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ABSTRACT

The graph coloring algorithm plays a crucial role in many applica-
tions such as social network analysis. However, since the minimal
graph coloring problem is NP-complete, which is increasingly com-
putationally and memory-intensive as the number of vertices in
the graph grows rapidly. Despite numerous FPGA-based works pro-
posed to accelerate large-scale graph processing algorithms, such
as Single Source Shortest Path, and various coloring algorithms,
such as linear programming algorithms, efficiently implementing
the greedy coloring algorithm for large-scale graphs on FPGA still
remains highly challenging due to several reasons: @ The coloring
algorithm requires color state traversal to determine the final color
after traversing neighbor vertices. The time complexity of color
traversal is equal to the neighbor vertices traversal, which is inef-
ficient. @ Neighbor vertices traversal requires extensive random
memory accesses on vertex color data. @ Coloring different vertices
in parallel is difficult due to potential color update conflicts between
adjacent vertices.

In this paper, we present BitColor to accelerate large-scale graph
coloring on FPGA. Firstly, BitColor uses a bit-wise processing en-
gine to complete fast color state determination in one cycle instead
of multiple traversal cycles. Secondly, to mitigate heavy random
accesses, BitColor adopts a customized high-degree vertex cache
(HVC) and a graph prune strategy to reduce off-chip memory access
and improve throughput for reading and updating vertex colors.
Finally, BitColor employs a data conflict table and a multi-port
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HVC to enable simultaneous coloring of vertices. The experimen-
tal results demonstrate that BitColor achieves 54.9x performance
speedup over CPU and 2.71X speedup over GPU.

CCS CONCEPTS

« Hardware — Hardware-software codesign; Hardware accel-
erators.
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1 INTRODUCTION

The graph coloring assigns colors to vertices of a graph such that
no two adjacent vertices share the same color. It is an essential algo-
rithm in many applications, such as pattern matching [10], resource
allocation [13, 14], traffic scheduling [2] and social network analy-
sis [21]. However, the problem of coloring a graph with minimum
number is an NP-hard problem. With the rapid growth in graph
vertices, there is an exponential demand of computing complexity
and memory bandwidth to process the coloring algorithm [9].
Due to the considerable deceleration in CPU performance scaling
and the substantial power consumption of GPUs, there has been
growing interest in expediting large-scale graph processing using
FPGAs [1, 6, 7]. Many studies have achieved significant perfor-
mance and energy efficiency improvements over CPUs and GPUs
on some graph algorithms, such as Single Source Shortest Path
(SSSP) [8] and k-nearest neighbor (KNN) [19]. However, few works
have focused on accelerating large-scale graph coloring on FPGAs.
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Figure 1: An illustrative example of graph coloring

Existing works [23, 25] have only accelerated small-scale graphs
but shown limited performance gain on large-scale graphs.

There are several algorithms that can reduce the time complexity
of coloring, including greedy algorithms [5], dynamic programming
algorithms [11], and linear programming algorithms [20]. However,
as the number of graph vertices increases, it becomes increasingly
challenging for CPU-only graph coloring algorithms to meet the
demand for fast graph coloring. Through analyzing commonly used
greedy-method algorithms, we have identified three issues that con-
tribute to performance inefficiency. Firstly, the color process of one
vertex can be divided into three stages as shown in Fig 1: travers-
ing neighbor vertices to collect the color information of neighbors,
traversing color states to determine the final color and updating
the vertex color. However, the time complexity of color traversal
is equal to that of neighbor vertices traversal, which is inefficient.
Secondly, the algorithm checks the color state of neighbor vertices.
These neighbors are not successive and this results in extensive
random memory accesses on vertices color data. Finally, it is diffi-
cult to color different vertices in parallel due to potential conflicts
between two adjacent vertices when updating colors.

Three observations have been made about these issues. Firstly,
a single color state saved in an array is represented by a single
bit and color state traversal aims to checking for the first usable
bit. In practice, the first bit among successive bits can be located
through AND and NOT bit-wise operations in one cycle. Secondly,
vertices in a graph can be divided into high-degree vertices (HDVs)
and low-degree vertices (LDVs). The color data of HDVs are more
likely to be accessed by their neighbors. If HDVs are cached on-
chip, the loaded color data will have a higher probability of being
reused than LDVs, thus reducing expensive off-chip data access.
Additionally, HDVs have more neighbors than LDVs and require
more computations. However, since the vertices can be reordered in
descending order of in-degree [12], when coloring HDVs, LDVs will
not yet have been colored and their color data check can be skipped
to save computation and memory access. Thirdly, conflicts between
the color data of two adjacent vertices (vertex 1 and vertex 2) only
exist along one edge that connects them. Normally, vertex 2 must
be colored after vertex 1 to ensure the correction or vice versa. If we
move vertex 1 to the last position in the neighbor vertices traversal
stage of vertex 2 coloring and let vertex 2 complete the traversal
of neighbor vertices other than vertex 1, it can wait for the color
result of vertex 1. When vertex 1 result is ready, vertex 2 collects
the final adjacent vertex color and obtains the result through color
state traversal. Through this conflict check, adjacent vertices can
be colored in parallel.
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Figure 2: An example of an unweighted graph stored in the
compressed sparse row (CSR) format.

This paper proposes an FPGA-based accelerator with parallel
bit-wise processing engines (BWPEs) for large-scale graph coloring,
called BitColor, based on above three observations. To speed up
the color state determination, each BWPE uses a bit-wise operation
to determine the color. To optimize the data loading between off-
chip memory and on-chip buffers for each BWPE, BitColor utilizes
a high-degree vertex cache and a graph prune strategy. Finally,
BitColor adds a data conflict table and a corresponding scheme to
enable the parallel coloring of different BWPEs. As there are data
read conflicts among different BWPEs, BitColor uses a customised
multi-port cache.

