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Fig. 1: Iterative layouts of communities with more than 800 users in the Orkut online social network [44] (a graph with 259,019 nodes
and 6,893,156 edges) generated using our negative sampling-based graph layout algorithm using t-forces [47], which runs in O(|E|)
time. Node colors indicate community membership.The initial node positions are obtained using Pivot MDS (PMDS) [5] (a), followed by
layouts after 1 (b), 5 (c), and 30 (d) epochs of the algorithm. The entire layout process required 5.69 seconds with 16 CPU threads
(120 MByte RAM), whereas DRgraph [49] required 55.64 seconds on the same settings.

Abstract—Force-Directed Placement (FDP) is a widely used approach for network visualization, yet scaling it to massive graphs
while preserving clear community structures remains a major computational and visual challenge. Existing approximation methods
often rely on auxiliary data structures (e.g., spatial trees), which introduce substantial memory overhead; furthermore, traditional
power-function-based forces frequently fail to separate dense clusters effectively. In this paper, we present a negative sampling-based
algorithm that achieves O(|E|) time complexity with a low memory footprint, without requiring complex multi-level representations. In a
first step, we introduce a linearly normalized degree-weighting scheme, which, combined with short-range bounded t-distribution forces,
effectively untangles dense structures and enhances visual cluster separation. To optimize for this formulation efficiently, we introduce
an edge-centric negative sampling strategy that naturally reconstructs the global degree-weighted objective. Furthermore, we design a
lock-free, bundle-based parallelization scheme that leverages the sparsity of stochastic updates to achieve significant speedups while
mitigating access conflicts. Comprehensive evaluations on 12 large-scale graphs demonstrate that the proposed method outperforms
state-of-the-art algorithms in neighborhood preservation and cluster separation. Compared to existing baselines, our method reduces
memory consumption by 72% on average and leverages simple GPU parallelism to generate a high-quality layout for a graph with 4
million nodes and 34 million edges in below 10 seconds.

Index Terms—Graph Layout, Network Visualization, Negative Sampling

1 INTRODUCTION

Graphs are a fundamental data structure for representing relational
information, in which entities are modeled as nodes and their rela-
tionships are encoded by edges. Node-link diagrams are one of the
most widely used visualization techniques for graphs [24], as they sup-
port intuitive exploration and analysis of complex relational structures.
Among algorithms for generating graph layouts in node-link diagrams,
force-directed placement (FDP) methods have attracted substantial at-
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tention [12, 15, 22, 47]. Yet, with the rapid growth of data, traditional
FDP algorithms become increasingly inadequate in terms of design
objectives and computational efficiency.

From a design perspective, FDP methods primarily emphasize indi-
vidual nodes and edges and optimize a set of aesthetic criteria, such
as distribute nodes evenly, have uniform edge lengths or reduce edge
crossings [11]. For large and complex graphs containing hundreds of
thousands of nodes, however, node and edge overlaps are often un-
avoidable due to limited screen space (see Figure 1a). Moreover, the
uniform distribution of nodes and edges enforced by most FDP meth-
ods can obscure clusters and community structures, thereby hindering
cluster-oriented analysis tasks [28]. To improve the perceptual separa-
tion of clusters, LinLog [29] and ForceAtlas2 [21] apply degree-based
weighting to repulsive forces, which increases separation between high-
degree nodes while allowing low-degree nodes to remain closer to their
associated high-degree nodes. Although this strategy improves visual
grouping to some extent, their power-function-based forces inherently
suffer from exerting extremely large repulsive forces and small attrac-
tive forces for short-ranges [47]. As a result, for graphs with massive
numbers of nodes, layout stability and clustering quality can deterio-
rate. Therefore, enhancing cluster visibility in large-scale and complex
graphs remains an open problem.

When scaling to massive graphs, a primary concern is not only per-
ceptual cluster quality but, more critically, computational efficiency.
This has motivated extensive research into approximation-based strate-
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gies for force-directed algorithms. The classical Barnes-Hut (BH)
approximation [1] employs a spatial partitioning tree, which aggregates
nodes to estimate long-range repulsive forces, reducing the time com-
plexity from O(|V |2) to O(|V | log |V |). t-FDP [47] achieves O(|V |)
complexity by exploiting a low-rank kernel and projecting node in-
teractions onto an interpolation grid, at the cost of increased space
complexity. Building on tsNET [23], which employs t-SNE to capture
local neighborhood structures, DRGraph [49] integrates a sparse dis-
tance matrix with a multilevel layout scheme and negative sampling to
achieve a time complexity of O(|V |+ |E|). However, the combination
of multiple complex components inhibits isolating the contribution
of each component and limits applicability across broader scenarios.
More recently, Omega [31] combines a low-rank resistance-distance
embedding with random node-pair sampling, enabling stress optimiza-
tion in O(|E|) time without relying on pivot-based approximations.
Nevertheless, all these methods require additional memory for auxiliary
data structures, which constrains their scalability to very large graphs.

In this paper, we present SNAP-tFDP (Stochastic Negative-sampling
Accelerated Placement t-FDP), which runs in O(|E|) time without re-
lying on auxiliary data structures. In contrast to prior degree-weighting
approaches built on power-function-based forces, we employ the t-
distribution-based repulsive force that is bounded at short ranges. This
design maintains the stability of local adjacency relationships, leading
to clustered rendering of communities and clearer separation between
them. Building on this design, we compare multiple degree-weighting
schemes and find that an additive degree weight normalized by the total
number of nodes, (di+dj)/2|V |, effectively guides cluster contraction
and strengthens visual grouping.

To efficiently apply degree-weighting for repulsive forces, we in-
troduce an edge-centric negative sampling strategy. It requires only
two essential data structures: a list of all edges and a list of current
node positions. In each iteration, the algorithm traverses all edges
to compute attractive forces, and for each edge, k random samples
are drawn uniformly from the node position list to compute repul-
sive forces. By randomly shuffling the edge order and updating node
positions immediately after each force computation, the algorithm in-
corporates the principle of stochastic gradient descent (SGD), which
speeds up convergence. The expected value of the repulsive forces
produced by this process are equal to the full repulsive forces weighted
by k · (di + dj)/2(|V | − 1), resulting in an optimization loss that
closely matches the corresponding full-force objective.

In addition, we introduce a lock-free parallelization strategy for
the proposed graph layout algorithm. Building on the sparsity of the
stochastic updates, the method follows a HOGWILD!-style design [36]
that avoids synchronization while maintaining stable convergence. To
further reduce access conflicts in practice, we systematically group all
out-edges from a common node i and pack them into a computational
bundle. This entire bundle is then assigned to a single, dedicated thread.
This design lowers the probability of write conflicts, improves cache
locality, and preserves the convergence behavior of the serial algorithm
while significantly improving efficiency.

