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Abstract—Most graph algorithms need to iteratively traverse
vertices along a large number of edges as well as their weights,
rendering them inefficient in both time and space complexities,
especially when multi-tenants issue many traversal queries on
a given graph. Traditional distributed/parallel solutions mitigate
these challenges at the expense of huge hardware investments and
high communication delay. Recent studies resort to the modern
commodity GPU accelerator and possibly CPUs equipped on a
single device, but still face limitations on the memory scalability
and the underutilization of compute power.

This paper investigates the redundant traversal behaviors
and accordingly presents a compression algorithm to prune not
only graph topology but also edge weights, reducing noticeable
memory usage. We compensate for the lost messages caused by
pruned edges and give a theoretical guarantee for correctness.
Further, we capture the dynamic workload variation of a traver-
sal query. Motivated by the peak-compute requirements, multiple
traversals can adaptively select reasonable accelerators between
GPUs and CPUs. Our query optimization minimizes the CPU-
GPU collaboration cost and fully utilizes their compute power,
improving significant query throughput. Extensive experiments
show that compared against state-of-the-art techniques, our
compression technique achieves up to 36% memory reduction
in the case of a single traversal query. When processing multiple
traversal queries, our new collaboration framework achieves a
1.9X runtime decrease.

Index Terms—weighted graph traversal, GPU parallel comput-
ing, graph compression, CPU-GPU collaboration.

I. INTRODUCTION

Graph algorithms excel in analyzing complex relationships
among entities/vertices, by iteratively traversing weighted
edges between any pair of vertices [1], [2]. In the big data
era, frequent iterations over billion-edge graphs strain memory
and computing capabilities. Moreover, many traversal queries
can be issued by multi-tenants with different sources [3],
that exacerbates the already strained resources. Traditionally,
a distributed system on a cluster with many CPU devices
is a preferred solution for prominent scalability in terms of
memory and compute power [4], [5]. However, the hardware
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investments and maintenance costs are prohibitively expensive,
that is out of reach for many scientists, especially in academia.

The modern Graphics Processing Units (GPUs) with mas-
sive threads have strong computing power, providing another
easy-to-build and affordable alternative for fast traversal on
weighted graphs. However, there exist two bottlenecks chal-
lenging the practical performance. The one is a GPU card with
limited memory capacity cannot accommodate the increas-
ingly growing input graph. The other is the underutilization
of massive threads in our focused traversal analytics. This is
because vertices are gradually involved in computations and
communicate with different numbers of neighbors, leading to
irregular behaviors against the regularized Single-Instruction-
Multiple-Data (SIMD) hardware design.

For memory scalability, some works increase the provided
resources by aggregating multiple GPU accelerators and/or
accompanied CPUs on a single device. They optimize the
collaboration cost by asynchronously transferring data [6],
[7], carefully partitioning graph [8]-[10], smartly managing
buffer resources [11], [12], and even a hybrid solution [13].
However, the locality of graph topology is poor because edge
links can be freely established between any pair of source and
target vertices. Traversal algorithms further complicate the data
access pattern since vertices become active for updates once
they receive messages delivered along these freely-connected
edges. As a result, the frequency of collaboration behaviors
across GPUs (and possible CPUs), as well as the volume of
transferred data, can be still considerable. The two factors
respectively interrupt computations on GPUs and exhaust
limited bandwidth. Differently, other works attempt to reduce
the storage requirement. They either replace common edges
distributed in different adjacency lists with a single copy [14],
[15], or re-encode target vertices’ ids with fewer bits [16], [17].
However, these compression techniques only focus on graph
topology. They cannot work for edge weights with distinct
values. In particular, the replacing compression adds the single
copy as a new list, which increases the graph diameter and



hence delays the convergence of traversal algorithms.

Fully utilizing the power of GPUs is another research focus.
Early efforts like Cooperative Thread Array (CTA) [18]-
[20] and Memory Coalescing [21] solve the issues of thread
divergence and inefficient GPU memory access, caused by the
power-law degree distribution [22]. Notably, the workload of a
traversal job dynamically changes. The most recent CPU-GPU
collaborative work enhances CTA for workload balance [23].
It even migrates the job from GPU to CPU to avoid cost-
ineffective parallel computations. However, in the scenario of a
single job, this migration renders all GPU threads idle, leading
to heavy waste. Some researchers improve the power utiliza-
tion by concurrently running multi-sources’ traversals [24], but
the peak memory and compute consumption can easily exceed
the hardware limitation. Also, many threads still remain idle
when few vertices are active during the low workload stage.

Clearly, there is an imperative need for sound and effective
multi-sources’ traversal analytics on weighted graphs. This
paper explores a new path to pursue this target by time-space
efficient compression and query optimization.

Different from the common-edge-replacing compression,
our new design aims to detect redundant paths between any
pair of source-target vertices. Accordingly, we preserve a
single path for normal message propagation while destroying
others by pruning selected edges within them. This is indepen-
dent of the exact value-based comparison, like the repeated
appearance of the common edges. It thereby can normally
prune both edges and weights. We give principles to select
the preserved path and merge weights of pruned edges on
other paths, to output correct results in downstream analytics.
We give a theoretical analysis about our correctness guarantee
specific to algorithms. In particular, we prioritize vertices by
their degrees to skip invalid detections where no path can
be pruned. Note that our pruning compression is compatible
with existing re-encoding studies since the latter work on the
representation of target ids, rather than our focused paths.