The main contributions of this work are summarized as follows:

e By analyzing the greedy algorithm of the graph coloring
problem, we identify the performance bottleneck. We ob-
serve that the inefficiency of the algorithm stems from long
color state determination, irregular color data access, and
lack of parallelisms.

e We propose four techniques to optimize the graph algorithm:
high-degree vertices caching, bit-wise color state determin-
ing, DRAM read merging, and uncolored neighbor vertices
pruning.

e We design a FPGA-based accelerator, BitColor. To enable
parallel vertex coloring, we add a data conflict table and a
multi-port high-degree cache to achieve high-performance
graph coloring.

e We implement BitColor on a Xilinx Alveo U200 accelerator
card. The experimental results on various real-world graph
datasets demonstrate that BitColor achieves 54.9x perfor-
mance speedup over CPU and 2.71x over GPU.

2 BACKGROUND
2.1 Graph Format

The graph in this paper is represented in the standard compressed
sparse row (CSR) format [28] as shown in Figure 2. CSR uses two
arrays to represent a graph: the edges array and the offsets array.
The values stored in the edges array represent the destination index.
The vertex ID in the offset array implicitly stores the source index.
The i-th entry in the offsets array is the starting index (s¢) of i-th
vertex and the ending index (d,) of i-1th vertex in the edge array.

2.2 Graph Coloring Algorithm

Graph coloring problem involves labeling vertices such that no two
adjacent vertices have the same color. The problem of coloring a
graph with the smallest number of colors is a fundamental NP-hard
problem which influences how efficiently some application prob-
lems can be solved, such as and social network analysis [21]. The
smallest number of colors needed is called the chromatic number
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of a graph. As it takes exponential time to compute the chromatic
number, there are various heuristic techniques to solve this prob-
lems [9], such as greedy algorithms [5] ,dynamic programming [11],
and linear programming algorithms [20]. Among them, the greedy
method is the most widely used algorithm. In this paper, we mainly
focus on the greedy method and present a hardware method to
solve the large-scale graph coloring problem.

2.3 Greedy Coloring Algorithm

The basic greedy coloring algorithm iteratively colors on active
vertices with the color that has not been assigned on any of its
neighbours, shown in Algorithm 1. First, the algorithm initializes
the color array for each vertex color state. Then the graph is colored
by iterating all vertices. The iteration is divided into three stage:
neighbor vertices traversal, color traversal and color update. Since
initial of the color array is negligible, we only focus on the three
subsequent stages.

Stage 0 - Neighbor Vertices Traversal. The state of each color
is attached with a flag initially set to 0 (unused). Once a color is used
by a neighbor, its flag is updated to 1 (used). As shown in the Stage0
in Figure 1, vertex 4 has three colored neighbors and one uncolored
neighbors. Vertex 0 and vertex 3 are colored by green, and vertex
2 is colored by blue, while vertex 5 is uncolored. After traversing
these neighbors, the color state flag array (1,1,0,0) is gotten.

Stage 1 - Color Traversal. The color traversal starts after all
neighbors have been accessed. It traverses the color flag array and
locates the first unused color as the final color result. After the color
result of current vertex is found, the color flag array is cleared to 0

Algorithm 1 Basic Greedy Coloring Algorithm

Require:
A graph G=(V,E)
Ensure:
1: color_array[VERTEX_NUMBER] = {0}
2: color_flag[ COLOR_NUMBER] = {0}
3. for each vertex_id in [0,VERTEX_NUMBER) do
4: % Stage0 Neighbor Vertices Traversal

5. se = offset[vertex_id]

6:  de = offset[vertex_id+1]

7. for each vertex_des in edge[se, de — 1] do

8: color_neighbor = color_array[vertex_des]
9: color_flag[color_neighbor] = 1

10:  end for

11: % Stagel Color Traversal

12:  for each color_result in [0,COLOR_NUMBER) do
13: if color_flag[color_result] == 0 then

14: break

15: end if

16:  end for

17:  for each color_id in [0,COLOR_NUMBER) do
18: color_flag[color_id] = 0;

19:  end for

20: % Stage2 Color Update

21:  color_array[vertex_id] = color_result

22: end for
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for coloring of next vertex. The color traversal of Figure 1 shows
the result color is red.

Stage 2 - Color Update. After the color result is computed,
the color of current vertex will be updated. As shown in the color
update stage in Figure 1, vertex 4 is updated to red for subsequent
vertices coloring.

2.4 Other Graph Coloring Algorithms Other
Than The Greedy Algorithm

We have so far focused on the greedy algorithm, but other coloring
algorithms, such as Maximal Independent Set (MIS) [4] and Back-
tracking (BT) [3] provide different tradeoffs. We highlight three key
advantages of the greedy algorithm in BitColor:

e Time Complexity. Greedy has lower time complexity (O(n))
than Maximal Independent Set (MIS) (O(5.3")) and Back-
tracking (BT) (O(1.3")) algorithms [9]. Here, n represents
the number of vertices. However, the greedy algorithm in-
trinsically lacks parallelism due to potential color update
conflicts. We tackle this limitation by employing a conflict
detection table and multi-port cache on FPGA.

o Space Complexity. The greedy algorithm takes lower space
complexity and memory pressure. It relies solely on local
information within each iteration. In contrast, MIS-based
and BT-based algorithms require additional storage for max-
imal independent sets and backtracking information. This
imposes greater storage pressure on FPGAs especially with
limited on-chip resources.

o Generality. Our methods in BitColor are applicable to other
algorithms facing similar challenges of memory access effi-
ciency and multi-port read conflicts. By utilizing our high-
degree cache strategy and multi-port cache, we can greatly
enhance FPGA performance for these algorithms as well.