We evaluated the effectiveness of our proposed method on 12 graph
datasets of varying sizes, with node counts ranging from 7 thousand to
4 million and edge counts from 80 thousand to 117 million. In terms
of layout quality, we use metrics such as the Silhouette Index [37] to
show that SNAP-tFDP outperforms existing state-of-the-art methods
in neighbor preservation, cluster separation, and visual grouping. In
terms of efficiency, SNAP-tFDP reduces memory consumption by
72% compared with the most memory-efficient baseline and achieves
a 150% speedup over the fastest existing method on average in the
serial setting. Due to its simple design, SNAP-tFDP can be efficiently
implemented on GPUs and achieves the com-lj graph’s layout (4 million
nodes and 34 million edges) in just 9.3 s using 0.8 GB GPU memory,
whereas the state-of-the-art method DRGraph, which only provides a
CPU implementation, requires 236 s with 16 CPU threads. In addition,
we conduct a case study on the com-friendster graph (65.6 million
nodes and 1.8 billion edges) to further demonstrate the applicability of
SNAP-tFDP to ultra-large-scale graphs.

In summary, the main contributions of this paper are as follows:

• Based on t-distributed forces, we compare multiple degree-
weighting schemes and reveal the key role of linear normalized
degree-weighting in rendering cluster contraction and strengthen-
ing visual grouping.

• We propose a negative sampling-based graph layout method
(SNAP-tFDP) that uses an edge-centric sampling strategy, which
matches the expected value of the sampled repulsive force equiv-
alent to the full weighted repulsive force while reducing the time
complexity to O(|E|) and lowering memory overhead.

• We reveal the sparsity of negative sampling-based graph layout
and accordingly design a lock-free, bundle-based parallelization
strategy, improving parallel efficiency while introducing only
limited approximation error.

2 RELATED WORK

Related work can be broadly categorized into two areas: graph layout
methods, approximation techniques, and parallelization strategies.

2.1 Graph Layout Methods
Graph layout methods aim to visualize network data as node-link dia-
grams, positioning nodes and edges to reveal the underlying structural
information of the graph. The most common approaches fall into
three primary categories: spring-electrical models, stress models, and
dimensionality reduction-based techniques.

Spring-electrical models treat a graph as a physical system in
which nodes repel each other like charged particles, while edges pull
connected nodes together like springs. The optimal layout is achieved
when these forces reach equilibrium. Early approaches, such as the
Fruchterman-Reingold model [15], define attractive forces that increase
with distance and repulsive forces that decrease with distance, pro-
ducing layouts with relatively uniform edge lengths. Later methods,
including LinLog [29] and ForceAtlas2 (FA2) [21], incorporate degree-
aware repulsive forces to enhance the visual separation of clusters.
More recently, the t-FDP model [47] replaces the traditional power-
function repulsive force with a bounded short-range force derived from
the Student’s t-distribution. This formulation limits the magnitude of
repulsive forces between nearby nodes while maintaining similar long-
range behavior, which improves the preservation of local neighborhood
relationships in the resulting layouts. Building on t-FDP, this paper
further introduces linear normalized degree-weighting and edge-centric
negative sampling, enabling efficient untangling of dense structures
and revelation of community patterns without extra overhead.

Stress models [22] traditionally associate a spring with every pair
of nodes, where the ideal spring length is proportional to the graph-
theoretic shortest path distance. By minimizing the discrepancy be-
tween Euclidean distances in the layout and graph-theoretic distances,
stress models typically preserve global graph structure better than
spring-electric models. However, this global objective often weakens
local structures and incurs high computational cost due to all-pairs short-
est path computation. To alleviate these issues, several local and hybrid
variants have been proposed. For example, the Taurus framework [43]
further combines stress and spring-electrical models to support multi-
perspective graph visualization. Despite these improvements, stress
models often produce dense “hairball” layouts, making community
structures difficult to identify. The most recent advance, Omega [31],
addresses the “hairball” problem by introducing a stress model based
on low-rank resistance distances derived from the graph Laplacian,
achieving O(|E|) complexity; however, it incurs extra preprocessing
time and relies on auxiliary data structures, which SNAP-tFDP avoids.

Dimensionality reduction-based techniques formulate graph lay-
out as a low-dimensional embedding problem, typically seeking to
preserve graph-theoretic distances or neighborhood similarities, while
recent studies have explored the reverse direction by adapting graph
drawing methods to Dimensionality Reduction (DR) [18,33,35]. Repre-
sentative examples include tsNET [23] and DRGraph [49], which adopt
the force models of t-SNE [39] and UMAP [27], respectively. Böhm et
al. [3] further showed that t-SNE, UMAP, FA2, and Laplacian Eigen-
maps (LE) can be expressed within a common attraction-repulsion
framework. Rather than adapting existing DR force models or unifying



existing methods, this paper identifies the implicit degree weighting
induced by negative sampling and shows that it naturally complements
t-distributed forces, leading to improved cluster visibility.

2.2 Approximation Techniques for Graph Layout
The primary challenge of traditional FDP algorithms is their compu-
tational cost. In a standard FDP iteration, computing exact repulsive
forces between all pairs of nodes requires O(|V |2) time, which be-
comes a severe bottleneck as the graph size grows. To improve scala-
bility for large networks, various approximation techniques have been
developed to reduce the cost of computing repulsive forces.

Multi-level Techniques address this computational bottleneck by
approximating the influence of distant nodes through hierarchical aggre-
gation. The Barnes-Hut (BH) method [1] organizes nodes into a spatial
tree structure (e.g., quadtree or octree) and approximates the repulsive
force from a distant group of nodes using their center of mass, reducing
the complexity to O(|V | log |V |). Graph coarsening techniques pro-
vide another form of multi-level acceleration. Walshaw [41] constructs
a hierarchy of progressively coarsened graphs using edge contraction,
enabling faster layout computation while preserving global topology.
Building on this idea, Hu [19] proposed the SFDP algorithm, which
combines multi-level graph coarsening with the Barnes-Hut approxima-
tion to efficiently generate layouts for large graphs. Although effective,
these methods require maintaining spatial trees or graph hierarchies,
leading to additional preprocessing and memory costs. Consequently,
achieving scalable and responsive performance for graphs with millions
of nodes and edges remains challenging.

Sampling-based Approximations provide an alternative strategy to
improve scalability by either reducing the graph size or approximating
the force computations directly. Traditional graph sampling approaches
extract a proxy graph by removing a portion of the edges based on
specific metrics, such as spectral characteristics [2] or connectivity [48].
However, modifying the original topology can remove subtle but im-
portant connections, leading to incomplete visual representations. To
maintain the full topology, recent methods integrate sampling directly
into the force computation. For example, the Random Vertex Sampling
(RVS) algorithm [17] updates node positions using repulsive forces
calculated from a small, randomly selected subset of nodes, achieving
O(|V |) time complexity. Random Edge Sampling (RES) [16] simi-
larly reduces attractive force computations. Although these random
sampling methods are faster than multi-level techniques, the resulting
layouts often suffer from degraded visual quality.