Our traversal algorithms also run on the easy-to-build CPU-
GPU hybrid framework. Since the memory bottleneck can
be effectively mitigated by our new compression technique,
now we employ CPUs to help improve the power utilization
of GPUs, instead of extending the memory capacity. We
make high-level query optimization among different traversal
queries, instead of fine-grained iterations within a certain
query. More specifically, we continuously track the workload
variation of a running query. This query is migrated onto CPUs
once its parallel computations on GPUs are no longer cost-
effective. The next query with another source vertex is then
scheduled onto GPUs. In general, in this pipeline manner,
for every traversal query, GPUs always run its iterations with
high workloads (many vertices are active) while CPUs run
others. This high-level optimization naturally avoids frequent
collaboration caused by the poor topology locality, and en-
ables integration of existing CTA and memory coalescing
techniques. In particular, we replicate the compressed graph
onto GPUs and CPUs to reduce the volume of transferred data.
We just migrate the computation logic in a lightweight manner.

Moreover, we establish a performance estimation model to
predict the runtime of given workloads respectively on CPUs
and GPUs. We accordingly make a smart migration decision
to keep both of the two accelerators busy. In practice, the
decision can be fine-tuned based on the real-time utilization,
to further boost the overall throughput.

Below, Sec. II overviews related works. Sec. III gives a
background introduction. Sec. IV presents our compression
algorithm. Sec. V introduces our collaborative framework.
Sec. VI reports experiments. Sec. VII concludes this paper.

II. RELATED WORK
A. Distributed/Parallel Graph Processing

Distributed/parallel systems can provide scalable mem-
ory capacity and compute power, by continuously adding
new devices/accelerators. Representatives include distributed
CPU frameworks like Pregel [4], PowerGraph [22], and
HGraph [25], and parallel GPU frameworks running on mul-
tiple GPU cards on a single device, like Medusa [26], Gun-
rock [19] and Groute [18]. This solution significantly increases
the hardware investments and maintenance costs. Moreover,
computations across devices/accelerators inevitably generate
expensive communication and synchronization costs, and also
complicate the system design. In particular, the low bandwidth
of connections across GPUs heavily limits their throughput,
rendering the GPU power underutilization.

B. Centralized CPU-GPU Graph Processing

Notably, GPUs cannot work without CPUs and the latter
are usually equipped with large main memory. Researchers
thereby propose to run graph analytics with CPUs and GPUs
on a single device, to facilitate the system design. A straight-
forward collaborative manner is to divide the large graph into
several small subgraphs, and then load the latter into GPU
on demand for fast computations. Now the PCle bandwidth
between GPU and CPU becomes the performance bottleneck.
Kim et al. overlap GPU computations and data transferring
operations to partially hide the runtime delay [6]. Sengupta
et al. track active vertices/edges to reduce the volume of
physically loaded data [27]. Researchers also attempt to reduce
the number of loading subgraphs by improving topology lo-
cality, such as reordering vertices by their degrees [8], pinning
subgraphs with many active vertices in the GPU memory
in a static or a dynamic tracking manners [12], [28]. These
techniques have made great advancements but the performance
is still far from ideal, due to the naturally poor locality of
graph topology and the huge gap between the limited PCle
bandwidth and the strong GPU power.

Recently NVIDIA released their GPU products with Unified
Memory (UM) optimization where all memory resources are
uniformly used and pages are automatically swapped between
CPUs and GPUs [29]. However, the poor locality of graph
traversal analytics leads to many page faults, which frequently
interrupts computations on GPUs. To alleviate this negative
impact, Wang et al. prioritize graph topology and vertices’



attributes resident in GPU [11], and Gera et al. reorder vertices
by harmonic centrality to improve the cache hit ratio [9].
Different from the static partitioning techniques mentioned
above, some efforts are devoted into dynamically generating
subgraphs for GPUs. Sabet et al. simply build the subgraph by
active information using CPUs, and then transfer it into GPUs,
to overlap the generation and the computation [7]. Zhang et al.
propose a path-based rule where vertices in the subgraph can
be used in several incoming iterations, that reduces the genera-
tion frequency [10]. CGgraph explores degree- and BFS-based
rules [23]. It generates subgraphs only once and then keeps
them resident in GPUs for multiple usages. That minimizes
the generation and transferring costs, but incurs additional
synchronization costs for messages between GPU-resident and
CPU-resident subgraphs, as validated in our experiments. The
most recent HyTGraph [13] devises a hybrid framework that
smartly runs UM or efficient subgraph generation techniques
mentioned above, according to runtime workloads.

C. Graph Compression

Graph compression is another path to reduce the storage re-
quirement and possibly the computation complexity. Existing
works basically fall into two categories as given below.

There exists natural redundancy for edges across adjacency
lists, because many sources can link to the common set of
targets. Such common edges can be directly identified and
replaced by a single new virtual vertex to reduce the topology
size, where the virtual vertex and the common edges form a
new adjacency list for correctness [15]. Motivated by the text
redundancy detection [30], F. Claude et al. propose a rule-
based recursive replacement policy where more fine-grained
common set can be found and replaced [31]. The recent work
CompressGraph follows this design but goes further [14], [32].
It builds an end-to-end compression-computation framework.
It prioritizes different common sets based on their frequency
in the graph, achieving an overall success among compression
time, compression ratio, and downstream computation runtime
(only for full active algorithms like PageRank). However, these
replacement techniques cannot compress edge weights due to
the distinct values. Besides, newly added virtual lists increase
the graph diameter, which forces traversal analytics to make
a long detour to converge. As a result, they cannot work well
for our focused weighted graph analytics.

