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Abstract

The Hausdorff distance (HD) is a mathematical measure of the
similarity (or dissimilarity) between two sets of points, typically
used to compare geometric shapes, images, or spatial distributions.
HD computation has a broad range of applications in large-scale
data analysis across domains like medical imaging, geospatial in-
formation systems, and graphics. As the volume of spatial data
continues to grow rapidly, HD computation has become increas-
ingly time-consuming, demanding effective and scalable hardware
acceleration. Recent research on utilizing Ray Tracing (RT) cores to
accelerate k-nearest neighbor (k-NN) search shed light on this prob-
lem, as k-NN is the building block of the HD algorithm. However,
naively using an RT-accelerated k-NN library yields poor perfor-
mance due to the lack of domain-specific optimizations, leading to
poor utilization of hardware resources. In this paper, we propose
X-HD, a general-purpose HD algorithm with RT acceleration for
large-scale datasets. X-HD has three core optimization techniques:
(1) We use a grid to organize spatially proximal points, which re-
duces the traversal intensity of the Bounding Volume Hierarchy
(BVH) tree. (2) We use HD estimators to prune non-contributing
points for faster processing. (3) Introducing the grid also results
in severe load imbalance in RT shaders. Our solution addresses
this by selectively offloading the distance computation from RT
shaders to a dedicated CUDA kernel to improve load balance. X-HD
outperforms the state-of-the-art industrial software ITK by 5.3x
on average. Compared to a GPU-optimized HD solution, X-HD
achieves a speedup of up to 6.4x.
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+ Computing methodologies — Massively parallel algorithms;
Ray tracing; - Information systems — Spatial-temporal systems.
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1 Introduction

The Hausdorff Distance (HD) is a spatial metric used to measure the
dissimilarity between two sets of points. It quantifies the maximum
distance from a point in one set to the nearest point in the other set,
effectively capturing the greatest discrepancy between the two. HD
is an important tool in various fields, including CAD [9, 42, 46, 75,
79], image processing [4, 11, 31, 35, 54, 68], computational geometry
[2, 30], and spatial databases, such as PostgreSQL [52, 63].

The volume of spatial data has expanded rapidly in recent years,
driven by the widespread use of high-resolution sensors, such as Li-
DAR, GPS-enabled devices, satellite imagery, and advanced medical
imaging technologies. For example, datasets collected from LiDAR
sensors to train self-driving cars can contain billions of points [7].
At the same time, spatial workloads are often time-sensitive [71],
making it imperative to develop super fast HD algorithms supported
by an effective hardware acceleration.

The HD computation is highly intensive and time-consuming.
Existing approaches to solving HD typically follow its definition,
where each point in one set finds its nearest point in the other set.
Subsequently, the HD can be computed by taking the maximum
of the distances between the points and their closest counterparts.
The above operation is a special case of k-nearest neighbor (k-NN)
search where k = 1. Using a tree-like data structure, e.g., KD-tree, to
solve the problem on the GPU can be very slow due to its inherent
recursive nature, which causes excessive branch divergence and
random memory access [32, 83].

Recent research has shown that using Ray-Tracing (RT) cores is
beneficial for solving the k-NN problem [47, 56, 83]. RT cores are
designed to accelerate photorealistic rendering, which are ubiqui-
tous in consumer-grade GPUs, data centers, and supercomputing
environments [1, 8]. To utilize these specialized units, the k-NN
search must be reformulated as a ray-tracing problem, such as
searching ray-Axis-Aligned Bounding-Box (AABB) intersections
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by traversing a Bounding Volume Hierarchy (BVH) tree, and the
tree traversal is conducted on the RT cores.

However, naively invoking an RT-based k-NN library to solve
HD vyields poor performance. In existing works, such as RTNN [83]
and RT-KNNS Unbound [56], each point is mapped to an individual
AABB to exploit the RT-accelerated BVH search. This strategy leads
to significant BVH traversal and intersection test overhead due to
the large volume of points. In addition, some crucial domain-specific
optimizations, such as Early Break (EB) [67] and HD estimators
[57], cannot be applied in these libraries to reduce redundant com-
putation, as they are viable only for the HD algorithm. Finally, the
existing RT programming model, e.g., NVIDIA OptiX [58], lacks a
load-balancing mechanism in the RT shader, leading to poor hard-
ware resource utilization.

To address the above mentioned issues, we propose the following
design principles for a high-performance HD algorithm on RT cores.

(1) We aim to reduce the intensity of the BVH traversal and
intersections. Our measurement shows that handling an
intersection is about 5X more expensive than calculating the
distance between two points.

(2) The intensity of distance computation should be significantly
reduced because the value of HD only comes from a single
pair of points, implicating many non-contributing points can
be culled.

(3) Load-balancing should be carefully considered because RT
cores adopt a single-ray programming model, and poor load-
balancing will significantly underutilize the GPU [58].

In this paper, we introduce X-HD, an RT-accelerated HD al-
gorithm designed for high-performance processing of large-scale
datasets. X-HD has three core techniques. First, we use a uniform
grid to group spatially proximal points into a cell, which is inex-
pensive to build. Subsequently, each non-empty cell is extended
by a search radius to create an AABB, which serves as the input
for building the BVH. This step not only reduces the BVH size
for faster construction but also results in fewer intersections and
better spatial locality [14]. Reducing non-contributing points is our
second core technique. Using the cell boundaries, we employ HD
estimators to calculate the lower and upper bounds of HD, which
helps us to prune non-contributing points within the cell. X-HD
also incorporates the EB optimization to cull individual points that
cannot increase the value of HD. Finally, while introducing a grid
offers benefits, it also brings new issues, such as imbalanced work-
loads due to skewed data distribution. For better load balancing,
X-HD selectively offloads the distance computation from the RT
shader to a dedicated CUDA kernel to improve load balance.

Our experiments show that X-HD outperforms the state-of-the-
art medical imaging framework ITK by 5.3X on average with MRI
images. Compared to a GPU-optimized EB algorithm, X-HD achieves
a speedup of up to 6.4X on large-scale geospatial datasets.

The contributions of this paper are as follows:

(1) We designed and implemented a highly optimized HD algo-
rithm tailored for execution on RT cores.

(2) We proposed using grid and HD estimators to reduce the
intensity of BVH traversal and distance computation. The
latter is beyond HD - it can also be incorporated into RT-
based k-NN solutions [60].
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(3) We investigated the load balance issues inherent in RT shaders
and proposed a general solution to improve load balance.
This technique can be used by any RT-accelerated algorithms
facing load-balancing challenges.

(4) We have comprehensively compared and analyzed X-HD
with five baselines using diverse real-world datasets.

(5) Putting all the design and implementation efforts together,
we created X-HD as an open-source software for the research
and application communities .

2 Background

2.1 Hausdorff Distance

Given two sets of points PA and PB, where P4 = {pf,pg, P}
and PB = {pf, pg yeens pZ} in a metric space with distance function
Il . The directed Hausdorff distance from P4 to PB is:

N
H(PA,PB) = max { min {|Ip%p®|1}} (1)
p“EPA prPB

Note that the directed Hausdorff distance is not symmetric, e.g.,

ﬁ(PA, PB) # ﬁ(PB,PA). The undirected Hausdorff distance can
be trivially calculated by taking the maximum of the two directed
Hausdorff distances, which yields a symmetric measure. While the
directed HD finds its applications in graphics, such as finding the
best partial distance between two images [31], the undirected HD
can be applied to evaluate the quality of a medical image segmen-
tation algorithm [33] and trajectory analysis [61]. In this paper, we
focus on the directed Hausdorff distance for point sets in 2-D/3-D
Euclidean space as it has wide applications [24, 31, 57, 66].