Contrastive Learning and Negative Sampling provide a differ-
ent optimization paradigm that aligns well with force-directed layouts.
Contrastive learning methods learn representations by pulling similar
(positive) pairs closer and pushing dissimilar (negative) pairs apart in
an embedding space [7]. Objectives such as the InfoNCE loss [32] are
typically optimized using SGD with negative sampling, which avoids
the cost of evaluating all possible pairs. This idea has also been adopted
in dimensionality reduction techniques such as UMAP [27], which im-
plicitly optimize contrastive objectives to preserve local neighborhood
structures. For graph layout, DRGraph [49] employs negative sampling
to estimate gradients of its objective function, combined with a sparse
distance matrix and a multi-level scheme to reduce the computational
complexity to O(|V |+ |E|).

Building on this idea, we reformulate the FDP layout process as a
contrastive learning problem. By introducing an edge-centric negative
sampling strategy, our method naturally incorporates normalized degree
weighting without requiring auxiliary multi-level data structures. As a
result, the proposed algorithm achieves O(|E|) time complexity while
maintaining stable community structures with low memory overhead,
making it suitable for large-scale graph visualization.

2.3 Parallelization Strategies for Graph Layout
Another important approach for scaling graph layout algorithms is
parallelization. In graph embedding, Force2Vec [35] reformulates
force-directed computations as sparse matrix operations and exploits
thread-level and SIMD parallelism, achieving substantial speedups over
random-walk-based methods. However, it targets high-dimensional

Table 1: Force formulations in different spring-electrical models. yi

denotes the two-dimensional position of vertex i in the layout space, and
eij =

yi−yj

∥yi−yj∥
is the unit vector indicating the force direction.

Method Attractive Force Repulsive Force

FR [15] ||yi − yj ||2eij
−1

||yi−yj ||
eij

LinLog [29] 1 ∗ eij
−di·dj

||yi−yj ||
eij

FA2 [21] ||yi − yj ||eij
−(di+1)·(dj+1)

||yi−yj ||
eij

t-FDP [47] α(||yi − yj ||+ β||yi−yj ||
(1+||yi−yj ||2)

)eij − ||yi−yj ||
(1+||yi−yj ||2)γ

eij

embeddings rather than 2D layouts. Rahman et al. [34] proposed Batch-
Layout, which processes vertices in minibatches and improves memory
locality through cache blocking. Its Barnes-Hut variant achieves near-
linear speedups on multicore CPUs but still relies on tree-based force
approximations. DRGraph [49] combines multithreading with negative
sampling and multilevel coarsening. However, its coarse-to-fine refine-
ment process introduces dependencies that limit parallel scalability and
complicate GPU implementation. In contrast, SNAP-tFDP employs
a lock-free, bundle-based parallelization scheme inspired by HOG-
WILD! [36], avoiding auxiliary data structures and synchronization
overhead. This design enables efficient execution on both multicore
CPUs and GPUs while maintaining a low memory footprint.

3 METHOD

To improve cluster separability and computational efficiency in large-
scale undirected graph layout, our proposed SNAP-tFDP algorithm
adopts a memory-efficient negative sampling scheme that implicitly
induces degree-based weighting. In combination with t-distribution-
based forces, this formulation mitigates cluster overlap and more faith-
fully preserves group-level proximity. This section first revisits spring-
electrical models and degree-weighting strategies, then examines their
behavior under t-forces, subsequently introduces an edge-centric neg-
ative sampling formulation with a consistent optimization loss, and
concludes with a lock-free parallel implementation of SNAP-tFDP.

3.1 Revisiting Existing Spring-Electrical Models
Given an undirected graph G = (V,E), where V = {1, . . . , n} de-
notes the set of vertices and E ⊆ V × V denotes the set of edges, and
di denotes the degree of vertex i, graph layout refers to assigning each
vertex i ∈ V a two-dimensional position Y = {y1, . . . ,yn} ∈ Rn×2.

Due to their intuitive physical analogy and effective visual outcomes,
spring-electrical models are widely used for graph layout. They model
layout as a physical system governed by two principles: adjacent ver-
tices are drawn together, while all vertices repel to prevent overlap. The
net force on vertex i, denoted as F (i), is the sum of attractive forces
F a(i, j) and repulsive forces F r(i, j):

F (i) =
∑

(i,j)∈E

F a(i, j) + k
∑
j ̸=i

F r(i, j), (1)

where k is a coefficient for controlling the relative strength of repulsive
forces. Table 1 summarizes representative force formulations.

Force-directed layouts are usually based on the principle of potential
energy minimization. The entire system corresponds to an energy
function U(Y), and the force acting on a vertex can be expressed as
the negative gradient of this energy function with respect to the vertex
position [45]:

F (yi) = −∇yiU(Y). (2)
The layout is obtained via iterative energy minimization until equilib-
rium, where the relative vertex positions encode the graph’s structural
properties for analysis.
Classical Models. Because of their simple form and intuitive physical
interpretation, most early spring-electrical models define attractive and
repulsive forces using power functions:

F a(i, j) = ∥yi − yj∥p, F r(i, j) = −∥yi − yj∥−q. (3)
In this formulation, a larger exponent p results in stronger attraction at
long distances, while a larger exponent q leads to faster decay of the



Fig. 2: Comparison of classical spring-electrical models and t-FDP models with different weighting schemes.

repulsive force at long distances.
The Fruchterman-Reingold (FR) model [15] with p = 2, q = 1

yields near-uniform edge lengths but weak community discrimina-
tion, often producing a “hairball” layout (see Figure 2). The LinLog
model [29] adopts p = 0, q = 1 and degree-based weighting for re-
pulsion di · dj , attracting low-degree vertices to high-degree centers
and scaling inter-cluster repulsion by the connection strength between
communities, which improves cluster separation. However, the product-
based repulsion induces excessive intra-cluster expansion and reduces
layout compactness.

Forceatlas2 (FA2) [21] adopts p = 1, q = 1 and replaces the re-
pulsive weight with (di + 1) · (dj + 1), yielding layouts intermediate
between the above two extremes: improved cluster separation with
stronger attraction to limit dispersion. Nevertheless, it exhibits cluster
overlap similar to FR (e.g., the red cluster in Figure 2c), reflecting
limitations of power-law force formulations.
t-FDP Model. Despite their widespread use, power-function force
models exhibit unbounded short-range repulsion, causing instability
and potential cluster distortion. To address this issue, tsNET [23]
and DRGraph [49] adopt t-distribution-based force models, while t-
FDP [47] further formalizes the resulting t-force (see Table 1) and
analyzes its properties within the spring-electrical framework. The t-
force decouples short- and long-range interactions: it remains bounded
and strengthens attraction while limiting excessive repulsion at short
ranges, and preserves near-linear attraction with weak repulsion at long
ranges. Consequently, it maintains global structures while improving
local adjacency, yielding more distinct, less overlapping clusters.