3 MOTIVATION

3.1 Performance Bottleneck Analysis

We conduct quantitative characterizations for the basic greedy
coloring algorithm with c-based codes in Intel Xeon Silver CPU
4114. The details of the system configuration and datasets used
in this evaluation are given in Setion 5.1. Figure 3(a) shows that
the three stages take up 39.24%, 46.53%, and 14.23% of the total
execution time in the basic greedy algorithm. The results suggest
that the algorithm is inefficient due to the following problems.

3.1.1 Inefficient Color State Traversal. During the actual execution
of the algorithm, the most time-consuming stage is the Stagel
Color Traversal, which is inefficient and wastes the computational
resources. We analyze this using the example in Figure 1. Suppose
the current vertex 4 has neighbors 0, 3, 2, and 5. When coloring
vertex 4, it needs four cycles to traverse four neighbors in Stage0,
three cycles to find the color result in Stage1, four cycles to clear the
color flag array in Stagel, and one cycle to update the vertex 4 color
in the color array. As a result, Stagel takes up seven cycles, which
is more than four cycles of Stage0 and one cycle of Stage2. This is
contrary to intuition that more time should be took up in neighbors
traversal instead of managing color state and Stage0 should be the
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Figure 3: Performance bottleneck analysis of the basic greedy coloring algorithm, include (a)Execution time breakdown of the
three stages in the basic greedy coloring algorithm, (b)The average neighborhood of statistical vertices in the order of vertex
indices in the graph under different iteration intervals, (c) An example of illustrating the random neighbors of one vertex, the
little overlap neighborhoods ratio of the vertex 1 and vertex 2, and parallel coloring conflict

most time-consuming. This abnormal appearance requires us to
rethink of a new way to maintain the color state of neighbors.

3.1.2  Irregular Memory Access. The memory (color array) access of
graph coloring is irregular, which come from two aspects: random
neighbors of one vertex and very little neighborhood overlap ratio.

e First, since most graphs are irregular [6, 26], different neigh-
bors of one vertex are in random distribution. Figure 3(c)
shows that the neighbors of vertex 1 are far apart in space,
which causes irregular color array access in Stage0. What’s
more, as the algorithm colors each vertex in order of vertex
indices, some neighbors of one vertex may be not colored
and this causes useless computation. The example in Figure 1
can illustrate this. The vertex 5 has not been colored when
coloring vertex 4, checking the color state of vertex 5 causes
redundant computation and memory accesses.

o Secondly, neighbors of two vertices in order are barely over-
lapped, resulting in little reuse of the color array data. As-
sume that vertex 1 and vertex 2 in graph are processed se-
quentially. Figure 3(c) shows that there are nine neighbors
of two vertices but there is only one overlap neighbor. In
Figure 3(b), we measure the average neighborhood overlap
ratio of vertices in order of the vertex indices under different
iteration intervals. The iteration interval is the statistical
length, for example, when the interval is four and current
vertex is vertex 10, neighbors of vertex 9, 8, 7, and 6 will
be collect to calculate the overlap ratio. The neighborhood
overlap ratio is defined as the number of common neighbors
of statistical vertices divided by the number of neighbors of
statistical vertices. We can find that most overlap ratios are
not more than 10%, ratios of EF and CA are less than 0.1%,
ratios of CF are even about 0.001%, and the average value
is only 4.96%. Therefore, there is seldom data reuse of the
color array due to the low neighborhood overlap ratio.

Since the color data are located in the memory, the random access
of neighbors and low data reuse ratio will degrade the algorithm
performance when the on-chip cache capacity is limited and the
cache strategy is not reasonable. Although the typical U200 FPGA
only has 7.947MB ( 1766 X 36Kb) Internal BRAM, the large graph
such CF has 65.6M vertices. Therefore, it is challenging to cache all
the color data of the vertices on-chip, which necessitates the design
of an efficient and customized cache strategy.

3.1.3 Unfriendly Parallelization. The above two bottlenecks limits
the performance when coloring one vertex, but the main reason for
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limiting the coloring performance of large-scale vertices is actually
unfriendly parallelism. This is because the algorithm needs consid-
ering the color state of neighbors in stages, which causes potential
color update conflicts. We illustrate this using the example in the
Figure 3(c). Assume that vertex 1 and vertex 2 are adjacent and
ordered. Vertex 1 is colored before vertex 2 in serial coloring, and
vertex 2 depends on the color state of vertex 1 when coloring. If ver-
tices 1 and 2 are colored simultaneously, the coloring may fail due to
color conflicts between them caused by the delayed update of vertex
1. The parallel difficulty caused by color conflicts between adjacent
vertices severely hinders the performance of coloring algorithms.

3.2 Our Observations

Through deep analysis of three stages of the greedy coloring algo-
rithm, we have three main observations.

3.2.1 Observation 1: a single bit in an array represents the single
color state saved, and color state traversal aims to check for the first
available bit. In practice, one can locate the first bit among successive
bits through AND and NOT bit-wise operations in one cycle.

To solve the inefficient color state traversal problem, we use a
bit-level resource pool approach for graph coloring, which uses
memory space to uniformly manage the color situation. This ap-
proach requires a memory space complexity of O(n), but it only
requires a constant time complexity of O(1) to complete the final
coloring. The specific method is as follows:

1) Bit-wise color representation. We use a binary string to
represent the color state, where a bit indicates whether a color is
available or not, and the position of the bit corresponds to different
colors. For example, in the sample in Figure 1, we could use four
bits to represent four colors: 4’60001 for green, 4’60010 for blue,
4’0100 for red, and 4’51000 for yellow.

