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Abstract
Breadth-First Search (BFS) performance on shared-memory
systems is often limited by irregular memory access and
cache inefficiencies. This work presents two optimizations
for BFS graph traversal: a bitmap-based algorithm designed
for small-diameter graphs and MergedCSR, a graph storage
format that improves cache locality for large-scale graphs.
Experimental results on real-world datasets show an average
1.3× speedup over a state-of-the-art implementation, with
MergedCSR reducing RAM accesses by approximately 15%.

Keywords: graph, algorithm, breadth-first search, parallel
computing, multi-core CPU

1 Introduction
Graph analysis has become fundamental across various fields
such as social network analysis [11], bioinformatics [15,
17], logistics [5, 16], machine learning [10] and others [4].
Breadth-First Search (BFS) is a fundamental graph traversal
algorithm used in many other graph algorithms [9, 12].
Despite its simplicity, an efficient implementation of a

parallel Breadth-First Search presents several challenges.
Achieving effective load balancing across multiple process-
ing units, particularly in multi-core CPU environments, is a
non-trivial task due to the irregular and unpredictable struc-
ture of graphs [7, 8]. This irregularity can lead to unbalanced
workload distribution. Numerous optimization strategies
have been proposed in the literature to address these chal-
lenges [1, 2, 6]. These can broadly be classified as follows:
techniques that involve reordering vertices in memory to
improve locality, methods that alter the sequence in which
vertices are accessed and strategies that involve changing
the data structures used during the BFS.

This work presents two BFS optimizations: the first utilizes
bitmaps to leverage available parallelism, while the second
is based on a graph storage format specifically designed for
large-scale graphs, called MergedCSR. MergedCSR aims to
improve the spatial locality of graph data and to reduce the
amount of cache misses. Our implementations are executed
on multi-core CPUs using OpenMP and are evaluated on
real-world undirected and unweighted graphs drawn from
different fields, providing a comprehensive assessment of
their performance across a variety of practical scenarios.

∗Corresponding author.

The code is open-source and available at https://github.com/
HicrestLaboratory/MergedCSR.

2 Background
The BFS algorithm begins at a source vertex and includes all
its adjacent nodes in the frontier. Subsequently, it explores
the neighbors of the nodes in the frontier and stores, for
example, their distance from the source vertex, continuing
this process incrementally until every node has been visited.
In general, BFS performance is heavily influenced by the

structural properties of the graph, such as diameter, aver-
age degree and sparsity. Low diameter graphs often exhibit
power-law degree distributions and small-world phenomena
[14]. Beamer et al.[2] proposed two strategies to populate
frontiers efficiently: Top-Down and Bottom-Up. Top-Down
iterates over the vertices in the current frontier, examining
their neighbors to populate the next frontier. This approach
is generally effective when the size of the frontier is small,
as there are few edges to explore. Conversely, Bottom-Up
iterates over unvisited vertices, identifying those that have
neighbors in the current frontier. This strategy is advanta-
geous when the frontier is large, as it reduces unnecessary
edge examinations and leverages available parallelism more
effectively. The transition between the two approaches is
based on the number of edges to check from the frontier, the
number of edges to check from unexplored vertices and the
number of vertices in the frontier. The threshold is tunable
using two parameters, 𝛼 and 𝛽 . We refer to this adaptive
algorithm as Hybrid-BFS. Building on this foundation, Arai
et al. [1] proposed a dynamic strategy to compute optimal
values for 𝛼 and 𝛽 based on graph characteristics and a tech-
nique called forest pruning. The goal of the latter is to reduce
the number of vertices to be explored by pruning the vertices
for which parents can be determined before a source vertex
is given. This strategy can be applied only on tree-structured
subgraphs.

Various storage formats have been developed to represent
graphs. Among these, the compressed sparse row (CSR) for-
mat is widely adopted for its simplicity and compactness.
This format stores the graph using two arrays: one contain-
ing the IDs of the neighbors of all nodes, named col_idx,
and one for pointers that indicate where the neighbors of
each node start in col_idx, named row_ptr. Torok [13] pro-
posed to merge the two CSR arrays into a single structure.
In Section 3.2, we extend this format idea to enhance BFS
performance for large-diameter graphs.

1
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Figure 1. Frontier sizes. These plots show the number of
vertices in each frontier for increasing distance from the
source (y-axis is in log scale). On the left we have small-
diameter graphs, on the right, large-diameter graphs.