Figure 2d shows the layout produced by t-FDP using the parameter
settings recommended by the authors, α = 0.1, β = 8, and γ = 2
(see Table 1). Compared to the FR model, which also lacks degree
weighting, inter-class separation is more apparent (e.g., light blue, yel-
low, red classes). However, without explicit degree weighting, clusters
remain loose and inter-cluster distances insufficient, leading to ambigu-
ous inter-class topology and hindering tasks such as group adjacency
analysis [38]. For example, it is unclear whether the upper-left light
blue class is more strongly connected to the yellow or the pink class.

3.2 Degree-Weighted t-FDP Model
As degree-based weighting pulls low-degree nodes toward connected
high-degree nodes and pushes apart unconnected high-degree nodes,
it complements the clustering properties of the t-force model. We

ωij 1 (di+1)(dj+1) (di+1)(dj+1)/|V|2 (di+dj)/2|V|
Frt-FDP

force
F

0.8 0
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(a) di = 25, dj = 25, |V| = 100 

2 4 6 8 2 4 6 8
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4
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10

10 6 8 10

Fig. 3: Comparison of different degree-weighting schemes for (a) two
high-degree nodes and (b) a high-degree node and a low-degree node.
The attractive force Fa

t-FDP is identical in all cases and is shown as
a black solid line. Product-based weighting (orange) produces overly
strong relative repulsion and its normalized variant (purple) nearly elimi-
nates repulsion for low-degree nodes, while linearly normalized degree
weighting (red) provides effective balance.

therefore combine them into a unified degree-weighted t-FDP model:

F (i) =
∑

(i,j)∈E

F a
t-FDP (i, j) + k

∑
j ̸=i

ωijF
r
t-FDP (i, j), (4)

where ωij denotes a degree-dependent weighting factor applied to the
repulsive force. A straightforward choice is the validated weighting
scheme, ωij = (di+1)(dj +1), used in FA2 [21]. However, as shown
in Figure 2e, combining it with the t-force does not improve clustering;
it over-expands clusters, blurring inter-class boundaries and adjacency.

This limitation stems from an imbalance in short-range forces. As
shown in Figure 3, the unweighted t-FDP model (green solid line)
has a very small equilibrium distance: below it, repulsion dominates
and prevents overlap, whereas at group level, the same repulsion in-
duces cluster expansion and looseness. Applying the product weighting
(di + 1)(dj + 1) not only fails to alleviate this issue but amplifies it
by greatly increasing the equilibrium distance. As shown by the solid
orange curve, the inflated weight causes repulsion to dominate over
a wider range, shifting the equilibrium point outward. Consequently,
even adjacent nodes are overly separated, leading to problematic cluster
expansion. This effect also affects low-degree pairs, where the weight-
ing unnecessarily enlarges equilibrium distances, opposing the goal of



pulling highly connected nodes to form compact clusters.
To mitigate the force imbalance and cluster expansion caused by

excessively large weight coefficients, we could introduce a normaliza-
tion factor that constrains the magnitude of the repulsive force. Since
the scale of di · dj is comparable to |V |2, a mathematically appealing
modified weight would use this as a normalization constant:

ωij =
(di + 1)(dj + 1)

|V |2 .

As shown by the purple curve in Figure 3, this normalization suppresses
repulsive growth, allowing attraction to dominate at both short and long
ranges; for connected pairs, the equilibrium distance approaches zero,
yielding tighter clusters. However, the quadratic normalization over-
attenuates repulsion: for typical low-degree nodes, the normalized
repulsive force becomes negligible across distances (purple dashed
line in Figure 3b). Consequently, even unconnected nodes are drawn
together via indirect interactions, causing clusters to collapse into dense
singularities that obscure topology and internal structure.

Therefore, we adopt a linearly normalized degree weight to balance
cluster compactness and structural readability:

ωij =
(di + dj)

2|V | . (5)

The red curve in Figure 3 shows that linear normalization maintains
strong contraction, with the equilibrium near zero, pulling connected
nodes together tightly to form compact clusters. Unlike quadratic
normalization, it preserves a weak but non-zero repulsion (red dashed
line), preventing cluster collapse into singularities and retaining internal
structure. Relative to the unweighted t-FDP model, it also suppresses
excessive repulsion at group level, allowing attraction from sparse
inter-cluster edges to dominate; inter-cluster distances thus reflect con-
nectivity, yielding clearer separation and more faithful group adjacency.

Figure 2f illustrates the layout with linearly normalized degree
weights. It retains the low-overlap clustering of t-FDP while improving
inter-community separation. Compared to Figure 2d and Figure 2e,
previously loose clusters (e.g., the red class) become more compact,
yielding sharper boundaries. Relative cluster positions align with the
underlying topological connectivity: the light blue class lies closer
to the pink than to the yellow class, consistent with 236 versus 132
inter-class edges. This indicates that linear normalization effectively
maps inter-community connectivity to spatial proximity, producing lay-
outs that better reflect group-level structure. Due to space limitations,
we defer the additional ablation study and discussion of alternative
degree-normalization schemes to the supplemental material.

3.3 Edge-Centric Negative Sampling
As indicated by Equation 1, spring-electrical models have per-epoch
time complexity O(|V |2) due to the computation of repulsive forces
between all vertex pairs. Acceleration methods such as BH [1] and
RVS [17] approximate these forces via auxiliary structures; while
reducing cost, they incur additional memory overhead and can degrade
layout quality.

Inspired by UMAP [9], we introduce linear degree weighting (Equa-
tion 5) via an edge-centric negative sampling scheme: iterate over edges
for attraction and draw k uniform negatives per edge for repulsion. For
expectation analysis, let Xij indicate whether (i, j) ∈ E, and let the
random variable Yij,s count how often node s is sampled as a negative
when drawing k negative samples for (i, j). Over one epoch, the total
force on node i decomposes into attractive and repulsive terms:

F a
SNAP (i) =

|V |∑
j=1

(
XijF

a(i, j) +XjiF
a(j, i)

)
,

F r
SNAP (i) =

|V |∑
j=1

(
Xij

|V |∑
s=1

Yij,sF
r(i, s) +

|V |∑
p=1

XjpYjp,iF
r(j, i)

)
,

where F a and F r denote the forces in t-FDP. The edge-centric traver-
sal leaves the sum of attractive forces unchanged. For repulsion, we
consider E[F r

SNAP (i)]. Since each edge draws k negatives uniformly
from the remaining |V | − 1 nodes, E[Yij,s] =

k
|V |−1

for any s ̸= i.

Algorithm 1 Edge-Centric Negative Sampling Graph Layout

Input: Edge list E, initial positions Y, number of epochs T , number
of negative samples k, learning rate η

Output: Final node positions Y
1: Randomly shuffle edge list E
2: for t = 1 to T do
3: for edge (i, j) in E do
4: yi = yi + ηF a

t-FDP (i, j)
5: yj = yj − ηF a

t-FDP (i, j)
6: for j = 1 to k do
7: Sample ys ∼ Uniform(Y \ {yi})
8: yi = yi + ηF r

t-FDP (i, s)
9: ys = ys − ηF r

t-FDP (i, s)
10: end for
11: end for
12: Update η
13: end for
By linearity of expectation, the expected repulsive force on node i
decomposes into two terms, reflecting its roles during edge traversal:

1. The first term represents the repulsion node i experiences from
negative samples s when processing its own outgoing edges (i, j).
Taking the expected value allows us to substitute Yij,s with k

|V |−1
.