2.2 HD Algorithms

To compute HD, we can directly follow its definition in Equation 1
with a double-loop scheme. The outer loop iterates over every point
pte PA while the inner loop finds the minimum distance, cmin,
from p? to the points in PB. After each inner loop, the global max-
imum distance, cmax, is updated with cmax = max(cmax, cmin)
to maintain the maximum of the minimum distances found. The
time complexity? of this algorithm is O(|P4| - |[PB|), which is not
scalable and time-consuming for large datasets.

Early Break There is an opportunity to optimize the double
loop by skipping points that cannot contribute to the Hausdorff
distance, achieved by breaking the inner loop earlier [67]. As shown
in Algorithm 1, the distance of a pair of points, dist, is checked
against cmax. If dist is not greater than cmax, we can safely exit
the inner loop. This pruning logic can be interpreted as follows: if
the current minimum distance (cmin) found for point p® is already
less than cmax, then continuing the inner loop to yield a lower
distance still can not be greater than cmax and thus cannot further
increase the overall Hausdorff distance cmax.

This algorithm can be very efficiently implemented on the GPU.
For the outer loop, we dispatch a thread block to take point p4,
while the inner loop can be unrolled with the thread block. In Line 8,
we use a block-level reduction to aggregate the minimum distance

!Source code: https://github.com/pwrliang/X-HD
2We consider the spatial dimension as a small constant factor, e.g., 2 or 3.
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from each thread and vote to break the loop with a thread block
synchronization.

Algorithm 1: Hausdorff Distance with Early Break

Input :Point Set P4

Input :Point Set PB

Output :Hausdorff Distance

Shuffle(P*) // Randomize points to avoid similar distances in
successive iterations [67]

Shuf fle(PP)

-

2

3 cmax < 0

4 for each p? in P4 do

5 cmin ¢ oo // Min distance discovered from p? to P®
6 for each p” in PB do

7 dist — ||p®, p"|

8 cmin « min(cmin, dist)

9 if dist < cmax then

10 ‘ break // p” cannot further increase cmax
11 end if

12 end for

13 cmax < max(cmax, cmin)
14 end for

15 return cmax

Nearest-Neighbor Search Since the inner loop in Algorithm 1
essentially computes the distance from p¢ to its nearest neighbor
point, we can avoid visiting all the points in P? by formulating the
inner loop as a k-NN problem, where k = 1.

We first build a spatial index, e.g., a KD-tree, over the point set
PB. Then, we iterate over the point set P4, performing a nearest
neighbor search for each point p¢ € P4 using the spatial index.
Next, we calculate the distance between p® and its nearest neighbor
to update cmax. With the index, the average time complexity is
O(|P4] - log|PB)).

Although introducing a spatial index will reduce the work amount,
resulting fewer distance computations, tree-like data structures are
not efficient for the GPU due to the random memory accesses and
branch divergence [83]. Our experiments show that using a KD-tree
is almost always slower than the EB solution (§6.2). In this paper,
we will show how we turn this hardware inefficient algorithm into
a GPU-friendly solution with RT cores.

2.3 RT-accelerated Nearest Neighbor Search

The basic idea of RT-based NN search originates from an idea known
as the "inverse test" [20, 83]. For instance, a query point Q seeks
to identify its nearest neighbor within a specified radius r (Fig.
1(a)). This problem can be equivalently reformulated as an inverse
test. As shown in Fig. 1(b), the problem is reversed to ask: "Which
spheres of radius r, centered at data points, contain the query point
07"

By utilizing this inverse test approach, we employ an AABB to
enclose each sphere and cast rays from the query points to find
potential intersections. The AABBs are defined by expanding the
points by a radius r. A query point finds its nearest neighbor if
its ray hits an AABB and the distance to the AABB’s center is no
more than r3. Otherwise, the search continues, and the point is
reprocessed with an increased r (§5).

3In cases of multiple AABB intersections, the shortest distance is recorded.
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Figure 1: (a) Query Q searches its nearest neighbor within
radius r; (b) Achieve the query with the inverse test that finds
ray-AABB intersections followed by a point-in-sphere test

Searching for these intersections can be achieved by traversing
the BVH built using the AABBs, and the traversal is automatically
accelerated by RT cores. This design is therefore significantly faster
than software-emulated tree search solutions [83]. The existing
RT-accelerated NN search algorithms are based on NVIDIA’s OptiX
framework because of its support for BVH traversal acceleration.
To write an RT program, developers must write RT shaders — es-
sentially a piece of CUDA code, but executed from the perspective
of a single thread. When the RT cores report a potential intersec-
tion, an RT shader called IsIntersection is invoked, allowing the
developer to handle the intersection event. For the NN search case,
the IsIntersection shader calculates the distance between the
ray origin and the center of the AABB being hit and maintains the
minimum distance discovered so far. Once the shader completes,
the execution flow transfers from the CUDA cores back to the RT
cores to continue the search process.

3 Design Principles

Directly using the RT-based NN algorithms to solve HD results in
very poor performance due to the cost of building a large BVH, re-
dundant computation, and load imbalance. We discuss these equally
important issues and the ideas to solve them in this section.

3.1 Reducing BVH Size

The existing RT-based k-NN algorithms, such as RTNN [83] and
RT-KNNS Unbound [56], adopt a one-to-one mapping between a
point and an AABB (§2.3). This simple mapping scheme results in a
high BVH construction cost and reduces the efficiency of filtering
intersections. Existing research has shown that the building time
is linearly correlated with the number of AABBs [83]. When the
number of points is high, BVH construction becomes a performance
bottleneck. A large BVH also results in more intersections. When
casting a ray to search the BVH, whenever a leaf node is visited,
IsIntersection will be invoked to notify the users to handle po-
tential ray-AABB intersections. The more AABBs a BVH has, the
more AABBs a ray will possibly hit.

To reduce the BVH size, we should allow an AABB to enclose
multiple points. Only spatially proximal points should be grouped to
reduce the dead space* of the AABB, leading to fewer false-positive
intersections. If an AABB is hit, we can iterate over the points in
the cell and narrow down the nearest point. There are many data

4The dead space refers to the area in the AABB that has no geometries [19]
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structures that serve the above purposes. For example, a quad-tree
or KD-tree can be used to partition the space, and spatially proximal
points will be naturally placed in a tree node. However, we have
tried them and found that these complex data structures are very
expensive to build on the GPU due to their recursive nature.

(a) Uniform grid over points PB (b) Expanding an MBR of a

cell to increase search areas

O A
o o o=
p
: ! mBR_ "0
o+ T
® i
TOH 2%
/
() () o I tter,
@ o) 0 Iter,
Itery
[ ] AABBSs are derived by
. expanding the min and max
corners of the MBR by r

Figure 2: (a) using a uniform grid to organize spatially proxi-
mal points; (b) Create an MBR for points in a cell and itera-
tively expand the search radius.

