasets:
(1) SemanticKITTI Dataset (KITTI) [4] which includes out-
door LiDAR scans for self-driving scenarios, (2) Stanford 3D
Indoor Scene Dataset (S3DIS) [3] which labels 3D objects in
indoor areas, (3) Semantic3D Dataset (Sem3D) [22] which is
a large-scale dataset for outdoor scenes, and (4) ShapeNet-
Sem Dataset (Shape) [5, 41] which contains large-scale point
clouds for 3D models. Note that to feed a point cloud to SC
networks, the floating-point number coordinates are first
voxelized [8] into integers. After voxelization, the average
sparsity2 is 0.04%, 2%, 0.03%, and 10% for the KITTI, S3DIS,
Sem3D, and Shape datasets, respectively. To study how the
Minuet’s optimizations in the Map step are affected by data
distribution and sparsity patterns (Figure 13, 16, and 17), we
generate a random artificial dataset: we vary the voxelization
process in Sem3D dataset to provide different numbers of
non-zero points in each point cloud in the dataset.

6.2 End-to-End Performance

Total Speedup. Figure 12 compares the end-to-end speedup
of all SC engines, when executing the neural networks on
various datasets and GPUs. We make two key observations.
First, there is no clear winner between MinkowskiEngine and
TorchSparse: MinkowskiEngine outperforms TorchSparse on
ResNet network, while it performs worse than TorchSparse
on UNet network. This is because MinkowskiEngine is spe-
cialized for small channel size SC layers, which dominate
the ResNet network. Second, Minuet consistently outper-
forms prior SC engines, by 1.74X on average (up to 2.19X)
over MinkowskiEngine, and 1.74X on average (up to 2.22X)
over TorchSparse, for all neural networks, datasets, and GPU
systems. Noticeably, Minuet achieves close to 2X speedup

2This is defined as the number of non-zero data points divided by the
bounding volume and averaged over all point clouds in the dataset.
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Figure 12. End-to-end performance of all SC engines using various networks, real datasets and GPU architectures.
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Figure 13. End-to-end performance of all SC engines with
varying point cloud density.

on UNet on RTX 2070, RTX 2080 Ti, and RTX 3090 over
MinkowskiEngine thanks to low-cost data accesses in the
Map step and high parallelism and hardware utilization in
the GMasS step. Overall, we conclude that Minuet achieves
the best performance over prior state-of-the-art SC engines
across various sparse point cloud networks, real datasets,
and even when using different GPU architectures.
Sensitivity on Point Cloud Density. We evaluate Minuet
on a random synthetic dataset to understand how Minuet
generalizes to point clouds with different input densities.
Specifically, we randomly generate point clouds within a
fixed bounding volume (400 X 400 X 400) and vary the num-
ber of non-zero points from 10* to 10° to achieve different
input densities. Figure 13 shows the end-to-end speedup
with MinkowskiEngine and TorchSparse, where Minuet con-
sistently outperforms existing SC engines on various input
densities by on average 1.68X (up to 1.90x).

Speedup Breakdown. To understand how each key idea
of Minuet contributes to the final performance, we evaluate
performance by incrementally enabling the four key ideas
proposed in Minuet in Figure 14. We draw two conclusions.
First, all Minuet’s four key ideas significantly contribute
to the final end-to-end performance. Second, the most sig-
nificant speedup comes from the segmented query sorting,
which shows the superiority of using the sorted key-value
array instead of hash tables in SC execution.

6.3 Layerwise Performance

Figure 15 compares the layerwise performance of all SC
engines on the most commonly used SC layer configurations.
The x-axis corresponds to an SC layer with Cy, input and Coyt
output channels. We calculate the geometric mean across all

AT+PG+SS
AT+PG+SS+DTBS

0.8 1.0 1.2 1.4 1.6

Relative Speedup

Figure 14. Performance breakdown of the key ideas in Min-
uet, where AT stands for Autotuned Gather/Scatter, PG for
Padding-Efficient GEMM Grouping, SS for Segmented Query
Sorting, and DTBS for Double-Traversed Binary Search.
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Figure 15. Layerwise speedup of SC engines averaged across
all real datasets when varying the input and output channel
sizes in the SC layers.

real datasets for each SC layer, and the last group column
shows the geometric mean averaged across all layers.