Rearranging summation isolates
∑|V |

j=1 Xij , which is exactly the
degree di of node i, yielding

∑
s̸=i di

k
|V |−1

F r(i, s).
2. The second term represents the repulsion node i experiences when

it is selected as a negative sample during the processing of another
node j’s outgoing edge (j, p). Again taking the expectation allows
us to substitute Yjp,i with k

|V |−1
. Rearranging the summation to

isolate
∑|V |

p=1 Xjp gives the degree dj of the source node j. This
yields an expected contribution of

∑
j ̸=i dj

k
|V |−1

F r(j, i).
To combine the two terms, we relabel the summation index s to

j and use the symmetry of the repulsive force (F r(i, j) = F r(j, i)).
This results in the following expected total repulsive force on node i in
one full epoch:

E[F r
SNAP (i)] =

k

|V | − 1

∑
j ̸=i

(di + dj)F
r(i, j).

Combining it with the attractive force term and accounting for the dou-
ble counting of undirected edges, the expected resultant force becomes

E[FSNAP (i)] = 2
( ∑
(i,j)∈E

F a(i, j) + k
∑
j ̸=i

di + dj
2(|V | − 1)

F r(i, j)
)
.

(6)
The objective implicitly optimized by SNAP-tFDP is therefore equiv-
alent to Equation 4. For large graphs where |V | ≫ 1, the coeffi-
cient di+dj

2(|V |−1)
closely matches the designed linear normalized weight

from Equation 5. Thus, the proposed algorithm is an accurate approxi-
mation of the global degree-weighted objective.

Algorithm 1 outlines an implementation of our method. It requires
only two data structures: the edge list and the current node positions.
To ensure symmetry with node-centric models and satisfy the derivation
above, each undirected edge is duplicated as two directed ones, (i, j)
and (j, i), allowing for consistent force application at both endpoints.
Learning rate η follows standard practice, controlling update magnitude
and decaying over epochs. Despite its simplicity, SNAP-tFDP com-
bines implicit weighting via negative sampling with stochastic gradient
descent (SGD)-based optimization. Unlike traditional FDP methods
that accumulate forces before updating, it applies immediate updates:
for each directed edge, it computes attraction and updates both end-
points; for each negative sample, it computes repulsion and updates the
source and sampled node. This avoids storing a resultant force array
and introduces stochastic noise that aids escape from local minima and
accelerates convergence [46].

To validate our theoretical derivation and implementation, we an-
alyze the dataset used in Figure 2 by comparing actual and effective
energy during optimization. The actual energy is accumulated from



(a) (b)
Fig. 4: Validation of the edge-centric negative sampling strategy. (a)
Energy loss curves showing that the actual energy of SNAP-tFDP con-
verges consistently with the effective energy. (b) Superimposition of
layouts by SNAP-tFDP (colored) and the full computation (gray).

the negative sample pairs drawn in each epoch, whereas the effective
energy is computed from the degree-weighted objective in Equation 4
using the global node positions after each epoch (our ground truth). As
shown in Figure 4a, minor discrepancies appear in early epochs, but the
two curves quickly converge. This confirms that the stochastic gradient
estimation of SNAP-tFDP is asymptotically unbiased. To assess struc-
tural fidelity, we further compare the final SNAP-tFDP layout with the
ground truth layout produced by full O(|V |2) computation. As shown
in Figure 4b, while some peripheral low-degree nodes exhibit small
deviations due to weaker constraints, the core cluster structures and
group adjacency relations are well preserved. In particular, the light
blue cluster is positioned closer to the pink cluster than to the yellow
cluster, accurately reflecting their relative inter-cluster adjacency.
Complexity Analysis. SNAP-tFDP processes the edge list once per
epoch. For each edge, it computes one attractive force in constant time
and performs k negative sampling steps, each involving a constant-
time repulsive force computation. Therefore, the time complexity
per epoch is O(|E|(1 + k)), which reduces to O(|E|) since k is a
small constant (typically k ≪ |V |). In terms of space complexity,
SNAP-tFDP stores only the edge list (with 2|E| directed edges for
an undirected graph) and the node position matrix (2|V | values for
two-dimensional coordinates). The total space complexity is thus
O(|V |+ |E|), which supports scalability to large graphs.

3.4 Lock-Free Parallelization
To efficiently process extremely large graphs, parallelization that fully
exploits hardware resources is necessary. However, edges processed
simultaneously by different threads may share endpoints. Concur-
rent updates to the same node position can therefore cause overwrites
and conflicts, which may affect layout quality. Although lock-based
synchronization [50] can prevent such conflicts, it introduces substan-
tial overhead and may reduce the benefit of parallel execution. The
HOGWILD! model proposed by Recht et al. [36] shows that lock-free
parallel updates are effective when gradient updates are sparse, mean-
ing that each update modifies only a small subset of parameters. In
this section, we will first demonstrate that the SNAP-tFDP algorithm
satisfies this sparsity condition. Building on this, we further design
a parallel scheme based on computational bundles, aiming to reduce
access conflicts without locks.

Following [36], sparsity is characterized by three statistics: the
maximum number of variables involved in a single update (Ω), the
maximum frequency with which a variable is accessed (∆), and the
maximum probability that two updates access the same variable (ρ). In
Algorithm 1, the node positions Y define the optimization variables,
and each inner-loop epoch—corresponding to the processing of a sin-
gle edge (i, j) together with its k negative samples—constitutes one
stochastic gradient update. Because the number of negative samples k
is a small constant, each update modifies at most k + 2 nodes, giving
Ω = k + 2 ≪ |V |, indicating strong sparsity in the parameter updates.

To estimate ∆ and ρ, consider one epoch that processes all |E| edges.
Accesses to a node v arise from two cases: topological interactions
and negative sampling. As an endpoint of edges, v participates in
dv inner-loop epochs. In addition, it may be selected as a negative
sample; the expected number of such selections is k|E|

|V |−1
. Let dmax

denote the maximum degree in the graph. The proportion of updates
involving the most frequently accessed node (∆) and the upper bound
on the probability of conflicts between two such nodes (ρ) can be
approximated as

∆ ≈
dmax + k|E|

|V |−1

|E| =
dmax

|E| +
k

|V | − 1
,

ρ ≤ (k + 2)∆ = (k + 2)

(
dmax

|E| +
k

|V | − 1

)
.

In both expressions, the negative sampling term k
|V |−1

approaches zero
as |V | increases and has little impact on sparsity. The topological
interaction term dmax

|E| has the same order as the case analyzed in [36]
for graph-cut problems, where ∆ is the maximum degree divided by
|E| and ρ is at most 2∆. Therefore, the update process satisfies the
conditions of a sparse optimization problem.