A uniform grid [23] is a simple and widely used data structure
[34, 74] that partitions the space into many identical, square-sized
cells, as shown in Fig. 2(a). With a predefined grid, a point can be
mapped into its cell with O(1) time complexity, and the storage
for the grid can be a simple array. Using the grid, proximal points
are automatically placed into the same cell. Introducing a grid also
causes other issues, such as load imbalance and determining an
appropriate grid resolution.

3.2 Reducing Redundant Computation

3.2.1 EB and NN are not Mutually Exclusive. Recall that EB is es-
sentially a pruning technique that skips a non-contributing point
in PA. While the NN method adopts a spatial index to prune the
points in PP that are very far from PA. In short, these two methods
prune non-contributing points from P4 and PB, respectively.

These two methods can be used together. We could adopt the
NN-based algorithm as the framework while incorporating the
EB technique simultaneously. In the process of the NN search, if
the current minimum distance (cmin) found for point p4 is lower
than the global maximum distance (cmax), it is safe to exit from
the search process early. Compared to the EB algorithm, which
iterates through every point in PB, using a search tree will reduce
the accesses to points PB. By including the idea of EB, we can
early-stop the search process to reduce redundant computation.
Since this technique is only viable for the HD algorithm, directly
invoking a standard k-NN search library will miss opportunity of
applying this optimization, but X-HD seizes the opportunity to
reduce unnecessary computation.

3.2.2  Utilizing HD Estimators. Nutanong et al. proposed an early
HD algorithm that uses the branch-and-bound search principle to
avoid visiting some tree branches in the index [57]. Unfortunately,
their method is inherently sequential and thus cannot be used in
massive parallel environments. However, the utilization of Haus-
dorff distance estimators in their paper motivated us to further
prune redundant computation.

Geng and Yuan, et al.
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Figure 3: Using HD estimators to calculate the lower and
upper bounds of point-MBR distance. p? is within the MBR,
so the lower bound is zero

The HD estimators provide the lower bound (M inDist(pA, MB))
and the upper bound (MaxDist(p?, MB)) of the distance between
a given point p# and the points bounded by a Minimum Bound
Rectangle (MBR) MB [57]. As illustrated in Fig. 3, MinDist is the
distance from pA to the closest face of MB, while MaxDist is the
distance to the farthest corner. The estimators allow us to eliminate
redundant computations. We can cull all the points within M5 if
they cannot contribute to the HD. For example, if the upper bound
of the HD is not greater than cmax, we can safely skip all the
points enclosed by MB because they cannot increase cmax. We will
elaborate on how to use the HD bounds to reduce computation
workloads in §4.

3.3 Avoiding Heavy Workload in Shaders

OptiX adopts a single-ray programming model, where a single
thread casts a ray and executes IsIntersection shader in serial. A
thread will take a long execution time if it involves a large workload,
therefore, underutilizing the GPU resources. Unfortunately, OptiX
does not allow the use of warp/block synchronization intrinsics,
which makes it impossible to use various load-balancing techniques,
such as Cooperative Thread Array (CTA) scheduling [45, 51, 59]
Given a uniform grid, due to the inherent nature of real-world
datasets, the points are often not evenly distributed across the grid
cells. When handling the points within a cell, a single thread will
serially visit them to calculate distances. While this may not be a
problem for cells containing very few points, it can be disastrous
for cells with tens of thousands of points, leading to a long running
time. Due to the limitations of the RT programming model, the only
way to address this issue is to offload the distance computation
in RT shaders to general CUDA kernels, which allows us to use
various synchronization primitives to rebalance the workloads.

4 The X-HD Algorithm
4.1 Algorithm Overview

X-HD first uses a uniform grid as the first-level index to partition
points PB, and spatially proximal points will be grouped into their
cells. The second-level index, a BVH tree, is built over non-empty
cells to accelerate the search for cells potentially containing the
nearest neighbor. Rays are cast from PA to find the cells hit by
these rays (Fig. 4, Stage 1). Each IsIntersection shader invoca-
tion indicates the ray is close to a cell that potentially contains
the nearest neighbor. Within the shader, we estimate the lower
and upper bounds of the point-MBR distance, which helps prune
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Stage 1: Using RT cores to find nearest cells and tackle lightweight cells
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Stage 2: Using thread blocks to tackle heavy cells
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Figure 4: Execution process of X-HD. Stage 1: A grid is built over PB to partition spatially proximal points into cells. Rays are
cast from P4 search ray-AABB intersections with RT cores. IsIntersection shader sequentially processes each point in the
cell to maintain the nearest neighbor. Stage 2: heavy cells are staged to an Intersection Queue, and they are processed with a

dedicated CUDA kernel for better load balance.

non-contributing points, reducing redundant computation. Upon
the execution of IsIntersection, we visit every point in the cell
to pinpoint the nearest neighbor. Since some cells in real-world
datasets may contain a large volume of points, sequentially visiting
every point in such a cell is prohibitively slow. To mitigate the im-
pact of imbalanced workloads, we do not immediately process these
cells. Instead, we record the intersections in a worklist (W Lgeqoy)
and later process them in a dedicated CUDA kernel (Fig. 4, Stage
2), where thread blocks cooperatively process the cells for better
load balance.

4.2 Iterative Nearest Neighbor Search

X-HDis an iterative algorithm that searches for the nearest neighbor
by gradually growing the search radius r to reduce unnecessary
intersections [56]. An iteration consists of building a BVH, casting
rays, handling intersections, and adjusting the search radius, and
Fig. 4 shows the first three steps. The iterations will repeat until
every point p? € P4 finds its nearest neighbor.

Build BVH. Initially, points PP are inserted into a uniform
grid G to place them into different cells, as shown in Fig. 2(a). We
calculate the MBR for each non-empty cell, and these MBRs are
then expanded by a search radius r, forming AABBs as inputs to
build a BVH. Using the MBR instead of the cell boundary provides a
tighter boundary, which helps to reduce false-positive intersections
and more accurate HD bounds.

Cast Rays. Each point p4 casts a short ray to search for ray-
AABB intersections, where the ray origin is p#, and the direction
can be arbitrary. Searching for intersections is implemented by
traversing the BVH, which is accelerated by RT cores. This process
is therefore very fast.

Handle Intersections. The IsIntersection shader is trig-
gered when a ray hits an AABB. In the shader, we retrieve the
AABB ID to locate its corresponding cell in the grid and calculate
the distances between p# and the points in the cell, where the min-
imum distance, cmin, is also maintained. After visiting all points
in the cell, we use cmin to update the global maximum cmax with
atomicMax. Some cells may not contribute to the HD, we prune
them in this process.

Adjust Search Range. Some points in P4 may not hit any
AABB:s at all due to an insufficient search radius. Consequently, we
increase r for a wider search range. Fig. 2(b) visualizes this process
with a cell containing three points from PP and two query points,
pf and p?, from PA. In Iteration 1, an AABB is created by extending
the MBR by an initial search radius ry, but it does not cover either
pf or p?. The search radius is then increased to rg + r4 to include
more points from P4, where ry is how long the search radius grows
in each iteration. In Iteration 2, p’; intersects the AABB, but pf
does not. The radius is further increased to ro + 2 * r4. Finally, in
Iteration 3, p‘l“ intersects the AABB, and the search stops.