Another compression line is to encode the target vertex ids
with fewer bits. Early pioneers capture the value-similarity
among target ids within an adjacency list. They encode ids
with the small difference gaps instead of the large original
values, for a memory-efficient representation [16]. Following
that, some graph reordering methods such as LLP [33] and
BP [34] are proposed to narrow the difference gaps, to further
decrease the number of required bits. The graph system
Ligra+ employs this technique [35]. Instead of a user-specified
bit number, it uses the default basic data type in encoding
for fast decompression. The GPU-friendly variants are also
designed for memory-efficient computations [17], [36]. We
should stress that the encoding compression is complement

to other techniques including our proposals. The new variant
of CompressGraph has integrated it to boost the compression
ratio [32]. We will also investigate it as future works.

Additionally, a number of studies have explored graph in-
dexing techniques to accelerate traversal and potentially reduce
memory usage [37]-[39], at the cost of storing the indices
themselves. In contrast, our approach directly modifies the
underlying graph structure, offering a space-efficient solution
that is complementary to existing indexing methods.

III. PRELIMINARY

A directed weighted graph G={V, E, W} consists of a set
of vertices V' and a set of edges E. Given a directed edge
e;j € E, it links a source vertex v; €V and a target vertex v; €
V', with a weight w;; € W. The in-neighbors of v;, denoted by
" (v;), are vertices that have an edge linking to it. Similarly,
its out-neighbors T'°“!(v;) are vertices that v; has an edge to
link. Its in/out-degree is the number of in/out-neighbors.

Graph algorithms are usually traversal-based. A traversal
process begins from one or more given source vertices and
then iteratively explores the entire graph along the outgo-
ing edges, typically following a breadth-first search (BFS)
approach. This process involves extensive computation and
message passing. Each vertex has two states, active or inactive,
indicating whether or not it should participate in computations.
In each iteration, active vertices first compute received mes-
sages, update their vertex values V(v;) according to algorithm-
specific rules, and then uniformly broadcast messages along
outgoing edges. Upon receiving new messages, neighboring
vertices determine whether or not they meet the activation con-
ditions by algorithm-specific boundary detection conditions. If
the condition is satisfied, these neighboring vertices become
active and will be processed in the next iteration.

It is evident that the number of vertices involved in each it-
eration varies dynamically. Fig. 1(a) shows the variation curve
of workloads measured by the number of active vertices, using
a well-known Personalized PageRank (PPR) algorithm on the
Arabic dataset (see details in Table I). We clearly see the num-
ber of active vertices and associated edges quickly increases
(divergence) and then gradually decreases (convergence) dur-
ing iterations. In particular, there is a long convergence with
low workloads. Fig. 1(b) shows the variation curve of runtime
among iterations on both CPUs and GPUs. We observe that
the variation of GPUs is very gentle, compared with CPUs.
This is due to the SIMD hardware design and the warm-up
cost in parallel computations [40]. Together with Fig. 1(a),
we know CPU is more sensitive to the variation of workloads.
It is particularly efficient when the load becomes low. But at
the divergence stage with high workloads, GPU beats CPU
due to the high parallelism. Based on these observations, it is
necessary to schedule computations between CPUs and GPUs
for fully utilization of compute resource.

Many graph algorithms fall into this traversal category, such
as the classic Single-Source-Shortest Path (SSSP) [4], the
recommendation algorithm Adsorption used in Youtube [41],
Katz metric, and some advanced algorithms like Betweenness
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Fig. 1: Features of a traversal algorithm (PPR)

Centrality based on SSSP. In real-world, multi-tenants usu-
ally issue a large amount of traversal queries with different
source vertices, to perform personalized analysis. The query
optimization becomes particularly important in this scenario.

IV. GRAPH COMPRESSION BASED ON PRUNING
REDUNDANT PATHS

Different from existing compression techniques that only
work for edges, now we present our new alternative. It
identifies redundant paths to guide the pruning of edges as well
as weights. Meanwhile, some lightweight compensations are
required to guarantee the correctness of downstream analytics.

A. Overview Design

During iterations of a traversal job, a vertex v, is usually
updated multiple times, since the received messages arrive at
different times/iterations. In fact, the underlying reason is that
v, 18 located at different message propagation paths. As shown
in Fig.2(a), v, is an intersection of four paths P, P, Ps, and
P,. Clearly, vq will receive four messages along these paths.
The message w.r.t. the shortest path P, arrives at the earliest
time while others arrive later. Notably, some paths have the
same source vertex, like P; and P, w.r.t. v, indicating a strong
reachability between vz and v4. In other words, even though
some path is destroyed by pruning edges, the algorithm-
specific information from the source vs can still be delivered
to the target v, along other paths. Definition 1 mathematically
defines this redundant path phenomenon. Inspired by this, we
can prune some of edges as well as weights in redundant paths
for memory reduction.

Definition 1: Redundant Paths. Two distinct paths P, and
P, are considered mutually redundant, if they both originate
at the same source vertex v, and terminate at the same target
vertex vs.

Intuitively, among several paths between a pair of source-
target vertices, only one needs to be preserved while others
are redundant and can be pruned for memory efficient storage.
However, a blind pruning operation might generate informa-
tion loss for which we cannot compensate. Below we give our
triangle-based pruning framework with a series of principles,
to identify edges that can be safely pruned. We repeat these
procedures for every pair of source-target vertices, to complete
the compression task.

o Enumerating all paths R, for a pair of given source-
target vertices (vs,vt).

o Identifying the preserved path P, € Ry that directly
links source and target vertices. Because no intra-vertex
exists in Pst, the weight wg; w.r.t. the single edge ey can
be safely modified for correctness compensation, without
impact on other vertices (see details in Sec. IV-B).

e Refining (Rs — {Pst}) as candidate pruning subset R,
by excluding any path P;, if there exist two or more intra-
vertices in P, or the degree of the intra-vertex v; is greater
than 1, shown in Eq.(1).