In our implementation, we designed an improved parallel compu-
tation scheme to mitigate conflicts caused by a small number of very
high-degree nodes in graphs with skewed degree distributions, such as
scale-free networks [30]. Instead of processing edges independently,
after an initial random shuffle, the algorithm groups all node pairs (i, j)
sharing the same source node i into a computational bundle and assign
the entire bundle to a single thread. This design assigns all updates of
source node i handled by the same thread, matching the algorithm’s
asymmetric pattern: each stochastic step updates the source (k + 1)
times, whereas destination and negative nodes are updated only once.
Avoiding contention on these hot source nodes is thus critical, and
bundling improves cache locality. Combined with sparsity, this scheme
yields strong multi-threaded speedup with stable convergence. An em-
pirical comparison of conflict rates of the original HOGWILD! scheme
and our bundle-based scheme is provided in the supplemental material.

4 EVALUATION

In this section, we evaluate the effectiveness and efficiency of SNAP-
tFDP. Our implementation in C++ is warped into an open-source li-
brary1. All experiments are conducted on a high-performance work-
station equipped with an AMD Ryzen Threadripper 3990X processor
with 64 physical cores, 220 GB main memory, and NVIDIA GeForce
RTX 3090 GPU (24 GB GPU memory) running Ubuntu 20.04 LTS.

4.1 Experiment Setup
Datasets. To provide a comprehensive evaluation, we collected 12
large-scale graphs with diverse data distributions and sizes, contain-
ing up to 4 M nodes and 117 M edges. These datasets were obtained
from the Florida Sparse Matrix Collection [10], the SNAP network
collection [25], and the benchmark sets used by tsNET [23] and DR-
Graph [49]. They span a wide range of graph properties, including
varying average degrees, different numbers of node labels, and diverse
application domains. As a result, the evaluation examines both run-
time and visual quality across balanced graphs, graphs with skewed
label distributions, and high-density networks. For SNAP community
datasets (com-*) with too many labels, all nodes were used for perform-
ing layout algorithms, while only the top 5,000 communities by label
quality were retained for visual quality metrics, following [44].
Methods. We compare SNAP-tFDP with eleven existing graph layout
algorithms: two stress-based methods (PMDS [5] and Omega [31]), six
spring-electrical methods (FR [15], SFDP [19], LinLog [29], FA2 [21],
BatchLayout [34], and t-FDP [47]), and three dimensionality reduction-
based methods (tsNET [23], DRGraph [49], and Force2Vec [35]). The
implementations of PMDS, FR, and SFDP are obtained from OGDF [8]
and GraphViz [13], whereas all other methods use the implementations
provided by their respective authors. tsNET is accelerated using a GPU-
based implementation [6], while t-FDP and BatchLayout are acceler-
ated by the interpolation-based Fast Fourier Transform (ibFFT) [26]
and the BH approximation, respectively. We also include the GPU
implementation of FA2 from cuGraph [14].

1https://github.com/AnonymousUser202604/SNAP-tFDP



Table 2: Test datasets
Name |V | |E| |E|/|V | Labels

APH 7,487 119,043 15.90 8
aircraft 7,517 20,267 2.70 5
co_author 8,319 32,655 3.93 8
socfb-Yale4 8,561 405,440 47.36 36
ACO 13,381 245,778 18.37 10
socfb-UF21 35,111 1,465,654 41.74 34
soc-Flickr-ASU 80,513 5,899,882 73.28 195
com-dblp 317,080 1,049,866 3.31 13,477
com-amazon 334,863 925,872 2.76 75,149
com-youtube 1,134,890 2,987,624 2.63 8,385
com-orkut 3,072,441 117,185,083 38.14 6,288,363
com-lj 3,997,962 34,681,189 8.67 287,512

For fair comparison, we use the same PMDS layout as initializa-
tion for all methods except SFDP and DRGraph, which are initialized
by a multi-level scheme. Each method is executed with the default
parameters specified in the corresponding paper or implementation.
Unless otherwise specified, the parallel version of all methods utilizes
16 threads. Since SFDP, DRGraph, and SNAP-tFDP involve stochastic
operations, each experiment is repeated 5 times, and the reported results
correspond to the average performance over these runs for each graph.
Metrics. As SNAP-tFDP aims to improve cluster visibility and intra-
cluster neighborhood structures in large-scale graphs, we adopt three
complementary cluster-level metrics. Metrics such as stress and edge
crossings are not considered because they primarily evaluate distance
preservation or edge readability rather than our target objectives.

• Neighborhood Preservation [40] (NP) measures how well
the layout preserves local neighborhood structure: NP =
1

|V |
∑|V |

i=1
|NG(i,r)∩NL(yi,ki)|
|NG(i,r)∪NL(yi,ki)|

, where NG(i, r) denotes the set of
r-ring neighbors of node i in the input graph G, ki = |NG(i, r)|,
and NL(yi, ki) denotes the set of ki-nearest neighbors of yi

in the layout space. In our experiments, we set r = 2 to cap-
ture neighborhood structure at the cluster level, following DR-
Graph [49].

• Silhouette Index [37] (SI) measures the compactness and sepa-
ration of clustering structures: SI = 1

|V |
∑|V |

i=1
b(i)−a(i)

max{a(i),b(i)} ,
where a(i) is the average distance from node i to other nodes in
the same cluster, and b(i) is the average distance from node i to
nodes in the nearest neighboring cluster.

• Clustering Quality [28] (CQ) evaluates how well node po-
sitions align with the ground-truth clustering: CQ =
ARI(L,KMeans(Y)), where L denotes the ground-truth labels,
Y represents the node positions in the layout, and ARI is the
Adjusted Rand Index [20].

For all the above metrics, higher values indicate better layout quality.
In addition to the visual quality metrics, we also measure the runtime
and peak memory usage to evaluate computational performance.

4.2 Selection of Parameters
To improve reproducibility and reduce parameter tuning, SNAP-tFDP
inherits the t-FDP parameters (α, β, and γ) recommended in [47].
Consequently, only two parameters require selection: k and T .
The number of negative samples k. This parameter controls both the
computational cost of repulsive forces and their relative strength. A
small k leads to lower runtime but may cause excessive contraction,
distorting intra-cluster structures. Increasing k helps to reveal intra-
cluster details; however, this improvement quickly saturates while the
runtime increases proportionally. As shown in Figure 5a, the green
cluster in the lower-left corner is overly contracted at k = 1, but
becomes clearly separated at k = 3, with only marginal changes for
larger k. Figure 5b reports the three quality metrics, with individual
dataset scores shown in gray and their mean values shown in red. These
metrics may increase or decrease with k, but overall show limited
variation. Based on the observed trade-off between visual quality and
runtime, k = 3 is selected as the default setting for all experiments.
The number of epochs T . Parameter T has a strong impact on layout
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Fig. 5: Effect of the number of negative samples k. (a) Layout results and
corresponding runtime of the serial SNAP-tFDP algorithm for different
k on the APH dataset. (b) NP, SI, and CQ scores under varying k.
Results for individual datasets are shown in gray, with the average across
datasets highlighted in red.