2) Bit-OR operation to obtain color state in Stage0. We load
the colors of the adjacent vertices and color the current vertex,
then perform a bit OR operation on the binary strings to obtain the
coloring state of the neighbors of the current vertex to be colored:

Color_state = al|a2|... |an

In Figure 1, we could obtain the color state of vertex 4 after travers-
ing all neighbors as

Color_statey = ag | az | as | as

= 4/b0001 | 4’60010 | 4’60001 | 4’60000 = 4’b0011.
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Algorithm 2 Bit-Wise Greedy Coloring Algorithm color number and color bits are one-to-one correspondences, we

Require: can build a look-up-table (1024-entries) to complete the compres-
A graph G=(V,E) sion and decompression. When a color number of one vertex are
Ensure: loaded to process, we convert the number into bits through look-

1: color_array[VERTEX_NUMBER] = {0}

2: color_state = 0

3. for each vertex_id in [0,VERTEX_NUMBER) do
4: % Stage0 Neighbor Vertices Traversal

ing up the Num2Bit (decompression) conversion table (BRAM) to
perform bit-wise operation. When the color result is sent to update
the final result, we converts the color bits into the color number.
Since the compression is a logarithmic operation, the look-up-table

5. se = offset[vertex_id] for compression is too large to implement on-chip and the for-loop
6:  de = offset[vertex_id+1] based logarithmic operation is time-consuming. We proposed a Bit
7. for each vertex_des in edge([se, de — 1] do Color Compression Compression Scheme shown in Figure 4 based
8: color_neighbor = color_array[vertex_des] the observation that there is only one 1-bit in the Color Bits. In this
9: color_state = color_state| color_neighbor scheme, we can get the compression result in three cycles through
10:  end for three cascaded multiplexers.

11: % Stagel Color Traversal

12:  if color state == 0 then 3.2.2 Observation 2: vertices in a graph can be divided into high-
13: color result = 1 degree and low-degree vertices. The color data of high-degree vertices
1w else is more likely to be accessed by their neighbors.

15: color_result = (~ color_state) & (color_state + 1'b1) The greedy algorithm processes the vertices in order and edges
16:  endif of each vertex are accessed sequentially. Vertices can be easily
17: color state = 0 dived into two categories according to the number of edges or de-

gree: high-degree vertices (HDVs) and low-degree vertices (LDVs).
This is can be achieved using the degree-based grouping (DBG)
algorithm [12], which is a common technique to balance graph
partitions [1, 6]. DBG reorders and renames vertices in the de-
scending order of in-degree. As a result, smaller vertex index has
higher degree. HDVs and LDVs have different characteristics in
both computation and memory access:

18: % Stage2 Color Update
19:  color_array[vertex_id] = color_result
20: end for

3) Bit-AND and NOT operation to get color result in Stage1.
After traversing all adjacent vertices to obtain the final state, we
assign the highest-order colors to the colored vertices through the

e High-Degree Vertices have a large of adjacent vertices and
AND and NOT bit-wise operations to satisfy the greedy strategy:

the access to the color data array is frequent in Stage0, result-
ing in long processing time. When coloring other vertices,
color data of HDVs is frequently accessed.

Color_result = (~ Color_state)&(Color_state + 1’b1)
As aresult, the color result of vertex 4 in Figure 1 is:

Colory = (~ 4'b0011)& (4’0011 + 1’b1) = 4'b0100 (red).

Algorithm 2 shows the revised bit-wise greedy coloring algo- Edge List Edge List
. . . . . . Src. | De
rithm. It is obvious that the bit-wise operation only takes up one cy- i Sre. | Des.
. s L . o DRAM 0 DRAM
cle in Stage1. What’s more, this bit-wise operation is more resource a7 oo data T
and timing friendly than the comparator in FPGA implementation. = —_— ¢ vertex (0-31
:
70 | vertex 32~95 70 " vertex 32~95
-Ri : 76 Color data (for 76 Color data (for
4) Color-Bits compression to save memory resources. The =
bit representation method used here itself consumes memory re- 2 2
& vertex 160~223 Py vertex 160~223

sources. For example, the typical 1024 colors only need 10 bits, but

now it requires 1024 bits, which is 100 times the original size. We (2) None cache

(b) Cache high-degree vertices

. . . . . Edge List Edge List
solve this through color bit compression as shown in Table 1. Since oo [ es. so | Dec.
0 DRAM 0 DRAM
4 Color data (for @ Color data (for
BColy; 14 vertex (0~31 14 vertex (0~31
_ 9 0 23 Color data (for 23 Color data (for
Number Bt . o » (T
P = :
! ggg(l)(l] (;) Colyum = vertex 96~159 76 [ |Lvertex 96~159
: A i

3 00100 (4) 75 Vertex 160~223 75 vertex 160~223;

4 01000 (8) -
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—17n 2}.'; [ ] CacheAccess [ ] DRAM Access [ ] pisabled Useless Access
Table 1: Color Flgure 4: Color bits compression scheme —— DRAM Read Miss — DRAM Read Hit ———+ DRAM Read Merge > Removed DRAM Read
conversion

Figure 5: DRAM access in different optimization strategies

496



ICPP 2023, August 07-10, 2023, Salt Lake City, UT, USA

e Low-Degree Vertices have fewer adjacent vertices, access
color data infrequently, and have shorter processing time.
When coloring other vertices, LDVs have fewer access.

Based on the vertices partition, we propose three strategies to
optimize irregular memory access as shown in Figure 5:

1) Cache high-Degree vertices. Since the color data of HDVs
is hot data in memory, we propose to cache the color data of HDVs
on-chip and store color data of LDVs in off-chip DRAM. Figure 5(b)
shows our cache strategy that can decrease the memory access
time of HDVs efficiently. Since the random neighbors of one vertex
and low neighbors overlap ratio result in poor temporal locality
as shown in Figure 3(c) and frequent DRAM read miss Figure 5(a),
spatial locality is only opportunity to optimize the memory access.
Therefore, a direct HDV cache strategy is simple but efficient.