Algorithm 2 summarizes the above three steps. Line 1-5 is for
building the BVH. Two worklists, WLy, and WLjy;s, are used to
maintain the points casting rays and the points that cannot find
intersections when the current iteration ends, respectively. In Line
11, rays are cast from the points in WLy, to find intersections,
which is accelerated by RT cores. Subsequently, IsIntersection
shaders will be invoked whenever an intersection is found, in which
the distances between p# and points in the cell will be calculated
(Algorithm 3). If the ray from a point does not hit any AABB, the
point will be moved to WLyy;ss, which will be searched again with
an expanded search radius in the next iteration. Cells with too
many points will not be immediately processed in IsIntersection
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shader. They are instead addressed with a dedicated kernel for
better load balance (Algorithm 5). Therefore, we cannot use cmin to
update cmax because the computation is incomplete. We stage the
incomplete cmin values to partial_cmin, allowing the CUDA kernel
TackleHeavyCells to resume the computation (§4.4). In Line 24,
we increase the radius for a larger search area, which is explained
in §5. In Line 26-27, we update the BVH with a new radius using the
BVH refit function, which is much faster than rebuilding the BVH
[28]. The above process repeats until WLy, is empty, and cmax will
be the result of HD. Since the algorithm is a variant of NN search,
its complexity remains O(M - N). However, the adoption of various
pruning techniques makes X-HD performant in practice.

Algorithm 2: X-HD Outline

Input :Point Set A, Point Set B
Output :Hausdorff Distance
Insert points PB into a uniform grid G

1

2 MBRs < GetNonEmptyCells(G)

3 ryg « GetlInitRadius()

1 AABBs — {MB|(MB, -ro,MB,  +7r0),MB € MBRs}

5 BVH « BuildBVH(AABBs)

6 WLr, = PA, Whyiss «— 0, cmax «— 0

7 while WL, # 0 do

8 partial_cmin «— 0, Wlpeaoy < 0

9 for each pA in WL;n do

10 cmin « oo

1 optixTrace(pA, cmin) // Cast a ray at pA; cmin is a
reference to be updated in IsIntersection

12 Handle Intersections in IsIntersection shader // automatically
invoked by RT cores (see Algorithm 3)

13 if the ray does not hit any cell then

14 ‘ WLpmiss < Wlmiss UPA

15 else if the ray does not hit any heavy cell then

16 if cmin # co then

17 atomicMax(&cmax, cmin) // Update only if the ray is

not terminated

18 end

19 else

20 | partial_cmin « partial_cmin U cmin

21 end

22 end for

23 cmax < TackleHeavyCells(partial_cmin, cmax, WLHeaoy)

24 r « GetNextRadius(r, WLy, WLagiss) // New search radius

25 WLy, « WLatiss, Whaiss < 0

2% | AABBs — {MB|(MB, -r MB, +r),MP e MBRs}

27 BVH « RefitBVH(AABBs) // Update the BVH with new AABBs

28 end
29 return cmax

4.3 Culling Non-contributing Points

Not every point will contribute to the final Hausdorff distance.

Given a point pA € P4 and a subset of points from PB that an MBR

MB tightly encloses, we prune either p# or all the points in MB if

they cannot increase the value of cmax by considering these cases:

e Case 1: MaxDist(p®, MB) < cmax. If the upper bound of the dis-
tance from point pA to any point in MB is not greater than cmax,
then these points cannot increase cmax and will be discarded.

e Case 2: MinDist(pA, MB) > cmin. If the lower bound of the
distance from pA to MB is not less than the current minimum
distance (cmin) of pA, the points in the MBR cannot decrease the
minimum distance further.

Geng and Yuan, et al.

Algorithm 3: IsIntersection RT Shader (called by RT cores)

Input :Point p*, Heavy cells WLHeavy, global maximum cmax
Output :Updated cmin, WLlHeaoy

cmin « getPayload // Get previous cmin from payload register
i « GetPrimitivelndex() // index of the intersected AABB

MB — MBRs|[i]

-

N

3
4 // WLHeavy is updated by CalculateMinDist in Algorithm 4

5 min_dist = CalculateMinDist(pA,MB, cmax, cmin, W Leqvy)

6 if min_dist = o then

7 ‘ TerminateRay() // Stop BVH traversal as p“ is culled
s else

9 cmin = min(cmin, min_dist)

10 Write back cmin to the payload

11 end

e Case 3: MinDist(pA, MB) > r.If the lower bound of the distance
is larger than the current search radius (r), the points in the MBR
are outside the search area and can be pruned.

For Case 1, we should cull p# because the distance from p? to
its nearest neighbor will not be greater than cmax; continuing the
search for the nearest neighbor will not increase cmax. For Case 2
and Case 3, we should cull all the points in MB because they do not
help to reduce cmin. If a point-MBR pair passes the above checks,
we still have the opportunity to cull p4 again with EB.

Incorporating Early Break. The EB and the NN algorithms are
not mutually exclusive. We further optimize X-HD by incorporating
the EB strategy to prune points that will not affect the final HD
value. For instance, if the distance from p? to any point in M5 is
no greater than cmax, p# can be safely discarded.

Algorithm 4: CalculateMinDist

Input :Point pA, MBR Mg, Current minimum distance cmin, Global
maximum distance cmax, Search Radius r, Worklist W Lyeavy
Output :Updated current min distance from p* to points in Mp
if MaxDist(p?, MP) < cmax then
‘ return co
else if MinDist (p*, MB) > cmin then

-

// Prune pA by Case

o

3

4 | return cmin // Prune Mg by Case 2
5 else if MinDist(p?, MB) > r then

6 ‘ return cmin // Prune MB by case 3
7 end

s if |MB| <offloading threshold then

9 for each p® in MB do

10 dist — ||pA, pB||

11 if dist < r then

12 | emin < min(cmin, dist)

13 end

14 if dist < cmax then

15 | return co // Early break
16 end

17 end for

18 else

19 | Wlieaoy « Whieaoy U (p*, MB) // Heavy cell
20 end

21 return cmin

We incorporate the three conditions into a distance computation
function, as listed in Algorithm 4. In Line 1-7, the return of an
infinity value means we should discard p4, and the return of cmin
without computation indicates the points in the MBR should be
discarded. After passing these checks, it is worthwhile to visit the
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points in the MBR to calculate distances. Line 8 checks whether
the number of points in M? is lower than a given threshold to
determine whether we should visit the point in the shader. From
Line 9 to Line 17, each point in the cell will be sequentially visited
to calculate the minimum distance. Whenever we find the distance
of a pair of points that is no greater than cmax, we can stop the
computation and discard p* according to the early break condition
(Line 14-16). If a cell contains too many points, we postpone the
computation and store the intersection (p?, MB) in the worklist
WLHeqoy for later processing in a dedicated CUDA kernel.

4.4 Offloading Heavy Cells

Introducing a uniform grid also leads to an imbalanced workload
issue. Considering that real-world datasets are not uniformly dis-
tributed, some cells may contain very few points (“Lightweight
Cells” in Fig. 4), while some cells may contain a large volume of
points ("Heavy Cells"). Due to the constraints of the RT cores’ single-
ray programming model, we have to sequentially process the points
in the cell with the shader, which results in poor performance.