Ry=Ry—{Pu}—{Pilv; € P, [T (v;)| > 1} (1)

That avoids possible loss of messages along any other
path P, ¢ Rg;. v; and (vs,v;) actually form a triangle.

o Pruning the edge e;; that directly links to the target vy
for every path in R.;.

We next use the concrete example in Fig.2(b) to explain our
principle constraints. Given the pair of (v3,v4), we have redun-
dant candidate set R34 = { Py, P>}. In particular, Py =P is
the compensation path. When some edges in other paths are
pruned, the lost information originally delivered to v4 can be
merged into Pyy. That compensates for the loss without impact
on other vertices, since the single edge e34 € Py, directly links
to vy. R34 is then {P;}. We then check which edge can be
pruned for every path in R34. For the single path Py, the intra-
vertex vg has |T"(vg)| = 1. As shown in Fig. 2(b), we can
safely remove the edge eg4 in this path. The message loss can
be delivered by the compensation path Pua, by updating its
weight (shown in Sec. IV-B). Afterwards, the number of total
edges decreases by 1. Our focus is then moved to another pair
(v1,v4). Similarly, we have R4 = {Ps, P4} and Py, =Py
However, by Eq.(1), Ris = 0 because the intra-vertex vy
in the single remaining path Ps has two in-neighbors, i.e.,
[T (vs)] = 2 > 1. As shown in Fig. 2(c), in this case, if
we prune ess, we can compensate for the lost information
delivered by v; — v5 — vy through the preserved ]514, but fail
to cope with the loss from vs, leading to incorrect computation.

B. Correctness Compensation

Pruning redundant paths can effectively reduce memory
consumption for both edges and weights. However, this pro-
cess destroys the graph topology, leading to information loss
during vertex updates. To ensure correctness, we introduce
compensation mechanisms. The core idea is to merge the
weights of preserved paths/edges with those of pruned edges.

The correctness guarantee relies on an efficient traversal
implementation. Typically, a traversal algorithm involves two
fundamental operations, i.e., updating the value V(v;) for each
active vertex vy, and generating a new message for an out-
neighbor v, based on the updated V(v,) and the corresponding
edge weight wy,. We denote these operators as @ and ©,
respectively. As established in Eq. (2), the prior work [42] has
shown that at the j-th iteration, V7 (v;) can be updated from its
previous state V7 ~!(v;) by accumulating the change AV (v;),
where AV7(v;) is the accumulation of received messages
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Fig. 2: The compression framework where redundant paths are safely pruned

AVI7L(v,) ® wyy from in-neighbors v,. Now the message
is generated based on the received change, instead of its
state. This delta-based accumulative implementation improves
efficiency, as inactive vertices can halt without repeatedly
broadcasting messages. Such a scheme requires that ‘®’ be
distributive over ‘®’, and that ‘®’ satisfy the commutative and
associative properties. Many algorithms like PPR and SSSP
adhere to these mathematical requirements.

{Vj(l)t) = Vjil(’Ut) D AVj(vt), (2)

AVITL(y,) = Z B (AV (vz) © wyr), Yoz € T (vy)

Following Eq. (2), Theorem 1 introduces our weight-
merging compensation solution and ensures the correctness.

Theorem 1: Consider a triangle formed by vertices vg, v;,
and v;, where v, links to both v; and v;, and v; further links
to v;. Suppose I'"(v;) = {vs} and ‘®’ has the commutative
property. In this case, the edge e;; and its weight w;; can be
safely pruned, provided that the weight w; is updated to a
new value wg; according to Eq. (3).

3)

Proof 1: Notably pruning the edge e;; disrupts the direct
propagation of messages to vertex v;. The proof therefore
focuses on ensuring the correct accumulation of the required
update messages AV (v;). According to Eq. (2), we have

AV(vy) =(AV(vs) © wsr) B (AV(v;) © wiy ) D
Z@(AV(UI) ® wgy), Vo, € (Fi"(vt) — {vs, vi})

. Since v, is the only in-neighbor of v;, i.e., T (v;) = {vs},
the term AV(v;) can be substituted with AV (vs) ©ws;. Using
the distributive and commutative properties of the operators,
we can rewrite AV(v;) as follows,

AV(vy) = (AV(v,) © war) & ((AV(vs) O wa) © wit) D ...

= (AV(’Ug) © (wst D (wg; © wzt))) @D ...
— (AV(02) © thur) & ...

. This derivation confirms that merging the weights as de-
scribed preserves the correctness of the message aggregation
despite the removal of e;; and w;;.

Below we use three classic traversal algorithms to show how
to merge messages by modifying weights, so as to correctly
update the value of vy, V(vy).

Wt = Wt B (wsi O] wit)

SSSP. It computes the shortest distance from a given source
to every other vertex. ‘®” and ‘©®’ are the operators of ‘min’
and ‘4’, respectively. AV(v;) is computed as below.

AV(v¢) = min (AV(US) + wst, AV(0s) + wei + Wity )

= min (AV(US) + min (wst7 Wei + wit), )

PPR. Tt estimates the similarity between a pre-set source and
every other vertex. Given a decay factor «, a vertex first sums
up all received messages from in-neighbors and then transfers
the (1-«) fraction of the sum as its own value, and the remain is
broadcasted to out-neighbors based on corresponding weights.
‘@’ and ‘®’ are the operators of ‘+’ and °-’, respectively.
AV(vt) is computed as below.

AV(vy) = (aAV(vs) cwsy + a(@AV(vg) - wg;) - wig + )
= alV(vy) - (Wst + QWi Wit ) + ..