An important factor to consider is the number of vertices
in the frontier during each iteration of the BFS algorithm.
As shown in Fig. 1, there is a clear relationship between the
graph’s diameter and the size of the frontier. Specifically,
graphs with smaller diameters tend to generate larger fron-
tiers, while graphs with larger diameters usually generate
smaller frontiers. The typical sizes of the frontier heavily
influence the memory usage and the amount of cache misses.
Consequently, we will categorize datasets into small-frontier
and large-frontier. Since all our graphs with limited diam-
eters have considerable frontier sizes, we will interchange
these terms to denote graphs types (respectively for large
diameters and small frontiers).

3 Methodology
In our work, we mainly focus on the design of efficient data
structures for BFS graph traversal. Given that the characteris-
tics of graphs heavily influence the choice of data structures,
we classify graphs into one of two categories: (i) graphs
that generate large frontiers during the BFS traversal, or
(ii) graphs that generate small frontiers. During a BFS on
large-frontier graphs, we extensively employ the bitmap
data structure and apply the Hybrid-BFS algorithm [2]. In
contrast, during the BFS of small-frontier graphs, we store
the graph in the MergedCSR format and perform only Top-
Down steps. Both implementations are bulk-synchronous,
meaning that all vertices at a given distance from the source
are visited before exploring vertices at the next level.

3.1 Bitmap-based method for Large-Frontier Graphs
Exploring a small-diameter graph requires only a few frontier
expansions, since the distance between any two vertices is by
definition small. Typically, the first and last iterations have
small frontiers, while the mid iterations have large frontiers
(see the left plot in Fig. 1). To optimize for the dense mid
steps, we use bitmaps to store visited vertices and frontiers.
This allows efficient node-parallelism for both Top-Down
and Bottom-Up steps.

3.2 MergedCSR method for Small-Frontier Graphs
Graphs with small frontiers present distinct challenges. First,
they require many more iterations and they typically have a
large number of vertices. Consequently, the memory foot-
print of the row_ptr and col_idx array often exceeds the
cache capacity of commercial-grade processors. Moreover,
for small-frontier graphs, the Top-Down approach is gen-
erally preferred over Bottom-Up, since the Bottom-Up ap-
proach is used only when the frontier is large. In the tra-
ditional CSR format, a Top-Down step requires accessing
three data structures: (i) row_ptr, to retrieve the start of a
vertex’s adjacency list, (ii) col_idx, to traverse neighbors,
(iii) distances, to keep track of visited vertices and their dis-
tance from the source. Each time a new vertex is explored dur-
ing a Top-Down step, all three data structures need to be ac-
cessed. These memory accesses often result in cache misses,
significantly impacting the algorithm’s performance. This
highlights the need for a more memory-efficient data struc-
ture. To address these challenges and reduce cache misses
during a BFS traversal, we propose the MergedCSR format,
a cache-efficient graph representation.

3.3 The MergedCSR Format
Inspired by Torok [13], MergedCSR optimizes the standard
CSR format by merging the vertex and neighbor arrays into
a single data structure. Fig. 2 gives an example of this format.
The MergedCSR array is a modified version of the col_idx
array, in which each vertex ID is replaced with a pointer to
the start of the corresponding vertex data within the Merged-
CSR array. Additionally, two entries are added for each ver-
tex: one to store the vertex degree and the other to store the
distance from the source. The size occupied by the Merged-
CSR array is therefore 2|𝑉 | + |𝐸 |. At the end of the BFS
traversal, distances are extracted from the MergedCSR array
and stored in the distances array using a modified version
of row_ptr, which accounts for the additional information
inserted in the MergedCSR array. Section 4.2 underlines the
ability of MergedCSR to reduce cache misses. Our adaptation
of the MergedCSR format is tailored for a parallel shared-
memory BFS implementation. Unlike Torok’s approach [13],
which focuses primarily on improving spatial locality, we in-
tegrate algorithm-specific data (e.g. distance, parent) directly
into the merged array. These modifications make Merged-
CSR adaptable to different algorithm requirements while
preserving its benefits.

3.4 Implementation Details
This section reviews the key implementation choices made
to optimize the runtime of BFS traversal.
Method Selection: The method selection is guided by the
following empirical heuristic: if |𝐸 |

|𝑉 | < 10, we apply the
method for small-frontier graphs (Section 3.2); otherwise,
we apply the method for large-frontier graphs (Section 3.1).