To improve load balance, we only offload the work of heavy
cells to a dedicated CUDA kernel. One might wonder why only
offload heavy cells instead of processing all intersections entirely
with the CUDA kernel. There is a trade-off between using the RT
shader and the CUDA kernel to calculate distances. If we entirely
offload the distance computation to the kernel, we have no chance
to update the global maximum cmax during the BVH traversal.
Therefore, we cannot timely prune points with the early break op-
timization, leading to more redundant computation. In practice, we
set the threshold to the load-balancing kernel’s thread block size
(calculated by cudaOccupancyMaxPotentialBlockSize) to strike
a balance between a better load balance and high occupancy. Be-
cause offloading cells with fewer points than the block size would
leave threads idle, it is more efficient to process these lightweight
cells serially directly in the RT shader.

Algorithm 5 shows the CUDA kernel for processing heavy cells.
The outermost for loop iterates over each point in WlLpeqyy with
a thread block. In Line 4, we retrieve the incomplete minimum
distance cmin computed in IsIntersection shader. Both p# and
cmin are stored in shared memory for fast processing. After that,
the entire thread block will cooperatively visit each intersected
MBR M3 to maintain cmin. In Line 7, each thread in the block
takes a point in MB and calculates the distance. A block reduction
primitive is used to aggregate the minimum distance collected from
each thread. If any distance is no greater than cmax, we will notify
the entire thread block to break the loop and give up the processing
of all following intersections. In Line 22, we synchronize the block
to ensure cmin is ready, and it is then applied to cmax with the
atomicMax instruction.

5 Implementation Details

Finding Initial Radius. We use the lower bound of H (PA, PB)
as the starting search radius ry because this value represents the
smallest possible value of search radius. The lower bound can be
easily calculated using the MBRs of P4 and PB [57].

Growing Search Radius. We grow the search radius by ry after
each iteration. If ry is very small, many iterations may be needed
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Algorithm 5: TackleHeavyCells CUDA Kernel

Input :Incomplete minimum distance partial _cmin, Global maximum
distance cmax, Worklist W LHeavy
Output :Updated crmax
1 for each thread block takes point p* € WLlHeavy do

2 __shared__ point_t pA

3 __shared__ float cmin

4 cmin = partial_cmin[p?] // Resume computation from the

incomplete cmin computed by InIntersection shader

5 __syncthreads()

6 for each MBR MB ¢ WlHeavy thatpA intersects do

7 pB «— MB[threadldx.x]  // Each thread takes a point p®
s | | dist < [IpA pP]l

9 min_dist = BlockReduce(dist)

10 if threadldx.x = 0 then

11 if min_dist < cmax then

12 \ cmin «— oo // Flag down early break
13 else

1 | cmin « min(cmin, min_dist)

15 end

16 end

17 __syncthreads()

18 if cmin = oo then

19 | break // Thread block exits the loop
20 end

21 end for

22 __syncthreads()

23 if threadldx.x = 0 and cmin # oo then

21 \ atomicMax(&cmax, cmin)

25 end
26 end for

to lift the radius to an appropriate value that allows p4 to hit an
extended cell, and each iteration is not free. It has to cast rays
and adjust the BVH for the new search radius. Conversely, if r; is
very large, we may only need one more iteration to complete the
algorithm. However, we could face excessive intersections, which
would be more costly than the overhead of adjusting the BVH.

We propose an adaptive radius growing strategy based on our
observation. The size of the worklist WLy, decreases sharply at
the beginning of the iterations. After a few iterations, the size of
WL, changes slowly. This can be explained by the presence of a
few outliers that are very far from the dataset center. Based on this
observation, we should adjust r according to the changing rate of
WLy, If the size of WL, sharply decreases, we should also increase
r quickly to reduce iterations. If WLp, decreases slowly, we should
carefully increase r to avoid too many unnecessary intersections.

Algorithm 6 explains this idea. We set four predefined expansion
factors: {8, 4,2, 1}. If the worklist size decreases slowly, e.g., by less
than %, r is increased quickly by eight times of the grid cell diagonal.
Note that the search radius r must not exceed the upper bound of
HD, so we constrain its value in Line 9.

Adaptive Grid Sizing. The grid resolution greatly impacts the
performance of X-HD. If the grid is too sparse (low resolution), the
number of cells is also low. Consequently, the number of intersec-
tions will be low, spending less time on BVH traversal. However,
the number of points in cells will be much larger. In the extreme
case of a grid having only a single cell, X-HD effectively acts as
the EB solution. Conversely, if the grid resolution is very high,
the number of intersections will also be very high, but each cell
contains a minimum number of points, resulting in fewer nearest
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Algorithm 6: GetNextRadius

Input :Current search radius r, Current worklist W Lyp,,, Next iteration
worklist W Lygiss
Output :New search radius r
WL, |- IWELpss
WL,
radius_expand_factors «— {8,4,2,1}
for each expand_factor inradius_expand_factors do
if wl_reduce_ratio < W then
r « r+expand_factor * cell_diagonal
break
end
end for
r « min(r, MaxDist (M4, MB))
return r

wl_reduce_ratio «—

-

S N N N

// Max value of the radius

-
5

neighbor candidates. Therefore, the best grid resolution depends on
the trade-off between the cost of the BVH search and the cost of the
distance calculation for candidate points in the cell. To approximate
the optimal grid size, we define a cost function C(I) for query point
p4 based on the cell side length I, as shown in Equation 2.

C(D) = cpiy * I +cgjsp * P (2)

Chir 1s a constant cost associated with a ray hitting an MBR, and
Cgist is a constant cost of calculating the distance between a pair of
points. I is the number of intersections of the ray originated at p?,
and P is the total number of points covered in the search area. Since
we extend the MBRs by r, the actual volume indexed is (I + 2r)",
where n is the number of dimensions, and the volume of a cell is
I". A single query point will intersect multiple logical cells when
I < r because the extended MBRs will overlap. Therefore, I can be
approximated with the ratio of their volumes (Equation 3).

S LB Ty ®

P can be approximated by the search volume multiplied by the
point density of PB, which is listed in Equation 4.

I

P=p(l+2r)" (4)

Summing the above components, we have Equation 5:

2r
C() =cpip - (1+ T)n +cgise - p(1+2r)" (5

To find the minimum cost C(lyp¢), we take the derivative of C(I)

with respect to [ and set it to zero %—? =0, as C(!) is strictly convex.

This yields Equation 6:

2°7 " Chit oL )
P Cdist

Equation 6 intuitively describes that if the ratio (cp;;/cg;st) is
high, we should increase [ to reduce intersections. If the distance
calculation is expensive (e.g., high-dimensional space), we should
use a finer grid to narrow down candidate points. In practice, we
use the initial radius ro as r, and cp;; and cy;; are determined
using the clock() instruction with a profiling kernel when X-HD is
launched, which makes it adaptive to different GPUs. We evaluate
the effectiveness of this method in §6.6.

lopt =(
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6 Evaluation
6.1 Settings

6.1.1 Baselines. We only consider exact HD solutions for a fair
comparison, as X-HD is a general exact HD algorithm.

ITK. HD has a very important application in medical imaging
to evaluate the performance of a segmenting algorithm [53, 67,
69]. We include the state-of-the-art industrial medical imaging
segmentation tool, the Insight Toolkit (ITK), as a baseline. ITK
supports parallel processing on the CPU. Note that the algorithm
that ITK used is exclusively designed for processing voxels [48].
It cannot process floating numbers or two datasets with different
sizes, so we only run MRI datasets on it.