Adsorption. It is a recommendation algorithm based on prop-
agating labels. Labels as vertex values indicate the common
features shared by entities. Resembling PPR, it iteratively
propagates labels by Random Walking, until the distribution of
labels is steady. Because the merging operation is the similar
with PPR, we omit its correctness analysis for brevity.

In traversal algorithms, any vertex can serve as the source.
However, pruning edge e;; would prevent the proper genera-
tion of the initial message if v; becomes the source. To address
this, a copy of e;; is retained and offloaded to disk, loaded
only when required. These pruned edges are grouped by their
source vertices and indexed by the corresponding source vertex
IDs for fast data access. This design preserves memory savings
while introducing negligible I/O overhead, as the edge is
fetched at most once during the entire traversal. Taking vg
in Fig.2(b) as an example, if chosen as a traversal source, the
job immediately stalls since vg has no outgoing edges in the
compressed graph. The pruned edge egy is therefore loaded
from disk to initialize message propagation. In SSSP, eg4 is
needed only for this initial activation. Later messages along
Pj5 are handled via the merged-weight path P». For algorithms
where vg must broadcast repeatedly, egq is kept in memory
until the job finishes.

C. Prioritized k-hop Implementation

We now present the detailed implementation of our pruning
algorithm. For a given source—target pair (vs,v:), Secs. IV-A



and IV-B show that only the path P; : vy —v; — v, in a triangle
needs to be examined in order to prune edge e;:. For the
intra-vertex v; € P;, this implies that only its 2-hop neighbors
(direct in- and out-neighbors) are considered. In practice, the
pruning can be extended to k-hop neighbors to enable deeper
compression.

1) Basic k-hop Pruning: We begin with the basic 2-hop im-
plementation. We design an efficient vertex-centric procedure
that avoids the expensive refinement step required in Eq.(1).
For a given vertex v;, we first enumerate each of its children
vy and then evaluate the subset condition given in Eq.(4).

e (v;) C e (vy), vy € % (v;) 4)

If the condition holds, then for every v, € " (v;), the edges
€ry> €zi and ey, form a triangle. All such triangles share
the common edge e;,. Once e;y is pruned, we update wgy
by successively merging the weight w,; of each edge e,;
together with e;,, using Eq.(3). Thereafter, these messages can
be correctly delivered along e,,,. We perform this examination
for every vertex, thereby completing the pruning process of
redundant paths for the entire input graph.

However, the condition in Eq.(4) is too strict that only a
few vertices can satisfy it, which severely limits the number
of edges that can be pruned. We therefore introduce a relaxed
version of the condition, shown in Eq.(5).

‘I‘i"(vi) — I‘m(vy)| < a,a > 0,v, €0 (v;) Q)

This means that at most o belong exclusively to I'"(v;) and
not to I'""(v, ). Under this relaxed constraint, e;,, can still be
pruned even when Eq. (4) is not satisfied, but at expense of
inserting a new edge ez, for each such non-shared vertex v;.
Doing so ensures that the message along v, — v; — v, can
be correctly delivered via e,,. These newly inserted edges
ey may themselves be pruned later when v, is examined,
ultimately yielding memory reduction. To avoid redundant
insert-and-prune operations, we extend the examination from
2-hop to k-hop neighborhoods, checking whether ancestors
of v;’s ancestors satisfy the pruning condition. Notably the
maximum practical value of « is 1. In this case, even if e,
cannot be pruned subsequently, the removal of e;, can still
offset its space cost, leaving the total memory cost unchanged.

Fig. 2(d) illustrates a 3-hop pruning example with a = 1.
When examining vertex v, and its child v., we find that
" (vg) = {vg, vp} CT"(v.) = {vg, va, s }. By Eq. (4), edge
€qc 18 pruned, and its weight is merged into wg. and wy.,
respectively. For another child v7, however, v, € (I'""(v,) —
I'"(v7)). The strict condition in Eq. (4) does not permit
pruning e,7. Under the relaxed condition with @ = 1 in
Eq. (5), eq7 can be pruned at cost of inserting a new edge
ep7. Although e, 7 could later be pruned when v, and its child
vy are examined, this extra insert-prune cycle incurs runtime
overhead. This overhead can be avoided by performing 3-hop
examination along path P; from vg to vy (spanning 3 edges).
In this case, e,7 is pruned directly and its weight is merged
into the existing weight wg; of edge eg7, eliminating the need
to insert and subsequently prune ep7.

2) A Prioritized Variant: Another problem is that the
frequent set-comparison operation in Egs. (4) and (5) is very
time consuming, but the target edge might not be eligible
for pruning. We then give our prioritized examination im-
plementation for runtime efficiency. In fact, the probability
of successfully pruning an edge heavily depends on the in-
degree of related vertices. Let ¢, indicate the probability
that e,,, exists between v, and v,. The probability of pruning
an edge e;y is Py :vaerm(vi) zy by the condition Eq.(4),
or vae(rm(vi)—fi"(m)) ¢zy by the relaxed condition Eq.(5).
Here T""(v;) = T (v;) — T"(v,), indicating the subset of
vertices that do not have edges linking to v,,. Clearly ®;, is low
if v; has a large number of in-neighbors. It is cost-ineffective
to perform the set comparison for v;. Our improved variant
is to prioritize vertices in ascending order of their in-degrees,
and then sequentially perform vertex-centric comparison and
pruning operations, until the pruning benefit is low.