2
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Figure 2. Example of the MergedCSR format. Dashed arrows
show the semantics of vertex 1 adjacency list. We assume
that a BFS has already been completed considering source=0.

Vectorization: SIMD instructions were applied wherever
possible. Vectorization usually applies to simple loops, such
as those iterating over a bitmap and the process of collecting
distances from the MergedCSR format.
Leaf pruning: Vertices with a single neighbor are not added
to the next frontier, as their sole neighbor would have already
been visited. However, this optimization proved inefficient
for graphs with large frontiers. The cost of checking vertex
degrees outweighed the benefit, as the conditional statement
interfered with the compiler’s ability to vectorize loops.
Workload balancing: Multiple OpenMP scheduling strate-
gieswere explored: (i) static pre-allocates iterations to threads;
(ii) dynamic lets threads request chunks as they are free;
(iii) guided assigns progressively smaller chunks; (iv) auto
lets the compiler decide. What we observed by changing
strategy is that, despite the unbalanced nature of graph tra-
versal, static scheduling performed similarly to dynamic
and guided. This is likely due to improved cache locality
within cores (when using a static scheduling) combined with
the overhead associated to more complex scheduling meth-
ods. We also tested splitting high-degree vertices (hubs) into
smaller ones to improve balance, but this had no measurable
impact on runtime, likely for the same reasons and the added
overhead of handling the newly introduced vertices.
Bitmap inefficiencies: During the initial and final BFS it-
erations, the bitmap representation is inefficient because
the frontiers contain a small number of vertices, therefore
the bitmaps are sparsely populated. However, we found the
overhead of predicting and switching formats dynamically
negated the advantages for most datasets.
Hybrid-BFS Parameters: The 𝛼 and 𝛽 parameters were
selected as 4 and 24 (resp.) after performing a sensitive anal-
ysis over all datasets. Theoretically, these parameters can be
selected dynamically, however, this added complexity is not
compensated by the performance gains.
Bitmap Prefetching: To optimize memory access, bitmaps
for the current frontier, next frontier, and visited vertices
are initialized in a parallel block with static scheduling. This
ensures that chunks are preloaded into caches close to the
cores that will access them during the BFS traversal.

Graph Name |𝑉 | |𝐸 | Diameter

Social Network 4.8M 84M Small
Web Graph 6.6M 294.3M Small
Collaboration Network 1.1M 110.4M Small
Synthetic Dense 9.9M 980.1M Small
Road Network 1 21.9M 58.2M Large
Road Network 2 87.0M 112.9M Large
kNN Graph 24.6M 154.3M Large
Synthetic Sparse 9.9M 39.2M Large

Table 1. Datasets Characteristics.

4 Evaluation
This section evaluates the performance (runtime), cache uti-
lization (cache misses), and scalability (speedup with increas-
ing thread count) of our implementations.

To the best of our knowledge, no widely recognized state-
of-the-art implementation exists for distance-based BFS on
sharedmemory systems. Consequently, we utilized the parent-
based BFS implementation from the GAP Benchmark Suite
[2, 3]1 as baseline. This implementation returns a list of each
vertex’s parent, rather than its distance from the source. To
ensure a fair comparison, we extended our implementations
to parent-based BFS and evaluated both versions.
For cache utilization, we created a third implementation

as a baseline, which employs the classical CSR format, stores
frontiers in lists, and tracks visited vertices using a bitmap.
This comparison highlights the efficiency gains introduced
by the use of MergedCSR format.
Our evaluation is based on the datasets provided by the

PPoPP’25 FastCode Challenge2, summarized in Table 1. The
algorithms are implemented in C++, compiled with g++
12.2.0, and use OpenMP 4.5 for parallel execution. Cache
utilization was profiled using perf v4.18. Experiments were
conducted on a dedicated node of the Leonardo Supercom-
puter3, featuring an Intel Xeon Platinum 8358 CPU @ 2.6
GHz (32 cores), with 48 KiB L1d cache, 32 KiB L1i cache, 1.28
MiB L2 cache per core, 48 MiB shared L3 cache, and 100 GB
DDR4 RAM @ 3.2 GHz.