We draw two findings. First, TorchSparse performs worse
than MinkowskiEngine on SC layers with small channel
sizes (e.g., (4, 16)), while it performs better on layers with
larger channel sizes (e.g., (128, 128)). This is due to a special-
ized dataflow that is optimized for small channel sizes in
MinkowskiEngine [43]. Second, Minuet significantly outper-
forms the MinkowskiEngine by on average 1.64X speedup
(up to 2.16X) and TorchSparse by on average 1.67x speedup
(up to 2.10x) in all layer configurations. Thus, Minuet achieves
the best performance in various configurations of SC layers.

6.4 Performance of the Map Step

Query Process. Figure 16 compares (a) the execution time
and (b) the L2 cache hit ratio achieved (collected with NVIDIA
Nsight Compute [11]) by SC engines in the query process
of the Map step using the Sem3D dataset and an artificial
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Figure 16. (a) Normalized speedup and (b) L2 cache hit ratio
of the query process to build the kernel map in SC when
varying the dataset and number of points in the point cloud.

randomly generated dataset (Random), that has similar spar-
sity and number of points with Sem3D. Note that Minuet’s
execution time includes the total binary search algorithm
proposed, while the L2 cache hit ratio presented represents
only the dominating forward binary search process (more
than 90% in the total time of the Map step). In the x-axis, we
present the number of points in the input point cloud and
the dataset to which the input point cloud belongs.

We make two key observations. First, thanks to our novel
highly memory-efficient binary search algorithm, Minuet
achieves a very high L2 hit ratio, i.e., more than 95% in all
datasets, and provides superior performance benefits in the
Map step: it has 19.2X speedup on average (up to 26.8x) and
13X speedup on average (up to 24.6X) over the hash table
implementations of MinkowskiEngine and TorchSparse, re-
spectively. Second, we observe that as the number of points
increases, the cache hit ratio of hash table-based implemen-
tations decreases significantly. This is because as the number
of points increases, the hash table requires larger memory
footprint to access the stored input coordinates, which are
less likely to remain in the on-chip caches during the query
execution. In contrast, Minuet’s segmented sorting double-
traversed binary search significantly outperforms hash table-
based solutions of prior SC engines, and provides a robust
solution, since its performance benefits remain across vari-
ous numbers of inputs points.

Build Process. Figure 17 compares the time for the build
process of the Map step, i.e., the time to build hash tables in
MinkowskiEngine and TorchSparse engines, and the time to
sort the input/output coordinates in Minuet. By leveraging
the high-performance CUDA radix sorting libraries (e.g.,
NVIDIA CUB [10]), Minuet achieves lower building time
overhead compared to prior SC engines, and thus sorting
cost for the coordinates in our proposed segmented sorting
double traversed binary search has negligible overhead.

Minuet’s Hyperparameters. Figure 18 shows query time
for building kernel maps in the Map step, when varying the
values of the Minuet’s B and C parameters (Section 5.1) on
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Figure 17. Building time overhead of the source array when
varying the real dataset and the number of points in the
input point cloud.
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Figure 18. Query time in the source array, when varying
the values of Minuet’s B and C parameters.
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Figure 19. Normalized speedup in the GMaS step averaged
over all real datasets when varying the input and output
channel sizes in SC layers.

three different GPU architectures. We observe that the best-
performing B and C values are not significantly affected by
the GPU architecture characteristics, and we choose B = 256
and C = 512 as Minuet’s default values, since they always
provide the best performance on all GPU architectures.

6.5 Performance of the GMasS Step

Figure 19 compares performance of all SC engines in the
GMasS step in different SC layer configurations, i.e., varying
the number of input and output channels. First, Minuet on av-
erage outperforms prior SC engines. Across all different layer
configurations, Minuet achieves on average 1.40X speedup
(up to 2.38x) and 1.37X (up to 1.59X) over MinkowskiEngine
and TorchSparse, respectively. This is because Minuet tunes
the tile size on-the-fly and reduces the padding overheads in
GEMM operations. Our evaluations show that TorchSparse
incurs on average 11% padding overhead and launches on
average 11.1 GEMM kernels, while Minuet has 8.2% padding
overhead and launches 7.76 GEMM kernels. Second, we ob-
serve that Minuet’s GMaS step performs slightly worse than
MinkowskiEngine (up to 17% slowdown) due to its dedicated
optimizations for small channels [43]. Overall, we conclude
that Minuet’s optimizations in GMaS step effectively reduce
unnecessary data accesses and computations.
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7 Related Work

Minuet is the first work that accelerates SC execution on
GPUs by (i) proposing a memory-efficient kernel map build-
ing, that highly utilizes the on-chip memory hierarchy of
GPUs, and (ii) reducing redundant data accesses in GMa$S
step via a batched scheme for the metadata indexing of the
input/output feature vectors and a sorted grouping of GEMM
operations. We briefly discuss prior work.