NN-KD. NN-KD is a CUDA-based nearest neighbor search im-
plementation using a KD-tree, and we use the cukd library as it is a
high-quality implementation [72]. The introduction of this baseline
is to show that a tree-based method without pruning techniques
on the GPU is not very efficient.

NN-Clover. Clover is the state-of-the-art KNN library for GPU.
Clover adopts a spatial-graph-based method, and it claims that it
is generally faster than the RT-based method [32]. We evaluate its
performance for the HD algorithm. The pruning technique also
cannot be used in Clover, as it is designed for general KNN search.

EB. EB represents a GPU-based early break implementation of
the HD algorithm. EB is very GPU-friendly due to its simple logic
flow. There is no widely recognized EB solution available, so we
implement it by ourselves.

RT-HDIST. RT-HDIST is the latest and the only work that ex-
ploits RT cores to compute HD [37]. RT-HDIST differs from us in
the following ways.

(1) Different Grid Design. RT-HDIST adopts a quantized grid
to group points. The quantized grid maps all floating-point
coordinates to an integral range of [0, 2k], where k is the bit
count that determines the grid size. Subsequently, a cluster of
points within a cell is represented by the cell’s top-left corner,
which is called a “representative point.” By using the grid,
RT-HDIST creates AABBs centered only at the representative
points instead of at every individual data point.

(2) No pruning techniques. Since all coordinates are converted
into integers, the original boundary information of the cells
is lost. Therefore, their quantized grid design cannot benefit
from various pruning techniques like in X-HD.

(3) No load balance considerations.

(4) No adaptive radius adjustment. RT-HDIST simply grows the
radius by the length of the cell diagonal in each iteration.

(5) No automatic grid-sizing. RT-HDIST relies on the users to
manually tune the grid size.

6.1.2  Parameters. For NN-KD, it has a parameter to decide the
leaf size; we use its default value of 8. Clover has a compile-time
parameter H, which is the number of hubs. We found that H = 256
yields overall good performance. RT-HDIST has a parameter called
bit count to determine the resolution of its quantized grid. For
graphics datasets, we use the parameters presented in their paper
[37]. For the MRI datasets, we use its default setting, which is 8.
X-HD does not require any hand-tuned parameters.
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6.1.3 Datasets. We collected a diverse set of datasets, including
MRI images, geospatial datasets, and graphics models. The MRI
datasets are from the Multimodal Brain Tumor Segmentation Chal-
lenge 2020 (BraTS) [5, 6, 50], comprising 494 images. Each image
includes different types of tissue relaxation time. The locations of
non-empty voxels are extracted as the coordinates. The names of
datasets starting with US are US-based maps, such as the bound-
aries of counties [12], zip codes [17], census blocks [18], and water
areas [16]. OSMLakes and OSMParks represent the boundaries of
lakes and parks worldwide [15]. These large-scale spatial datasets
are widely used for performance evaluation of spatial data process-
ing systems [3, 15, 27, 73]. The graphics models come from The
Stanford 3D Scanning Repository [13, 25, 39, 70]. We include them
for an equivalent evaluation as they are also used in RT-HDIST. We
also include the statistics of the datasets, such as the number of
points. To reflect the skewness of the datasets, we use a uniform grid
to partition the datasets and calculate the Gini index of the number
of points in the cells, a commonly adopted method to describe the
skewness of data distribution [49]. From the statistics, we can see
that MRI datasets have a very low skewness (low Gini index), while
the graphics and geospatial datasets can be very skewed.

6.1.4 Hardware. We use an NVIDIA RTX 3090 for the GPU-based
artifacts. ITK is the only CPU-based software, and we evaluate it
on a workstation equipped with an Intel i9-12900.

6.1.5 Measuring. For GPU-based methods, we start timing when
the datasets are loaded onto the GPU and stop timing when the
HD is produced. Note that no profilers are currently available to
profile the utilization of RT cores [47, 55]. Therefore, we use the
total running time and the number of intersections to analyze the
execution patterns for RT-based methods.

6.2 Overall Performance

Fig. 5(a) shows the running time distribution for the BraTS datasets.
Since BraTS has hundreds of images, we follow an evaluation
method similar to Taha et al. [67] by randomly selecting 250 pairs
of images and plotting the running time distributions. For example,
a data point at x = 20 and y = 5 indicates that the running time
for no more than 20% of the data points is no more than 5ms. We
first examine the industrial baseline, ITK, which exhibits a very
flat running time line, meaning it is less susceptible to data dis-
tributions, with an average and median running time of 46.8ms

Table 1: Datasets and their statistics. The Gini index is used
to describe the skewness of the data.

. #Points Gini Index
Dataset Category #Dims or (max,avg,median) or (max,avg,median)
BraTS 494 MRIimages 3D  (1.9M,15M.1.5M) (0.17, 0.14, 0.14)
USCounty Geospatial 2D 9.4M 0.77
USZipcode Geospatial 2D 43.9M 0.61
Lakes Geospatial 2D 301.7M 0.76
Parks Geospatial 2D 403.7M 0.76
USWater Geospatial 2D 22.8M 0.61
USCensus Geospatial 2D 52.3M 0.65
All Nodes Geospatial 2D 2.7B (Partially used) -
Dragon Graphics 3D 0.4M 0.42
AsianDragon Graphics 3D 3.6M 0.38
HappyBuddha Graphics 3D 0.5M 0.46
ThaiStatuette Graphics 3D 4.9M 0.47
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and 46.5ms, respectively. NN-KD produced performance numbers
very similar to ITK, despite being a GPU-based method. NN-Clover
and RT-HDIST are the least performant methods for these datasets.
Since EB is a GPU-based brute-force solution with pruning tech-
niques and is very efficient on the GPU, it is the best baseline in
the majority of cases. However, the running time after the 95th
percentile is very long because, in these cases (similar distances
between points), the EB condition is rarely triggered. Finally, X-HD
consistently outperforms all baselines for all data points due to
our efficient utilization of RT cores, pruning techniques, and better
load balancing. The average running time is 8.9ms, and the median
time is 8.4ms, showing that our method is less susceptible to data
distributions, a similar trend to ITK. We will analyze why X-HD is
so performant in §6.3 and §6.4.

Fig. 5(b) shows the performance numbers on the geospatial
datasets, which have a large number of points and high skew-
ness. We could not include RT-HDIST because it cannot finish the
experiment within an hour. We first look at NN-KD, which took
1176ms on USWater-USBlock datasets, with 94.8% of the time spent
on building the KD-tree. Clover’s NN search took about 3150ms,
with 63ms to search for the closest hub and 2.3s to search for near-
est points in the hub. The GPU-based EB took about 535ms, which
is about 2.2x faster than NN-KD. Finally, X-HD only took 83ms,
achieving 6.4X speedups over EB due to our comprehensive opti-
mization techniques. Fig. 5(c) shows the performance numbers over
medium-sized and skewed datasets. We can see that X-HD is the
fastest except in one case, Dragon-Asian Dragon, where EB took
about 15.4ms while X-HD took 16.2ms. For the Dragon-Buddha,
Thai-Asian Dragon, and Thai-Buddha datasets, X-HD outperforms
EB with speedups of 1.2X, and 3.9%, 1.3X, respectively. The perfor-
mance of RT-HDIST is not competitive due to excessive ray-AABB
intersections and distance computations, even with RT cores. As a
result, X-HD outperforms RT-HDIST with speedups of 10.5X, 38.3X%,
17.9%, and 90.2X, respectively, for these four pairs of datasets.