(a)
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Fig. 6: (a) Convergence of the silhouette index (SI) for the serial SNAP-
tFDP algorithm and its two lock-free parallel variants on the largest
com-lj graph, where semi-transparent points indicate the results of five
independent runs. (b) Layouts at four different epochs; for clarity, only
the top 20 largest communities are shown.

quality at small values, but the improvement saturates around T =
50, as shown in Figure 6a. This trend is also confirmed visually in
Figure 6b, where structural changes become very small after epoch
50. In addition, the serial SNAP-tFDP algorithm and its two lock-
free parallel variants share similar trajectories, and the differences
are smaller than the variability introduced by negative sampling. The
complete results for all metrics and graph scales (small, medium, and
large) are provided in the supplemental material. Considering the
diminishing marginal returns, we set T = 50 as the default.

4.3 Visual Quality
The heatmap in Figure 7 presents the NP, SI, and CQ scores of layouts
generated by eleven baselines and the serial SNAP-tFDP. The full
results, including parallel variants, are provided in the supplemental
material. As the absolute values of these metrics are strongly influenced
by dataset characteristics, the last row reports the mean performance
computed only over methods that successfully produce layouts for all
datasets. Under this setting, SNAP-tFDP achieves the best performance
across all three metrics.
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Fig. 7: Heatmaps employing a pink-to-green colormap illustrate the scores of NP (a), SI (b), and CQ (c) for layouts generated by nine methods
across all datasets. Empty cells indicate that the graph was too large to be processed by the corresponding method. Each row corresponds to a
dataset, and each column to a layout method. Colors are scaled row-wise based on the best and worst within each dataset.

FR (36.51 s) PMDS (0.10 s) SFDP (2.60 s) FA2 (61.30 s)

Linlog (36.01 s) t-FDP (2.12 s) tsNET (170.47 s) DRGraph (1.09 s)

Force2Vec (1.37 s) BatchLayout (1.54 s) Omega (0.81 s) SNAP-tFDP (0.09 s)

Fig. 8: Layouts and corresponding runtimes of twelve serial methods for
the aircraft dataset. SNAP-tFDP (lower right) combines degree weighting
with t-forces, yielding clear cluster structures with the lowest runtime, as
fast as pure Pivot MDS.

In terms of NP, SNAP-tFDP achieves five first-place and three
second-place rankings across the 12 datasets. Omega exhibits the
lowest average score and ranks last on eleven datasets, as its low-rank
resistance distance embedding discards necessary high-frequency com-
ponents to differentiate densely connected local clusters. PMDS also
underperforms representative methods from other categories, such as
SFDP and DRGraph, although it performs relatively well on datasets
where many nodes share similar topological relationships (e.g., air-
craft). Among spring-electrical methods, BatchLayout performs the
worst due to the BH approximation, consistent with the results reported
in the original paper. The degree-weighted LinLog and FA2 achieve
only moderate performance. FR and SFDP perform well on datasets
with fewer than 100,000 nodes; however, FR cannot scale to larger
datasets, while SFDP degrades substantially, indicating that power-
function-based forces are less effective at preserving neighborhood
structures. Overall, t-FDP outperforms other spring-electrical methods
and ranks second in average performance, but falls behind SNAP-tFDP
on 11 datasets. We believe this is due to the better contraction of clus-
ters in SNAP-tFDP. Among dimensionality reduction-based methods,
Force2Vec performs the worst, as it is designed for high-dimensional
embedding rather than 2D graph layout. For the datasets on which
tsNET can be applied, its average score is lower than that of SNAP-
tFDP, while DRGraph is inferior to SNAP-tFDP on 9 of the 12 datasets.

Regarding SI and CQ, Omega and PMDS again rank among the
worst-performing methods, suggesting stress-based methods are less ef-
fective at producing well-separated clusters. BatchLayout also performs
poorly, followed by Force2Vec, for reasons similar to those discussed
for NP. t-FDP and tsNET achieve better results but still lag behind the
top-performing methods, as they tend to produce relatively loose clus-
ters with less distinct boundaries (see Figure 8). FR and SFDP obtain
moderate scores but are consistently inferior to the degree-weighted
FA2 and LinLog, indicating that strong attractive forces reduce inter-
cluster distances and make cluster separation difficult. DRGraph and
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Fig. 9: (a) Differences in visual quality scores between the two parallel
variants and the serial SNAP-tFDP across all datasets. (b) Speedup
comparison of SNAP-tFDP and the parallel implementations of existing
methods as a function of the number of CPU threads on the largest
com-lj dataset.

SNAP-tFDP achieve the best performance, as both adopt negative
sampling, which can be interpreted as normalized degree-weighted
repulsion (Section 3.3), leading to more compact clusters and clearer
grouping. In particular, on the CQ metric, the ordering DRGraph <
LinLog < SNAP-tFDP indicates that SNAP-tFDP combines the clus-
ter separation effect of degree weighting with the overlap reduction
provided by t-force.

Figure 8 shows visual results of applying these methods to the air-
craft dataset. Although Linlog and PMDS achieve higher scores in
the NP and SI metrics, SNAP-tFDP exhibits clearer visual features.
Nodes with low degrees are pushed to the periphery, forming loose
clusters, while high-degree nodes clearly form cohesive small clusters
and further establish a clear two-layer pentagonal inter-cluster connec-
tion structure. More visualizations of the corresponding layouts are
provided in the supplemental material.

Furthermore, both parallel variants (CPU and GPU) show strong
consistency with the serial SNAP-tFDP, as summarized in Figure 9a.
The variations of NP and SI lie within [-5%, 5%], while most CQ
values also fall within this range, with some cases even improving the
median CQ. This shows that for large graphs, the proposed lock-free
parallelization yields high-quality layouts similar to the serial solution.

4.4 Performance

Runtime. Figure 10 illustrates how runtime scales with the number
of edges. For clarity, we show only the methods applicable to all
datasets; omitted methods are substantially slower than our method.
The complete results are available in the supplemental material. Among
single-threaded CPU implementations, the serial SNAP-tFDP shows
near-linear scaling and is the fastest among the eight methods, as indi-
cated by the least-squares fitted line. PMDS is the second fastest, but is
on average 150% slower than SNAP-tFDP across datasets, measured
as the mean relative slowdown. For datasets with a very high |E|/|V |
ratio (e.g., com-orkut, the dataset with the highest number of edges),
the ibFFT implementation of t-FDP gains a slight advantage due to
its O(|V |) time complexity, whereas SNAP-tFDP scales as O(|E|).
Nevertheless, t-FDP remains about 500% slower on average. Although
Omega has the same O(|E|) complexity as SNAP-tFDP, it is 1449%
slower in practice. Force2Vec, DRGraph, SFDP, and BatchLayout are
even slower, with average slowdowns of 841%, 911%, 2300%, and
3292%, respectively. For GPU implementations, SNAP-tFDP reduces
the average slowdown by 39% relative to FA2 and by 366% relative to
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Fig. 10: Runtime of eight layout methods, together with the GPU imple-
mentations of FA2, t-FDP, and SNAP-tFDP, across all datasets.