However, prioritizing all vertices in a fine-grained manner
is runtime expensive. We thereby give a coarsen-grained alter-
native. We group vertices into several buckets with different
in-degree ranges, and then process these buckets in ascending
order of their average in-degrees. Another issue is the criterion
of terminating the pruning process in advance. Our solution is
a bucket-centric checking mechanism. After processing the z-
th bucket B,, we count the number of successfully pruned
edges, |B,|. We then define the pruning ratio of B, to
the number of total edges, |F|. As expected, ‘lBE’"l gradually
decreases with x. We terminate the pruning process when it
is not greater than a pre-set threshold 5. To determine [,
Fig. 3 plots the ratio against the average in-degree, on many
real-world datasets (see details in Table I). We can observe
the consistent variation trend on all datasets. By default, we
terminate computations when the average in-degree of a bucket
is smaller than 15, i.e., 8 ~3x103. That strikes a good balance
between compression and runtime efficiency.
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Fig. 3: Impact of the in-degree on the pruning ratio

Algorithm 1 outlines our prioritized pruning algorithm. We
group vertices and then enumerate each bucket/group for prun-
ing (Lines 1-3). In particular, given a vertex v;, if redundant
paths are detected based on Eq.(5) (Line 6), we update the
compressed graph G by pruning edges as well as weights,



Algorithm 1: Prioritized Pruning Strategy

Input : input graph G and hyper-parameters (,3)
Output: compressed graph G and pruned data (E, W)
1 B < GroupbyInDegree(G);
2 foreach By, € B do
3 |Bi| + 0, G « G;
foreach v; € By, do
foreach v, € I'°%!(v;) do
if hasRedundant (T (v;),T'" (vy),a) # @ then
Update(é, €iy» Wiy);
E+ EU {eiy}, W+ Wu {wiy};
| Br|++;

e ® 9 o v R

o Byl
10 1fﬁ§,3then

1 return G and (E, W);

and merging weights using Eq.(3) (Line 7). The pruned data
are also recorded for correctness compensation (Line 8). We
count the number of pruned edges and accordingly terminate
compression in advance (Lines 9-11).

Last but not least, during compression, we logically mark
edges and weights ought to be pruned, instead of performing
physical behaviors. That avoids frequently modifying the CSR
structure of graph data. The runtime delay of allocating and
releasing memory thereby decreases. These marked data are
physically pruned in a batch manner.

3) Complexity Analysis: Finally, we analyze the time and
space complexities of our pruning procedure. For the basic k-
hop pruning described in Eq. (5), each vertex v; is paired with
each of its out-neighbors, and then all in-neighbors of v; are
examined. This results in a time complexity of O(d|E|) for
2-hop pruning, where d denotes the average in-degree. When
extending to general k-hop pruning with o = 1, increasing
k by one expands the exploration to deeper in-neighbors for
at most one currently examined in-neighbor, yielding a com-
plexity of O(kd|E|). Correspondingly, the space complexity is
O(|V|+|E| + kd). In practice, the prioritized implementation
reduces both time and space costs by selectively enumerating
vertices rather than processing all of them.

V. CPU-GPU COLLABORATIVE PROCESSING

We now move our focus to the power utilization. Existing
optimizations like CTA and memory coalescing can be inte-
grated, but they are tailored only for a single traversal job.
We thereby present new collaborative solution for multiple
traversals. Below we first give the new design and then study
some key issues to enhance the performance.

A. Load-aware Lightweight Migration

As described in Sec. III, the process of a graph traversal
job can be divided into two stages. That is, the workload first
quickly increases to the peak (divergence) and then gradually
decreases (convergence). The latter often requires more than
half of the total iterations. Now only a few threads of a GPU
perform physical computations since a majority of vertices
have already converged; others might be also busy due to

the SIMD constraint, but they cannot boost the convergence
speed. Worse, the high parallelism becomes cost-inefficient
because synchronizing so many threads might easily offset
the acceleration benefit. Besides, multiple traversal jobs are
sequentially executed where the GPU accelerator continuously
and periodically falls into the cost-benefit dilemma.

To resolve this dilemma, we give a new CPU-GPU collab-
orative processing design where the GPU is responsible for
iterations with high workloads (more active vertices), while
the CPU handles iterations with low workloads (fewer active
vertices). All traversal jobs in the waiting queue are fed in a
pipeline manner. The GPU thereby always processes the high
workloads of every job, yielding a significantly improved uti-
lization. As shown in Fig. 4, when the load of Job; decreases,
it is migrated from GPUs to CPUs to complete remaining low-
workload iterations. Meanwhile, Job, is scheduled onto GPUs.

vertex values
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Fig. 4: The pipeline optimization for multiple queries

However, the limited PCle bandwidth between GPUs and
CPUs become the performance bottleneck for migration.
Existing solutions focus on fine-grained scheduling among
iterations within a single job, which frequently migrates a
large volume of data between the two kinds of accelerators.
Differently, our coarse-grained collaborative design primarily
concerns on the scheduling among jobs. That provides oppor-
tunities to optimize both the migration frequency and the data
volume, to avoid frequent interruptions on GPUs and reduce
the runtime delay caused by migration. Below we give our
lightweight optimizations.

One-pass migration. Given a traversal job, we observe a
roughly monotonic increase and decrease about the workloads
respectively in the divergence and the convergence stages. That
means we should run it on CPUs at the very beginning and at
the end of iterations where only a few vertices are involved;
and on GPUs during the middle iterations. The number of
migration is then reduced to only 2 in theory. Further, during
the divergence stage, due to the prominent connection among
vertices, the workload can quickly increase to the peak in a
few iterations. The accumulated benefit achieved by running
the job on CPUs is very marginal, and even cannot offset the
additional migration cost. Thus, a job is launched on GPUs




and migrated from GPUs to CPUs only once at the long
convergence stage.