6.3 Effectiveness of Pruning Techniques

We measure the running time as we gradually enable the opti-
mizations, as shown in Fig. 6(a). To better analyze the behaviors
of the optimizations, we measure the number of MBRs being hit
(Intersections) and the number of pairs of points used in the dis-
tance calculation functions (Visited Point Pairs), as listed in Fig.
6(b). No-Opt stands for a vanilla uniform grid without any opti-
mizations, which took about 8 seconds on Dragon-Asian Dragon
datasets, where the number of intersections is about 165 million
and 1.8 x 10!! pairs of points were involved in the distance calcu-
lation. Note that No-Opt is not equivalent to RT-HDIST due to the
different grid design. After enabling EB, the running time reduced
to about 2 seconds, the number of intersections went down to 21
million, and the number of point pairs was reduced to 2.3 x 101°,
We can see that by enabling EB, both the intersections and visited
points are reduced because some points from P are discarded as
they cannot increase cmax. After enabling the Prune optimization
with the help of HD estimators, the number of intersections almost
stayed the same. However, the number of points visited was re-
duced by more than two orders of magnitude, to about 589 million.
With HD estimators, we can skip many points that cannot reduce
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(a) Performance of BraTS Datasets

(b) Performance of Geospatial Datasets
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(c) Performance of Graphics Datasets

o ITK <+ NN-Clover NN-KD
o RT-HDIST -v EB B3 NN-Clover
_103| ~&* NNKD =0+ X-HD o8
3 3
E E
(o) ()
£ £
& o &
g 107 e B0t 2 10°
g I R =
g "g)g g Z P e i g
2 & e v ¥ &
e T . 10?
1w + 7" o nom 0 "
T I S e
0 20 40 60 80 100

Percentile (%) USBlock

ESN EB EZZ3 RT-HDIST BN EB
B X-HD 104 NN-KD EE X-HD
XA NN-Clover %
)
=) 2
° 8
£
= 14
o O
g
= ]
E K3
& X}
P“
P“
P.‘
P.‘
P.‘

OSMLakes
OSMParks

Datasets

Thai
Buddha

Dragon
Asian Dragon

Dragon

USZipcode Buddha

Asian Dragon
Datasets

Figure 5: Comparing Overall Performance of Hausdorff Distance Solutions. (a) Running time distribution of six method on
BraTS$ datasets; (b-c) End-to-end execution time on geospatial and graphics datasets

cmin. Since RT-HDIST does not have any pruning techniques, it
results in more intersections than our method, which is very costly
to process. However, the number of points visited by RT-HDIST
is lower than ours, which could be a finer grid they used. Search-
ing for an intersection is more expensive than processing a pair
of points. For example, we empirically measured the former step
using the clock() API, which takes about 1300 cycles on an RTX
3090, while the latter takes only about 260 cycles. As a result, X-HD
outperforms RT-HDIST by 3.1Xx (without enabling load balance).

(a) Effectiveness of Optimizations (b) Workload Analysis
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Figure 6: (a) Running time analysis by enabling optimization
options on Dragon-Asian Dragon datasets; (b) Breakdown
workloads by counting the number of intersections and the
number of points involved in distance computation

6.4 Effectiveness of Load-balance Techniques

We analyze the effectiveness of the load balance techniques with
geospatial and graphics datasets because they result in very skewed
grids. Fig. 7(a) shows the breakdown of the total execution time with
the option of load-balancing optimization. OSMLakes-OSMParks
is the dataset most susceptible to the load-imbalance issue due to
the skewness of the grid. Without enabling the offloading kernel
to improve load balance, the RT shader took 3390ms to visit points
in the grid cells and calculate point distances. After enabling the
offloading kernel, the RT shader only took 223ms and the additional
CUDA kernel took 254ms. The total time for the RT shader and
the kernel is only 477ms, which is 7.1x faster than using the RT

10

shader alone. Fig. 7(b) shows that offloading heavy cells is always
beneficial, producing speedups of 7.6X%, 2.9%, 4.4, and 2.5X.

(a) Geospatial Running Time Breakdown (b) Graphics Running Time Breakdown
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Figure 7: (a) Running time breakdown of X-HD and compar-
ing the effectiveness of using load-balancing (LB) on geospa-
tial datasets; (b) The same experimental settings but with
graphics datasets.

6.5 Evaluation of Radius Growing Strategies

Fig. 8 compares three radius growing methods. “Add by Diagonal”
method increases the search radius by the length of the cell diago-
nal for every iteration, which is used by RT-HDIST [37]. “Double
Radius” method doubles the search radius, which is used by RT-
KNNS Unbound [56]. We can see that “Double Radius” favors the
geospatial datasets, while “Add Diagonal” shows consistent high-
performance on graphics datasets. By looking into the running logs
of the two methods, we found that “Add Diagonal” took 300 itera-
tions on the OSMLakes-OSMParks datasets due to the conservative
radius growing strategy, while “Double Radius" only took 7 itera-
tions. Since the extent of geospatial datasets tends to be very high, a
slowly growing radius will result in many iterations to converge. In
turn, the aggressive growing strategy of “Double Radius” causes too
many unnecessary intersections, resulting in consistently poor per-
formance on the graphics datasets. Finally, our method adaptively
grows the radius according to the changing ratio of the worklist,
making it consistently good for all datasets.

6.6 Evaluation of Adaptive Grid Sizing

To evaluate the effectiveness of the grid-tuning technique in §5, we
compare the running time to a grid with an optimal grid size for
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(a) Comparing Radius Growing Strategies
on Geospatial Datasets

(b) Comparing Radius Growing Strategies
on Graphics Datasets
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Figure 8: Comparing three radius growing strategies. “Add
Diagonal” increases the radius by the length of the cell diag-
onal; “Double Radius” doubles the search radius

each dataset. The optimal grid size is determined with a brute force
search, which is prohibitively expensive and cannot be accepted
in practice. The two curves in Fig. 9(a) show the running times for
BraTS datasets. We can see that the running time from an auto-
sizing grid is only slightly slower than the optimal grid resolution,
with an average and median slowdown of 12.9% and 5.1%, respec-
tively. For the worst case, the auto-sizing grid is 123% slower than
the optimal grid resolution. The very close performance numbers
indicate that our cost-based grid-tuning method is highly accurate.

Fig. 9(b) and (c) compare the running times between the auto-
sizing grid and the optimal grid on geospatial and graphics datasets.
For USWater-USBlock, the optimal grid took 74ms while the grid
with adaptive sizing took 83ms, which is 12.2% slower than the op-
timal grid. For the largest OSMLakes-OSMParks dataset, the optimal
grid took 665ms, while using our method took 821ms, experiencing
a slowdown of 23.5%. For the graphics datasets, the slowdowns of
the auto-sized grid are 35.7%, 4.1%, 25.9%, and 15.7%, respectively.