2) Merge DRAM read of one vertex to optimize DRAM
access of low-degree vertex data through sorting edges. The
access speed of color data for LDVs in off-chip DRAM is much
slower than that for HDVs in the on-chip cache, which may limit
the performance. To address this issue, we propose to sort the edges
of each vertex in ascending order of the destination vertex index
(neighbor) in the preprocessing stage. This way, we can cluster
the LDVs together and make their DRAM access a sequential read
operation, which can improve DRAM hit rate. Moreover, since the
DRAM data width is 512 bits and the color data is 16 bits, one DRAM
access can load 32 color data of consecutive vertices. By sorting
the edges, we can merge some DRAM accesses into one burst read,
which improves the DRAM access efficiency. Figure 5(c) shows the
example after sorting edge of one vertex.

3) Prune uncolored vertices. As uncolored neighbors do not
affect the correctness of coloring results, some useless computation
and DRAM accesses can be pruned. Because the algorithm colors
vertices in order of vertex indices, vertices with bigger indices than
current vertex must be not colored. Therefore, we can identify
uncolored vertices through comparing indices. Using the example
in Figure 5(d), vertex 97, which is bigger than current vertex 79,
has not been colored and its computation and DRAM access can
be removed. What’s more, as edges are sorted in ascending order,
once an uncolored vertex is found then its following vertices, such
as vertex 149 in Figure 5(d), are also uncolored and can be pruned

directly. .
3.2.3 'Observation 3: color update conflicts between two adjacent

vertices only exist along one edge that connects them. Through conflict
detection and computation scheduling, we can color vertices in parallel.
In Figure 3(c), we can move vertex 1 to the end of the adjacency
list of vertex 2. After vertex 2 has traversed all neighbors except
vertex 1, it waits for the color result of vertex 1 until vertex 1 final-
izes coloring. This technique allows us to defer the computation
of conflict vertices and enable parallel coloring of adjacent ver-
tices. However, there are two main challenges for implementing
this scheme. The first is how to efficiently detect and resolve data
conflicts, as the current vertex may not be aware of conflicts and
updates from other vertices. The second is how to ensure multi-
ple coloring tasks of different vertices can read the cache at the
same time, since the cache instantiated using BRAM has only two
read/write ports in FPGA. To address these challenges, we design a
data conflict table and a multi-port cache to enable parallel
coloring in our accelerator, which we will describe in Section 4.
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Figure 6: Architecture overview of BitColor

4 ARCHITECTURE
4.1 Architecture Overview

Based on above observations, we present BitColor, an FPGA based
accelerator that can improve the efficiency of large-scale graph
coloring. Figure 6 shows the architecture overview of BitColor. It
is composed of a Task Dispatch Unit, parallel Bit-Wise processing
engines (BWPEs), a multi-port Color Cache with N read ports (RPs)
and M write ports (WPs), and the Writer modules.

Task Dispatch Unit assigns different vertices to parallel BWPEs.
It sends the source vertex index, the destination vertices (edges)
range consists of the start address and the end address, and vertices
of all BWPEs to configure the data conflict table for parallel color-
ing. Each BWPE connects to a separate logical DRAM channel (CH)
and one Color Cache RP. N parallel BWPEs process multiple source
vertices and edges per cycle. The input of a BWPE is destination
vertices indices of edges (neighbors). The BWPE fetches color data
of neighbors from the DRAM or Cache according to its degree, com-
pletes vertex coloring, and forwards its color result to subsequent
BWPEs to resolve the data conflict. The Writer module receives
color results from BWPEs and updates colors of source vertices
to DRAM channels or cache according to degrees. All accesses to
DRAM are in granularity of a block (with 512 bits) for high memory
efficiency.

In this section, we first introduce the architecture of the BWPE
in subsection 4.2, which performs the bit-wise greedy algorithm.
Second, we present the two key modules to enable parallel opera-
tions of BWPEs: the data conflict scheme based on the data conflict
table (DCT) and the multi-port cache for HDVs respectively in
subsection 4.3 and subsection 4.4. Then we introduce the color
loader for LDVs to implement DRAM read merging to improve the
DRAM access efficiency in subsection 4.5. Finally, we describe the
degree-aware task scheduling in subsection 4.6.

4.2 Bit-wise Processing Engine

Figure 7 depicts the architecture of the the bit-wise processing en-
gine. Before coloring, the Task Dispatch Unit initializes parameters
of the BWPE, including the source vertex (vg,¢), the start address
(se) and end address (de) of edges for loading edges, and the vertices
of other BWPEs (v1, v2,v3) to configure data conflict table (DCT).
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Figure 7: The architecture of the bit-wise processing engine

The logic of the BWPE is divided into two small pipelines: the color
fetching pipeline, which minimizes the number of memory requests
sent to DRAM, and vertex coloring pipeline, which completes the
bit-wise coloring operation.

As shown in Figure 7, the data flow of the BWPE is as follows. In
Step ©, BWPE loads destination vertices (vg,) of edges data from
an edge ping-pong buffer. The ping-pong buffer enables the BWPE
to fetch edges from DRAM to one buffer and load destination vertex
(v4es) for processing from the other buffer, thus improving effective
memory bandwidth. We allocate both ping and pong buffers for
each BWPE for parallel processing. In Step @, the color fetching
pipeline compares the vy, with vg.c: it will prune the uncolored

vertices and move to the next edge if vy is greater than vgyc.

Otherwise, it proceeds to the following steps. In Step @, v, is sent
to check data conflict by comparing it with vertices in DCT. The
vertex will be moved to the Step ® and skip Step @ & ® if there is
a conflict. Otherwise, vy, Will be sent to check the color state. In
Step @, BWPE compares v, with v;, which is the vertex threshold
to indicate whether the color data of v, (Coly,s) is cached on-chip
or not. If v, is less than v, Col . will be fetched from the color
cache directly. Otherwise, the Color Loader will request it from
off-chip DRAM.