Computation migration. Different from swapping subgraphs
or synchronizing immediate results between CPUs and GPUs,
we migrate the computation logic and associate vertex values.
To facilitate this lightweight design, we replicate the graph
on two accelerators. Once the migration happens, we can
quickly initialize the graph on CPUs and then seamlessly
run remaining iterations. Clearly, CPUs are used to handle
workloads that are cost-ineffective on GPUs. The memory
scalability is solely addressed by compression in Sec. I'V.

Our migration is lightweight but still not free, since the
vertex values computed by GPUs need to be transferred. We
thereby give an asynchronous implementation to overlap com-
putations and data transferring operations. As shown in Fig. 4,
right before migrating Job;, we immediately make a copy
of vertex values. The one of the two replicas is re-initialized
and used for the next query, like V5 in Job; in Fig. 4; the
other serves as a buffer for asynchronous migration. Note
that CPUs are usually equipped with more memory resources
than GPUs. We can buffer vertex values of many immigrated
queries on CPUs. That provides enough flexibility to real-time
tune the migration timing between GPUs and CPUs. We will
give detailed descriptions in the next subsection.

B. Adaptive Migration Model

Under our pipeline collaborative framework, a straightfor-
ward implementation is to migrate the query currently running
on GPUs onto CPUs once the latter is idle. That guarantees
both of accelerators are always busy, to avoid power waste.
However, for the first query job, its migration timing needs to
be carefully determined, since now both accelerators are idle.
For an over-early migration, Job; still has heavy workloads.
The CPUs need to take a long time to process it, due to the
limited compute power. As a negative impact, the successive
query Jobs on GPUs cannot be migrated in time, even though
many vertices have converged and the parallel computations
become cost-ineffective. Worse, when Job; finishes, Job, has
few workloads left and hence it can be quickly completed even
on CPUs. That in turn makes Jobs migrated from GPUs to
CPUs too early. The migration of all queries then falls into a
vicious cycle where the utilization of GPUs is usually low.

We break such vicious cycle by determining a reasonable
migration timing. The basic idea is that given a job Job;,
after migration at the j-th iteration, CPUs can complete
the remaining workloads from the (j+1)-th iteration to the
convergence point, with the same time that GPUs have already
spent on processing the workloads during the total previous
j iterations, ie., Tad 7 (Job;) = Topa? (Job;). We as-
sume that the next job Job;; has the same behaviors with
Job, ie., Typ9(Job;) = T7 (Jobiy1), since they are run
on the same underlying graph topology. Together, we have
ﬁ(gjl)_)m(Jobi) =T pu?(Jobsy1). That means the power of
CPUs can be timely released by Job; when Job;y ;1 should be
migrated. In this way, we can avoid the underutilized usage
of GPUs as much as possible.

Because the previous iterations are physically run on GPUs,
Ty’ (Job;) is naturally available. Our focus is then to esti-
mate ﬁgjl)ﬁmu ob;). Towards this end, we need to know
the remaining workloads measured by the number of active
vertices A” at the x-th iteration, and the compute power
difference of CPUs and GPUs. For the former, we found
that although the number against the iteration is not a linear
function in the entire iterations, the fitting error is very small
in the convergence stage. We have validated this insight by
extensively testing many traversal algorithms on real graphs,
such as the result revealed in Fig. 1(a). Such a function f(z)
can be simulated by sampling two points in the most recent
two iterations. For the latter, we need to know some real-
time statics at the j-th iteration, including ‘the runtimf; ngpu,
the runtime of synchronizing all threads S7,,, and A’. Then
we can estimate the average time of processing a vertex on
GPUs, i.e., T},,/A7. This can be transferred as the estimation
on CPUs, using a factor Hgy,,,/H,p,. Here, H indicates the
computing power of an accelerator. It is computed by the base
frequency and the number of cores, both of which are available
as the static hardware knowledge. The synchronization cost is
also relative to this factor. Similarly, we can give an estimation

on CPUs as §J e Eq.(6) finally gives the estimation of

gpuH "
72(qu+ D=oo Accordingly, at every iteration, we compare the
real 7;1pjj against the estimated 7}%; D= We launch the
migration once 7ot V7% (Job;) < Towa? (Job;) is satisfied.
TG+ =00 = ngpu Hgpy gi Hepu 6
epu = Z (f(x)'W'Hi+ gpu ] )()
r=j+1 cpu gpu

Algorithm 2 outlines our CPU-GPU collaborative migration
process. Prior to executing any job, the compressed graph is
replicated on both GPU and CPU (Line 1). Initially, a job is
scheduled on the GPU. During each iteration, runtime statistics
are collected to estimate whether the job should be migrated
to the CPU (Lines 7-9). If so, the vertex-value vector of the
current job is asynchronously transferred while the next job is
being scheduled (Lines 10-12). The CPU device continuously
receives migrated jobs and schedules them in FIFO order
(Lines 14 and 17). The available CPU memory is updated
in real time throughout this process (Lines 15 and 18).

C. Complexity Analysis

We proceed to analyze the time and space complexity of
our migration optimization. Since collecting scalar statistics is
efficient at runtime, the dominant cost stems from transferring
the vertex value vector V of size |V|. As this vector is trans-
ferred only once per traversal, the time complexity is O(|V]).
The space complexity additionally includes the overhead of
replicating the compressed graph structure, resulting in an
overall complexity of O(|V|+ |E|).