Table 3: Comparison of memory consumption (MB). The last three
columns report GPU memory. The final row shows the mean relative
reduction (MRR), computed as the average of per-dataset ratios (x −
xSNAP-tFDP)/x.
Dataset PMDS Omega SFDP BatchLayout DRGraph Force2Vec t-FDP Ours FA2-GPU t-FDP-GPU Ours

APH 60 139 109 17 21 13 702 7 404 421 261
aircraft 20 68 48 11 13 7 695 5 398 421 261
co_author 25 80 55 11 15 8 747 6 398 445 261
socfb-Yale4 203 293 304 44 60 30 719 11 422 425 269
ACO 120 217 206 30 40 21 716 9 410 423 265
socfb-UF21 751 931 1,070 127 217 96 780 28 482 553 285
soc-Flickr-ASU 2,990 3,477 4,140 549 858 359 1,029 97 966 705 353
com-dblp 723 2,164 1,469 149 335 77 1,050 31 488 1,985 281
com-amazon 701 2,125 1,439 145 322 70 1,139 30 474 1,983 279
com-youtube 2,333 7,674 4,914 436 1,134 201 1,561 89 932 4,015 315
com-orkut 55,630 74,991 85,047 11,245 18,393 7,197 10,146 1,898 11,762 9,451 2,073
com-lj 20,358 30,737 33,267 4,119 7,391 2,175 5,487 671 5,500 8,905 821

MRR (vs. Ours) 91.58% 96.45% 97.82% 72.14% 81.19% 72.31% 94.94% – 49.78% 60.23% –

t-FDP. Due to additional preprocessing overhead, SNAP-tFDP-GPU
is slower than the serial SNAP-tFDP on datasets with fewer than 100k
edges; however, its runtime remains below 300 ms in these cases.

Figure 9b plots speedup versus thread count for CPU-parallel meth-
ods. Owing to its simple parallel design, SNAP-tFDP achieves the high-
est speedup among all methods. While BatchLayout scales near-linearly
up to 16 threads, SNAP-tFDP achieves higher speedups throughout the
entire range, reaching 16.0× at 64 threads versus 14.9× for BatchLay-
out. In contrast, DRGraph, t-FDP, and Force2Vec saturate much earlier,
reaching only 4.2×, 3.0×, and 3.3×, respectively, indicating limited
scalability beyond a small number of threads.
Memory Consumption. A key advantage of SNAP-tFDP is mem-
ory efficiency (Table 3). Compared with the three strongest base-
lines—Force2Vec, BatchLayout, and DRGraph—it reduces memory
consumption by 72%, 72%, and 81% on average, respectively. t-FDP
incurs higher overhead on small datasets due to its screen-dependent
interpolation grid; although it is the most efficient among the remaining
methods on com-orkut, SNAP-tFDP still achieves a 95% average re-
duction. In contrast, PMDS, Omega, and SFDP require 54 GB, 73 GB,
and 83 GB on com-orkut, exceeding typical hardware limits.

For GPU memory usage, SNAP-tFDP also achieves the smallest
memory footprint, as it requires no auxiliary data structures. In contrast,
FA2 and t-FDP rely on a quadtree and an interpolation grid, respectively,
resulting in consistently higher memory consumption across all datasets.
Especially, on com-lj, SNAP-tFDP uses 0.82 GB versus 8.70 GB for
t-FDP (≈10x less); on com-orkut, 2 GB versus 9.20 GB (≈4.5x less).
The smaller ratio on the latter dataset is partly due to additional host-
device transfers introduced by cupy, which also explains why SNAP-
tFDP-GPU is faster despite slower serial performance. This efficiency
enables processing large graphs on consumer-grade GPUs without
exhausting memory.

5 CASE STUDY

To demonstrate the capability of SNAP-tFDP for ultra-large-scale
graphs, we conduct a case study on the com-friendster dataset [25],
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Fig. 11: Visualization of the com-friendster dataset, containing over 65.6
million nodes and 1.8 billion edges.

which contains over 65.6 million nodes and 1.8 billion edges. The raw
data alone occupies 30 GB, which is 15 times larger than the com-orkut
dataset. At this scale, most existing graph layout algorithms become in-
feasible due to time and memory limitations. In contrast, using default
settings with a 16-thread CPU parallel implementation, SNAP-tFDP
generates the layout in 4287.3 seconds (∼1.2 hours) with a peak mem-
ory usage of only 29.48 GB. This result shows that visualization of
such large graphs is feasible on a standard single-node workstation.

To evaluate layout quality and structural fidelity, we isolated and
visualized the top 200 highest-quality communities (Figure 11). Edges
were omitted for clarity, and colors indicate community labels. The re-
sulting layout reveals three structural observations about the Friendster
network: First, the 200 communities self-organize into three distinct
macro-clusters (labeled A, B, and C), suggesting that individual commu-
nities aggregate into higher-level social structures. Second, the separa-
tion within these macro-clusters reflects the density of inter-community
connections. Macro-cluster A shows clear boundaries between commu-
nities, whereas B and C appear more entangled and overlapping. This
pattern is consistent with the underlying topology: the average numbers
of inter-community edges for macro-clusters A, B, and C are 2,950,
5,076, and 6,820, respectively. Finally, communities with fewer inter-
community connections tend to be positioned more independently. For
example, in macro-cluster A, the green, red, and purple communities
extend progressively further away from the dense center. This spatial
arrangement aligns with their decreasing inter-community edge counts
of 4,770, 1,760, and 1,080, respectively.

6 CONCLUSION

We presented an efficient graph layout algorithm that achieves clear
cluster separation. A linearly normalized degree-weighting scheme
was first introduced for t-FDP, together with an analysis of its effect
on cluster separation. Based on this formulation, we propose an edge-
centric negative sampling strategy to implicitly realize the weighting
with O(|E|) time complexity and O(|V |+ |E|) space complexity. In
addition, a lock-free, bundle-based parallelization scheme was devel-
oped to support efficient execution. Quantitative evaluations on layout
quality and efficiency demonstrated the advantages of our method, and
a case study further showed its applicability to ultra-large-scale graphs.

Several directions remain for future work. First, it is of interest to
study whether the proposed framework remains applicable to alterna-
tive force models beyond the t-distribution, such as Gaussian-based
forces [4]. Second, uniform negative sampling is not well suited to
layout objectives such as preserving uniform edge lengths or improv-
ing the visibility of low-degree leaf nodes. More flexible weighting
and negative sampling schemes may help address these objectives. Fi-
nally, integrating the method into open-source frameworks such as
AutoFDP [42] is a promising direction.
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