The vertex coloring pipeline processes the vertex color data from
the color fetching pipeline. In Step ®, it decompresses Coly, into
bits (BColy,) through looking up the Num2Bit table as shown in
Table 1 and performs Bit-OR operation to update the color state
(BColstate)- Step @~ ® repeat until all neighbors of current vertex
are done. In Step ®, the pipeline checks the data conflict table to
complete the conflict neighbors found in Step ®. Unlike Step ®, it
performs parallel OR on all color data and obtains the BColsqre
result in one cycle. Then BColst4te is sent to perform the Bit-AND
and NOT operation to get the color result of vs,c (BCols,c) in Step
@. Finally, the pipeline compresses BColgy into Colgy through the
proposed compression scheme as shown in Figure 4 and stores it
into on-chip cache or off-chip DRAM in Step ®. Moreover, BColg¢

is also forwarded to other BWPEs to update the data conflict table.
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4.3 Data Conflict Detection Scheme

The data conflict detection scheme in BitColor is added to detect
data conflicts among BWPEs. We introduce a data conflict table
into BWPESs, as shown in Figure 7. The table has a total of five rows.
The first row is the PE index (PE;;). We stipulate that when two
PEs conflict, the PE with smaller index completes the coloring first,
such as PE1 before PE2. The second row is the vertex index (v;4)
that is being colored in PE;;. It is used to check if there is a conflict
between v, with v;4. The third row is the completion valid bit that
indicates whether v;4 has completed coloring, 1 means completion,
0 indicates incomplete, and the initial value is 0. The fourth row
is the coloring result (bits) of v;4, which is used for the current
PE coloring, with an initial value of 0. The fifth row is the conflict
flag that indicates whether two BWPEs conflict. When there is a
conlflict, it is True (T), when there is no conflict, it is False (F), and
initially it is F.

The conflict detection scheme mainly works in three steps in
Figure 7 to ensure the correctness of coloring. The first is Step ®.
When two vertices collide, the valid flag is set to T, the coloring
check of the vertex is performed after all non conflicting vertices
have completed coloring. If there is no conflict, the flag is set to
F. The second is in Step ®. After completing the previous color
check, BWPEs read the data conflict table to check for vertices that
have not been calculated when all conflict vertices (Flag is T) have
complete coloring (Valid is T). In order to improve performance, the
entry of the conflict detection table is implemented using registers
instead of BRAM, as the BRAM port restricts the parallelism of
reading and calculation, so that the Bit-OR can be completed in
one cycle. The third is in step ®. When the BWPE completes the
coloring, the valid of PEg, in the data conflict table of other BWPEs
is set to T to notify current BWPE’s completion of the calculation,
and the color row is also updated. This direct data update is to avoid
accessing data from the cache and DRAM again.

4.4 Multi-Port Cache for High-degree Vertices

During processing, source vertices are processed simultaneously by
BWPEs to obtain color data of neighboring vertices from the color
data cache. To support parallel execution of BWPEs and resolve
read conflicts, the cache must support multiple read ports. However,
current FPGAs only provide block BRAMs with two ports (2W2R).
Traditional approaches for constructing multi-ports memory, such
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Figure 8: The architecture of different multi-port caches
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as replication, banking, and multipumping, can be inefficient in
terms of area and frequency. To address these issues, LaForest et
al. [15] proposed a Live Value Table (LVT) based design that com-
bines BRAMs into multi-ported memory, as shown Figure 8(a). LVT
enables indirect steering of reads and selects data from the bank
that holds the most recent or "live" write value for the input address.
However, the LVT based method has some issues. Firstly, the num-
ber of items stored in the increased LVT table for addresses is as
large as the original memory, which increases area overhead. Sec-
ondly, the read operation needs to check LVT, which corresponds
to one LVT read operation and increases read latency. Lastly, this
method directly replicates m X n copies of the memory bank with
the original size of D, resulting in a final size of m X n X D/4. Due
to the fact that not every position of the bank is written when writ-
ing BRAM, there is significant area redundancy caused by spatial
redundancy.

In BitColor, we have discovered an effective solution to the afore-
mentioned problems through replacing LVT by the bit-wise divisor
and remainder operations. If each BWPE has a fixed color vertex
index during parallel execution on HDVs, it will exhibits a certain
pattern when writing to the cache. This pattern is as follows:

Assuming there are P BWPEs executing in parallel, the ID-th BWPE
coloring HDVs are ID, ID+P, ID+2P, ..., ID+tP. Therefore, their write
addresses to the cache are discrete and also ID, ID+P, ID+2P, ..., ID+tP.

We can ensure this pattern during task scheduling which will be
discussed in Section 4.6. Based on the above pattern, we construct
the proposed multi-port cache based on address bit-selection shown
in Figure 8(b) as follows:

o In Step @, we set the size of the basic 2W/2R BRAM (BM)
is 2D/P instead of D. For example, if the parallelism(P) is 8,
the BM size is D/4 and only stores the color results output
by two neighboring BWPEs, such as #0&#1, #2&#3.

In Step @, we build a 2WnR BRAM (RM) by replicating n/2
copies of BM, which stores the same content. For example,
when n=8, we copy BM 4 times, and the RM has eight read
ports (RPs).

In Step @, we copy RM again in m/2 copies to build the
mW /nR cache. These write ports (WPs) are assigned to dif-
ferent BWPEs and each BWPE writes color data of different
vertices, so the content saved in different RMs is different. At
the same time, the write address is converted to the actual
address through dividing by P:

Addrg;, = Addr [P = Addryrite[Leng — 1 : loga(P)].

This bit-selection based divisor operation avoids writing the
LVT to save the RM number.

In Step @, multiplexers are added to enable n read operations.
The Addrg;, of the i-th RP read address is sent to m RMs, m
output colors are sent to the i-th multiplexer, and the result
color is chosen by taking the remainder of the read address:

Addrrem = Addr%P = Addr,e,q[log2(P) — 1 : 0].

This bit-selection divisor and remainder operation can ac-
curately determine the address and the RM that stores the
color.