SC Engines. Only a few prior works [8, 9, 43] improve the
performance of SC execution. MinkowskiEngine [8] is the
first work that proposes a generalized SC to process point
clouds and provides an open-sourced SC library. SpConv [9]
improves the performance of SC by leveraging data locality
in GEMM operations. TorchSparse [43] is the latest opti-
mized SC engine that achieves high system performance
by padding and grouping the GEMM operations to improve
computation regularity. Our evaluations demonstrate that
Minuet significantly outperforms the prior state-of-the-art
SC engines [8, 43] by effectively reducing expensive memory
accesses in Map step and redundant data accesses in GMaS
step. Minuet is also the first work that optimizes the Map step
in SC by highly utilizing the on-chip memory hierarchy on
GPUs. Finally, PointAcc [30] proposes a hardware accelerator
for point cloud analytics, while Minuet is a software-based
SC engine tailored to modern GPU architectures.
Concurrent to the submission of this work, PCEngine
[24] and TorchSparse++ [45] propose to adaptively select
dataflows [8, 9, 43] for SC execution in the GMaS step. Minuet
is orthogonal to these works. (1) In Map step, PCEngine and
TorchSparse++ rely on hash tables for building kernel maps,
and thus still suffer from expensive data accesses (Shortcom-
ing #1). (2) In GMaS step, PCEngine and TorchSparse++ still
use a fixed tile size in Gather/Scatter operators, thus they suf-
fer from either high indexing costs or limited execution par-
allelism (Shortcoming #2), when the Gather-GEMM-Scatter
dataflow is selected for SC execution. PCEngine compresses
the kernel map tables [24] and in turn reduces redundant
iterations on weight offsets (line 4 in Algorithm 1), which
is orthogonal to Minuet, since Minuet reduces redundant
iterations on feature tiles (line 1 in Algorithm 1). Thus, we
conclude that Minuet’s proposed segmented sorted double-
traversed binary search and autotuned Gather/Scatter can
be applied synergistically with these works to achieve sig-
nificantly high system performance.
Deep Learning Compilers. Deep Learning (DL) compil-
ers [6, 13, 15, 28, 48, 49] simplify DL programming and au-
tomate the hyperparameter search for DL tensor programs,
resulting in significant engineering savings. However, most
DL compilers either optimize dense tensor algebra [6, 13, 15]
or sparse tensor algebra with sparsity patterns that do not
depend on the input data [6]. Since the sparsity pattern of
SC networks depends on the particular characteristics of
the given 3D point clouds, the tensor programs compiled by

these prior DL compilers [6, 13, 15] are still inefficient for
point cloud networks. To our knowledge, TACO [28], TACO-
UCF [48], and SparseTIR [49] are the only DL compilers that
optimize sparse tensor algebra by taking into consideration
the sparse pattern specified by each particular input data.
However, these DL compilers do not integrate the optimiza-
tions proposed in Minuet. Thus, Minuet’s four key ideas
work synergistically with these DL compilers to provide
significant system performance benefits in SC executions.
Binary Search Optimizations on GPUs. A couple of prior
works [20, 25, 37] explore binary search optimizations on
GPUs. TriCore [25] discusses the cache friendly behavior of
naive binary search, when executing lookups with sorted
queries. However, as discussed in Section 5.1, building the
kernel map in SC by simply executing fully sorted queries
in the source array with naive binary search would incur
large sorting overheads (Challenge 1), that would offset the
cache benefits, and does not explore the optimization on the
number of comparisons (Challenge 2). MergePath [20, 37] im-
proves the computational complexity of naive binary search,
however it necessitates a cache-unfriendly binary search pro-
cess on GPUs, thus causing worse system performance than
the naive binary search [25]. We conclude that applying these
prior binary search-based schemes in the Map step would
still be inefficient compared to our proposed segmented sort-
ing double-traversed binary search algorithm.