We executed each algorithm 10 times, selecting a random
source vertex for each run4. The reported value is the arith-
metic mean of the results.

4.1 Performances
Fig. 3 compares the performance of our implementations
for distance-based and parent-based BFS. For large-frontier
graphs, our approach consistently uses bitmaps, unlike GAP,
which switches between bitmaps and lists. This is beneficial
as only a few Top-Down iterations occur in our datasets,
though social network graphs, requiring more Top-Down
1Available at https://github.com/sbeamer/gapbs
2https://fastcode.org/events/fastcode-challenge/spe4ic/#dataset-diversity
3https://leonardo-supercomputer.cineca.eu/it/home-it/
4The random selection is deterministic, ensuring all programs use the same
set of source vertices.

3
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Figure 3. Speedup relative to GAP Benchmark. Bar labels
contain the traversed edges per second. “ClassicCSR” refers
to the third implementation described in Section 4.

iterations (see Fig. 1), show some performance decrease.
Overall, our implementation achieves a 1.32× speedup5 on
large-frontier graphs. For small-frontier graphs, MergedCSR
achieves an average 1.27× speedup for distance-based BFS,
with the greatest benefits in high-vertex-count graphs. In
the Synthetic Sparse dataset, the vertex data fits in L3 cache,
limiting the impact of our cache-optimized approach. Fig. 3b
highlights the benefits of theMergedCSR format compared to
classical CSR. For parent-based BFS, the MergedCSR format
was modified to store for each vertex the original vertex ID,
the parent ID (instead of the distance), and the vertex degree,
increasing spatial complexity from 2|𝑉 | + |𝐸 | to 3|𝑉 | + |𝐸 |.
The results of parent-based implementation indicate mini-
mal differences compared to distance-based one, achieving
an overall 1.23× speedup.

4.2 Cache Utilization
Frequent cache misses introduce significant memory access
latency, negatively impacting execution speed. To profile
cache miss percentages, we used the perf tool6. We recall
that L1 and L2 cache are private per core, whereas L3 (LLC) is
shared among all cores. Table 2 shows the reduction in cache
misses achievedwithMergedCSR compared to a baseline that
uses the classic CSR format. The most significant gains occur
in the L1 miss ratio, where improved locality reduces higher-
level memory accesses. This is further confirmed by the 15%
reduction in L3 miss rate, aligning with the performance
gains in Section 4.1.

4.3 Scalability Analysis
For graphs with large frontiers (Fig. 4), speedups closely
follow the ideal curve, indicating the effectiveness of paral-
lelism. In contrast, graphs with small frontiers (Fig. 5) present

5This and following speedups are computed using the geometric mean.
6Tracking events: L1-dcache-load-misses, L1-dcache-loads,
l2_rqsts.all_demand_data_rd, l2_rqsts.demand_data_rd_miss, LLC-
load-misses, LLC-loads, mem_inst_retired.all_loads.

ClassicCSR MergedCSR Improvement

L1 44.9% (46.6%) 38.6% (38.3%) -14.1% (-18.0%)
L2 19.2% (62.7%) 14.5% (66.4%) -24.2% ( 5.9%)
L3 14.3% (64.9%) 12.2% (65.2%) -14.7% ( 0.4%)

Table 2.Cache miss Rate (Ratio) using 24 threads. Values rep-
resent the geometric mean across the small-frontier graphs.
The relative improvement is computed as the ratio ofMerged-
CSR results to those of the ClassicCSR (lower is better).
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Figure 4. Bitmap-based method (Section 3.1) Scalability.
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Figure 5.MergedCSR method (Section 3.2) Scalability.

a greater challenge, as the improvements from additional
threads become less pronounced. This is likely due to the
relatively small frontier sizes which limit the effectiveness
of parallelism.

5 Conclusion
We presented two optimized BFS implementations designed
for multi-core CPUs, focusing on efficient parallelism and
memory management. The bitmap-based approach achieves
high performance for large-frontier graphs, while Merged-
CSR reduces cache misses, improving performance for small-
frontier graphs. Experimental results demonstrate consis-
tent speedups over baseline implementations. The Merged-
CSR format has proven to be effective for storing algorithm-
specific data, making it a promising choice for broader ap-
plications. As future work, we plan to extend MergedCSR
to other graph algorithms, including triangle counting, and
biconnected components, as well as evaluate its suitability
for distributed memory systems.
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