In summary, our proposed bit-selection operation based address
allocation method eliminates the area and delay overhead of LVT
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Figure 9: The architecture of the Color Loader

and the spatial redundancy. The total BRAM size is mxnxD/(2XP),
which is only 2/P of the LVT based method, As the parallelism
increases, the effect of the proposed cache becomes more and more
obvious. To be specific, m=n=P in our design, the BRAM size is
PxD/2(P > 1).

4.5 Color Loader for Low-degree Vertices

Figure 9 illustrates the architecture and data flow of the Color
Loader. It takes a set of destination vertex indices from Step @ in
Figure 7 as input and produces a set of destination vertex colors
as output. Since the indices are in ascending order as discussed in
Section 3.2.2, we cache the last requested index and data to enable
read merge operations and improve the DRAM access efficiency.
The logic is divided into two small pipelines: the color request
pipeline and the data response pipeline.

The data flow of the Color Loader is illustrated in Figure 9. In
Step @, the decoder computes the block indices in DRAM and the
offset of destination (des) vertices in the block. Since the color
is 16-bits (only 10 bits are used to represent 1024 colors) and a
block is 512 bits, the index is calculated as des/32, and the offset is
calculated as des%32. In Step @, the color request pipeline compares
the indices with the last request index and sets it as zero if they are
equal, otherwise, it outputs the index. In Step @, the DRAM Request
Generator module generates requests with non-zero indices. The
index marked zero will skip the DRAM access to Step ®. In the given
example, the third vertex 76 saves one DRAM access. In Step @,
the Color Reader fetches a color data block (512 bits) according to
the indices from DRAM. Then it processes the color data block in
the data response pipeline. In Step ®, it uses the comparison result
from Step @ to get the color data. If the comparison index is zero,
it reuses the last request block data, otherwise it outputs color data
from the Color Reader. In Step ®, the Bits Selector decodes the
vertex color data based on its offsets in the data block and outputs
them. Finally, it updates the last request index and its data block to
enable DRAM Read Merge.
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Table 2: Preprocessing time with one CPU thread in the millisecond (ms)

Graphs EF GD CD CA CL RC RP RT CcO CF
Graph reordering | 0.59 10.63 92.28 135.75  1881.59 534.73 282.13 318.18 2007.18 80657.54
Coloring 78.83 303.31 1071.77 900.07 26282.60 4275.03 3333.81 3894.42 87184.40 757495.12
Table 3: The graph datasets.
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Figure 10: The architecture of Task Dispatcher Unit

4.6 Degree-Aware Task Scheduling

Effective resource scheduling is crucial for achieving the full poten-
tial of parallel BWPEs in BitColor, and we employ a degree-aware
method for task allocation and workload balance. To this end, we
introduce a task dispatcher unit in this section.

Our task scheduling strategy includes two allocation strategies
based on the degree threshold (v;) partition: high-degree vertex
allocation and low-degree vertex allocation. The high-degree al-
location strategy involves selecting an v;4 according to the ID of
BWPEs. The IDs of vertices allocated to BWPEs must match the
pattern described in Section 4.4 to minimize the cost of the multi-
port cache. Furthermore, since we reorder the graph in descending
order of in-degree and the degree of vertices in BWPEs is close,
the computational workload of parallel BWPEs is balanced. On the
other hand, the low-degree allocation strategy is a direct allocation
without considering IDs. Since the results of low-degree vertices
are saved to DRAM and do not take up the write port of the cache,
this first-come-first-serve mode eases workload imbalance caused
by longer DRAM access of some LDVs.

Figure 10 depicts the architecture of the task dispatcher unit
which comprises two main structures: high-degree vertex (HDV)
and low-degree vertex (LDV) FIFOs , a PE state table (PST). The
HDV and LDV FIFOs are crucial to implementing our degree-aware
scheduling. The HDV FIFOs consists of sub-FIFOs bound with the
BWPE ID (PE;;) and the LDV FIFO is not bound with any PE;;. The
PE State Table (PST) stores the PE state, including the vertex ID (v;4)
under processing and the running flag (T is BUSY, F is IDLE), and is
used to update the data conflict table in the BWPE. The Offset Fetch
module fetches the s, and de of v;4 from the offset array in DRAM
and pushes it to FIFOs according to its degree. During coloring, the
IDLE BWPE FIFO pops a PE; if it is not empty. If the HDV FIFOs
are not empty, it will pop a vertex from sub-FIFOs according to
PE;,;. Otherwise, the LDV FIFO directly pops a vertex. The collector
receives v;y and PE;4, fetches entries in PST and updates the v;4
entry and the running flag of PE;; in PST. The it dispatches the task
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flag in PST to F.

5 EVALUATION

We first evaluate the efficiency of the proposed optimization tech-
niques in the single BWPE and the parallel BWPEs. We then com-
pare BitColor with GPU and CPU solutions. Finally, we report the
resource utilization.

5.1 Experimental Setup

5.1.1 Hardware platform. We implement BitColor on the Xilinx
Alveo U200 accelerator card equipped with a 64GB DDR using Xil-
inx Vitis 2022.2. The U200 card provides 63.576Mb on-chip BRAM,
892K LUTs and 2.364M Registers. In the evaluation, the maximum
color number is set to 1024 and the single cache is IMB (512K ver-
tices color data). We host the FPGA on a server with two 10-core
Intel Xeon Silver 4114 @ 2.02GHZ, 128 GB of DDR4-2133 RAM.

5.1.2  DataSets. Table 3 shows the details of the graph datasets
from SNAP Datasets [16] that we use in our experiments, including
five social networks, three road networks, one collaboration net-
work, and one product network. We perform degree-based grouping
reordering algorithm on these datasets. Table 2 shows the prepro-
cessing time on one CPU thread. Compared with the coloring, the
graph reordering cost is small.