8 Conclusion

Minuet is a highly efficient SC engine that accelerates 3D
point cloud networks on GPUs. Minuet highly utilizes the on-
chip GPU memory hierarchy, improves execution parallelism
and metadata costs, and reduces unnecessary data accesses
and computations on SC executions. Our evaluations show
that Minuet significantly outperforms prior state-of-the-art
SC engines by 1.74x speedup on average at the end-to-end
execution, across a wide variety of sparse point cloud net-
works, datasets, and GPU architectures. We conclude that
Minuet is a novel memory-efficient SC engine tailored for
modern GPUs, and hope that our work encourages further
comprehensive studies and optimization strategies on point
cloud networks and other sparse deep learning networks.
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Minuet: Accelerating 3D Sparse Convolutions on GPUs

A Extended Results

A.1 Minuet’s Best Performing Tile Size
Figure 20 presents the best-performing tile size in Gather and
Scatter operations of different SC layers of the MinkUNet42
[8] network on various GPUs and datasets, respectively.
We draw two findings. First, we observe that the best-
performing tile size significantly varies across different datasets
and GPU architectures. This key finding justifies the neces-
sity to tune this parameter in Gather and Scatter for each
dataset and GPU architecture. Second, we find that the best-
performing tile size also varies across different layers of the
network, which indicates that the tile size needs to be re-
configured for each SC layer separately. In contrast, prior
works use a fixed tile size (i.e., 4) in all cases (i.e., SC layers,
input dataset and GPU architecture), and thus they are still
quite inefficient compared to Minuet. We conclude that Min-
uet’s autotuning strategy for tile size enables high system
efficiency on various datasets and GPU architectures, and
provides a versatile solution to variable layer characteristics
of different point cloud networks.
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Figure 20. Best-performing tile size in Gather and Scatter
operations of each of the 42 layers in the MinkUNet42 net-
work [8] on different (a) GPU architectures and (b) datasets.

B Artifact Appendix

B.1 Abstract

This artifact provides Minuet’s source codes, scripts, and
instructions for reproducing our main evaluations in this
paper. We provide a README . md file in this artifact to describe
the software & hardware requirements, and step-by-step
instructions to reproduce the main experiments for our major
claims (Section B.4.1). We expect to take 2 — 3 hours to finish
this artifact excluding the dataset downloading time.

B.2 Description & Requirements

B.2.1 How to Access. The artifact is publicly accessible
both at GitHub repository MinuetArtifacts and on Zenodo
with DOI number 10.5281/zenodo.8393982.
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B.2.2 Hardware Dependencies. The artifacts should run
on any hardware platforms with a modern NVIDIA desk-
top/server GPUs (with > 8 GB GPU memory), x86-64 CPUs,
sufficient CPU memory (> 32 GB), and storage (> 150 GB).
For reference, our experiments are mainly conducted with
the following hardware specifications.

e CPU: AMD Ryzen Threadripper 2920X

e GPU: NVIDIA GeForce RTX 3090 (TDP: 350W)

e Memory: 64 GB DDR4 RAM

e Storage: 256 GB Solid-State Drive (SSD)

B.2.3 Software Dependencies. For this artifact, we re-
quire a Linux-based operating system with a up-to-date ver-
sion of NVIDIA Driver installed. For reference, we use the
following software platform for our experiments:

e OS: Ubuntu 20.04.5 LTS

e Linux Kernel: 5.15.0-82-generic

e NVIDIA Driver: 535.104.05
The step-by-step instructions for installing all other soft-
ware dependencies are detailed in the README . md file in the
artifact.

B.2.4 Benchmarks. We require to download the Seman-
tic3D dataset [22] as the minimal requirement to run all
experiments in this artifact. The other datasets are optional
but is necessary for obtaining all results. The instructions for
downloading the datasets are detailed in the README .md file
in the artifact.

B.3 Set-Up

To build and install this artifact, simply clone the artifact
repository and follow all instructions in the README . md file.
The installation of Minuet and all baselines [8, 43], together
with their configurations, will be handled automatically in
the docker image building script.

B.4 Evaluation Workflow

B.4.1 Major Claims

e (C1): Minuet achieves a superior speedup over prior state-
of-the-art SC engines by on average 1.74x for both end-
to-end point cloud network executions (E1) and by on
average 1.66X for layerwise SC executions (E2).

e (C2): Minuet’s novel segmented sorting double-traversed
binary search algorithm has a higher cache hit ratio and
achieves a superior speedup by 15.8X on average over
prior state-of-the-art works, while introducing compara-
ble building time overhead (E3).

e (C3): Minuet proposes auto-tuning tile sizes in Gather
and Scatter operators and GEMM reordering, which ac-
celerates the GMasS step by on average 1.39X over prior
SC engines (E4).

B.4.2 Experiments. Please follow the README .md file in
the artifact for detailed instructions for the experiments.
Each experiment (E1-E4) clearly marks the major claim code
(C1, C2, or C3) and generates similar figures in this paper to
support these claims.
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