6.7 Scalability

We evaluate how these methods behave as we increase input size.
We used a subset of the All Nodes dataset [15]. PA and PB are from
the same dataset, where PB is translated along the x-axis by 0.5% to
make them not completely the same. Fig. 10(a) shows the runtime
of EB-GPU, NN-RT, and X-HD as the number of points increases.
When the number of points is 12.5M, NN-KD and NN-Clover took
7444ms and 450ms, respectively, and EB took 283ms. X-HD only
took 68ms, which 4.2X faster than the best baseline. Subsequently,
we doubled the input size, and the running time of NN-KD increased
4.3%. EB and NN-Clover methods exhibit more favorable scalability
profiles, increasing by about 1.9x. While X-HD increased by a factor
of 2.6, it is still significantly faster than all other methods. When
increasing the input size from 100M to 200M, the running time of
NN-KD increased about 2.3%. EB increased 2.5X. While NN-Clover
increased 2.1X. X-HD increased by about 2.9X, which falls within
the range of its O(nlogn) time complexity.

6.8 Sensitivity to Overlap

The performance of HD algorithms can be susceptible to data dis-
tribution. For example, the NN-based algorithms favor two highly
overlapping datasets, while the EB-based algorithm favors two
non-overlapping datasets [67, 79]. We aim to evaluate how X-HD
behaves by changing the degree of overlap between two datasets.
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Fig. 10(b) reports the running times as we gradually change the de-
gree of overlap. This change is achieved by translating P along the
x-axis by a distance proportional to 0.01% up to 0.6% of the extent
of PB’s MBR. When the two datasets are highly overlapping (0.01%),
EB performs the worst because the EB condition is rarely satisfied,
deteriorating into a brute-force solution with a running time of
7561ms. In such a case, the NN-based method is favorable due to
the less intensive index search. As the degree of overlap between
the two datasets decreases, the running time of EB gradually de-
creases. Conversely, the running time of NN-KD increases because
more branches in the KD-tree must be searched. NN-Clover is less
susceptible to the degree of overlap, as its running time remains
almost stable. X-HD, being an NN-based method incorporated into
EB, is also less susceptible to the degree of overlap as it incorporates
the advantages of these two algorithms.

6.9 Memory Footprint

Maintaining a low memory footprint is crucial for processing large
datasets within the limited device memory. The EB algorithm re-
quires no temporary memory, as it relies on the double-loop exe-
cution pattern. Conversely, NN-KD, NN-Clover, and X-HD require
auxiliary memory to construct spatial indices. Among these, NN-
KD generally consumes the least memory because data points can
be naturally structured into a compact KD-tree.

Fig. 11 illustrates the temporary memory footprints across the
geospatial and graphics datasets. As shown in Fig. 11(a), X-HD
requires slightly more memory than NN-KD on the larger geospatial
datasets. For example, on the OSMLakes-OSMParks dataset, NN-KD
occupies 3080 MB of memory, while X-HD uses 3929 MB. For X-HD,
this allocation breaks down into 9.5 MB for the BVH, 1542.3 MB for
the grid, and 2301.8 MB for the worklist used to track heavy cells.
Averaging the memory usage across the geospatial datasets, NN-KD
consumes 1271 MB, NN-Clover requires 3614 MB, and X-HD uses
1549 MB—which is only marginally higher than the KD-tree.

On the graphics datasets, X-HD exhibits a more dynamic memory
footprint. Because the BVH and grid require significantly less space
for these inputs, most of the memory is allocated to the worklists,
which may vary substantially. On average, NN-KD consumes 23.8
MB, NN-Clover takes 60.5 MB, and X-HD uses 46.0 MB. Given the
substantial performance improvements offered by X-HD, this slight
memory overhead is well justified.

7 Related Work

Hausdorff Distance. Nutanong et al. first applied branch-and-
bound to accelerate HD computation [57], introducing a best-first
search with a hierarchical priority queue. Taha et al. proposed the
EB technique, achieving near-linear average complexity on med-
ical images [67]. Zhang et al. [79] classified datasets into three
categories and designed a hybrid framework to select algorithms
accordingly. Chen et al. addressed EB inefliciency with a local-start
search [10], while Ryu et al. improved pruning with points-ruling-
out and random sampling [65]. These methods primarily target
CPUs and rely on structures unsuitable for GPUs. Distorch [64]
provides a GPU library, but it estimates the 95% HD, mainly for
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medical applications. MedVoxelHD is a GPU-accelerated morpho-
logical Hausdorff, which only supports voxel processing and does
not support Euclidean distance [53].

Distance Computation on the GPU gDist is a GPU-based par-
allel algorithm that efficiently computes the minimum/maximum
Euclidean distance between general triangle meshes through im-
proved traversal and culling techniques [22]. Their problem is re-
lated but distinct from ours: HD calculates the maximum of mini-
mum distances for each point, while gDist calculates the minimum
of minimum distances and the maximum of maximum distances.

Spatial Data Processing with RT Cores. Kim et al. compute
point-to-face HD with RT cores [36], whereas we address point-set
HD, a more general and computationally intensive problem. Evan-
gelou et al. reformulated radius search as ray tracing [20], extended
by RTNN for kNN with optimized scheduling [83], TrueKNN for
arbitrary-radius kNN [56], and Arkade for non-Euclidean kNN [47].
Ray]Join focuses on point-in-polygon and line segment queries [26].
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LibRTS offers a general-purpose RT-accelerated spatial index with
dynamic geometry updates [27].

Applications of Hausdorff Distance. HD has been widely
applied in trajectories [29, 40, 41, 44, 62, 76-78, 80, 81], images [4, 11,
21,31, 35, 54, 68, 82], geometry [2, 30, 38], and spatio-temporal data
[43]. However, HD is usually treated as just one distance function,
without dedicated optimization, leaving its high computational
cost a bottleneck. Our approach makes HD practically viable for
large-scale analysis by reducing this overhead.

Hausdorff Distance in Databases. PostGIS [52, 63] provides
ST_HausdorffDistance, based on GEOS, but it is single-threaded
and brute-force, lacking optimizations such as EB or NN and hard-
ware acceleration. This results in poor performance on large or
high-resolution datasets. Our algorithm addresses these limitations
through algorithmic and hardware-based optimizations.

8 Conclusion

A central challenge in performance optimization for increasingly
complex data analysis applications in the era of domain-specific
architectures is how to effectively select, implement, orchestrate,
and optimize algorithms to meet computational demands across
heterogeneous hardware platforms. This paper introduces X-HD,
the fastest Hausdorff Distance computation algorithm, which fully
leverages both general-purpose and ray tracing cores in modern
GPUs. The strength of X-HD lies in using hardware-acceleration
and applying domain-specific optimizations at the same time, mak-
ing it a unified solution capable of diverse workloads while main-
taining consistently high performance. We believe that X-HD not
only delivers a fast Hausdorff Distance computation tool for spatial
database systems and other applications, but also serves as a com-
pelling example of effective algorithm engineering for emerging
heterogeneous hardware resources.
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