5.1.3 Baseline. We compare BitColor with the state-of-the-art par-
allel graph coloring algorithm [22] based on Gunrock [27] in the
GPU Platform and the basic greedy coloring algorithm in CPU. All
evaluations are done on a Xilinx Alveo U200, an Intel Xeon Silver
4114, and an NVIDIA Titan V GPU with 12GB on-board memory.

5.2 Efficiency of the Proposed Optimization
Techniques

The optimization techniques in BitColor consist of two components:
non-parallel optimization techniques in a single BWPE and parallel
optimization techniques in multiple BWPEs.

5.2.1 Optimization techniques in a single BWPE. We investigate
the performance improvement of each optimization technique in a
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Figure 12: Performance speedup of BitColor with varying
the parallelism

single BWPE. We use the performance without optimization tech-
niques as the baseline (BSL) and measure the performance in terms
of computation and DRAM access for each technique. All results
are normalized to the BSL and are shown in Figure 11.

By using the high-degree cache (HDC), BitColor reduces a large
amount of off-chip memory accesses. For small graph such as CD, al-
most all of DRAM accesses are eliminated. For large graphs, DRAM
access time is reduced by about 55%. This shows the spatial locality
exists in graph coloring. With the bit-wise coloring (BWC), Bit-
Color further reduces the computation time by 45%. The effect of
BWC is more obvious after the access time decreases, especially in
small graphs. Through adding the Color Loader module to enable
the Merge DRAM Read (MGR), we avoid redundant DRAM read
operations. Though its effect is not significant in some graphs such
as CF, it can reduce more than 10% DRAM access in the RC, RP
and RT after HDC. Finally, after pruning uncolored vertices (PUV),
both DRAM access and computation are reduced significantly. This
shows that there are large number of useless computation in graph
coloring. As a result, the BWPE in Bitcolor achieves 88.63% DRAM
access reduction, 66.89% computation, and 82.91% total execution
time reduction compared with BSL.

5.2.2  Optimization techniques in parallel BWPEs. Figure 12 illus-
trates the BitColor performance speedup with varying the paral-
lelism. With the BRAM resource limitation, the maximum paral-
lelism is set to 16. Figure 12 also demonstrates that 16 BWPEs in
parallel can achieve a speedup 3.92x ~ 7.01x over a single BWPE.
The trends show that BitColor scales well but the speedup is lower
than the parallelism, which is because of the data conflict among
parallel vertices.

5.2.3  Accuracy (Color Number). Table 4 shows the results of color
number with and without edge sorting. The number of colors is
reduced by 9.3% on average in a single step iteration, thus improving
the coloring efficiency. For example, the number of colors for CO
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Table 4: Color number result
Graphs | EF GD CD CA CL RC RP RT CO CF
BSL 86 21 334 114 10 116 156 5 5 5
Sorting | 76 17 328 114 7 87 129 5 5 5

graph decreases from 116 to 87. This is because the sorting scheme
makes the global coloring information more obvious.

5.3 Comparison with CPU and GPU

We compare BitColor with a parallel graph coloring algorithm
implementation in GPU [22] based on Gunrock [27], which is the
state-of-the-art open-source graph analytic library, and a baseline
greedy algorithm implementation in CPU. Figure 13 shows the
performance results on ten datasets.

The performance speedup of BitColor to CPU is 30X ~ 97X and
the average is 54.9X. Due to the detailed optimization in terms
of memory access and computation and the customized parallel
hardware modules, BitColor has a significant performance gain
compared to CPU.

The improvement of BitColor compared with Gunrock is 1.63X ~
6.69x and the average improvement is 2.71X. Compared with the
BWC and PUV optimization techniques, Gunrock is lack of in-depth
algorithm optimization. Even though GPU can utilize even more
than 30 cuda cores, the cache size is too small to handle to the
irregular memory access. On the other hand, it is difficult to paral-
lelize these cuda cores to do computation. By exploiting the HDC
strategy, customizing the data conflict detection hardware module,
and employ the MB-level multi-port cache, BitColor enhances the
effective of the parallel graph-coloring algorithm.

To measure the throughput,we use MCV/S (Million Colored Ver-
tices per Second) as a standard metric. The average throughput of

\-CPU -GPU(Gunrock)-BitCoIor\

[}
§100
|_
- 10
9
o 1
@
x
L

EF GD CD CA CL RC RP RT CO CF
Figure 13: Performance speedup over CPU and GPU
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Figure 14: Resource utilization and frequency of BitColor
implementations with varying the parallelism

CPU, GPU, and BitColor is 0.88MCV/S, 15.3MCV/S, and 41.6MCV/S,
respectively.

For energy efficiency, we use the KCV/J (Kilo Colored Vertices
per Joule) as a standard metric. Experiments show that the energy
efficiency of CPU, GPU, and BitColor is 12 KCV/], 19 KCV/], and
156 KCV/]J respectively. Compared with CPU and GPU, BitColor
achieves 13x and 8.2x improvement in energy efficiency respec-
tively.

5.4 Resource Utilization

Figure 14 shows resource utilization on U200 and frequency of
BitColor implementation with varying the parallelism. As the par-
allelism increases, register, LUT and BRAM consumption grow
nearly linearly before the parallelism is eight (P8). When the paral-
lelism is sixteen (P16), the resource increases exponentially. As a
result, BitColor utilizes around 51.09% of Registers, 47.79% LUTs,
and 96.72% of BRAMs. Moreover, the frequency is always more
than 200MHz, benefiting from the bit-wise color operation and the
address bit-selection based multi-port cache.

6 CONCLUSION

In this paper, we present BitColor, an FPGA-based accelerator for
large-scale graph coloring with parallel bit-wise engines. BitColor
adopts a customized high-degree vertex cache and a graph prune
strategy to reduce off-chip memory access and eliminate useless
computation. Moreover, BitColor employs a data conflict table and
a customized multi-port cache to enhance the parallelism. The
experimental results demonstrate that BitColor achieves 54.9X per-
formance speedup over CPU and 2.71X speedup over GPU.
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