VI. EXPERIMENT EVALUATION
We implement our compression and collaboration tech-
niques in a prototype system C2graph. Resembling Pregel-
like systems [4], [5], [42], C2graph exposes the uniform



Algorithm 2: CPU-GPU Collaboration Strategy

Input : compressed graph G, hardware statistics Hgpu, Hepu and
available CPU memory Mcpu, and a queue of jobs Quwait

1 Replicating G on GPU and CPU devices;
2 foreach Job; € Qyait do
3 Scheduling Job; onto GPU;
GPU Device:
foreach iteration j of Job; do
Updating vertices and propagating messages by Eq. (2);
Estimating 722 7 (Job;) by Eq. (6);
cpu 7 5
8 if T (Joby) < Toba? (Jobs) & Mepu >
EstMem(V;) then
9 Allocating GPU memory for V4 1;
10 Migrating V'; from GPU to CPU asynchronously;
1

RTINS

K}

Break;

12 CPU Device:

13 Adding a received Job; into an FIFO queue Qcpy at any time;
14 Mcpu < Mcpu — EstMem(V;);

15 foreach Job, € Qcpu do

16 L Computing Job, until convergence;

17

Mepu < Mepu + EstMem(V 5,);

APIs to insulate programmers from tedious low-level details.
End-users can easily program graph traversal algorithms by
implementing the two operators ‘@’ and ‘©’, and initializing
the delta-value AV(v;) for each vertex vy.

In general, C?graph performs graph traversals on a com-
pressed/pruned graph in a memory-efficient manner. Pruned
edges and their corresponding weights are offloaded to disk
and thus consume no main memory. As explained in Sec. IV-B,
each disk-resident edge is loaded at most once during a
given traversal, making the resulting I/O overhead negligible.
Furthermore, C2graph enables efficient CPU-GPU collabo-
ration by maintaining a replica of the compressed graph in
CPU memory. This replication does not occupy GPU memory
capacity, thereby providing a foundation for job migration
and hybrid scheduling. Below we evaluate these abilities
mentioned above.

A. Experimental Setup

1) Hardware, Benchmarks and Datasets: All experi-
ments are conducted on a server equipped with a NVIDIA
GeForce RTX3080 GPU (8704 CUDA Cores, 1.71GHz, 10GB
GDDR6X memory) and an Intel(R) Core(TM) i9-10900K
CPU (10 Cores, 3.70GHz, 64GB of DDR4 memory), con-
nected by PCle 3.0. We test three graph traversal algorithms
as benchmarks, including SSSP, PPR and Adsorption, as
mentioned in Sec. IV-B, to validate the adaptability of our
proposals. Table I summarizes the statistics of real-world
graph datasets from open-source libraries!?34>. The average
degree varies from 0.7 to 39, indicating different redundancies.

Uhttp://snap.stanford.edu/data/index.html
2http://law.di.unimi.it/datasets.php
3http://konect.cc/networks/
“https://ogb.stanford.edu/docs/graphprop/
Shttps://toreopsahl.com/datasets/

Notably in many real-world graphs, edge weights are often
unavailable due to privacy considerations. Following existing
studies [23], [43], [44], we first partition vertices into 20
communities and then assign a weight to intra-community
edges that is twice that of inter-community edges. Besides,
following the setting of [45], all duplicated edges within an
adjacency list and self-loops are removed. In addition, we run
a two-layer Graph Convolutional Network (GCN) with 256
hidden dimensions on the feature graph OgbArxiv to evaluate
the effectiveness of our method on complex graph analysis
tasks. Graphs are stored in Compression Sparse Row (CSR)
to facilitate data access.

TABLE I: Real-world graph datasets (M: million, B: billion)

Graphs V] [E] Avg. Deg. Weighted Size(CSR)
Enron 0.09M  0.32M 3.7 Yes 2.8MB
Slash 0.08M  0.52M 6.5 Yes 4.2MB
Higes  047M  0.33M 0.7 Yes 4.2MB

DBpedia 18M 136M 7.5 Yes 1.1GB

USARoad 24M 58M 24 Yes 532MB

OgbArx 0.17M 1.2M 6.9 No 9.5MB

Amazon 0.74M 5.2M 7.0 No 42MB
Skitter 1.7M 11M 6.5 No 91MB
Cite 6.0M 16M 2.7 No 149MB
Indoc 7.4M 194M 26 No 1.4GB
Uk02 19M 298M 16 No 2.2GB
Arabic 23M 640M 28 No 4.7GB
1t04 41M 1.15B 27 No 8.5GB
Web01 118M 1.02B 8.6 No 7.9GB
Sk05 51IM 1.95B 39 No 14.4GB

2) Compared Solutions: We create two branches for our
C%graph framework. The basic one has only the Pruning
compression component, termed as C2graph-P (Sec. 1V).
It works for a single traversal query. The improved variant
additionally integrates the lightweight Migration optimiza-
tion tailored for multiple traversals, termed as CZgraph-
PM (Sec. V). CompressGraph [14] presents the rule-based
compression technique by replacing common edges. Till now,
it achieves the best edge compression ratio. Notably its up-
to-date variant Laconic [32] is excluded, because its focus
is making a compromise between compression runtime and
compression ratio, that is beyond the scope of our primarily
concerned memory scalability. Another competitor is the most
recent CPU-GPU collaborative system CGgraph where the
CPU memory is used to provide more storage resources. It
particularly makes “sink vertices” with only one in-neighbor
separate from the original graph, and updates them once after
other vertices normally converge. That reduces the memory
requirement during normal iterations. Besides, it also utilizes
the CPU power by migrating the computation focus from
GPUs to CPUs if necessary, for better runtime efficiency.
HytGraph [13] is another recently released framework that
can smartly choose communication-efficient data transfer man-
ner between CPU and GPU. Finally, we include results from
a well-known GPU-based graph processing library Gunrock
that has integrated classical optimizations. It works as a
baseline to measure the scalability of compared solutions in
terms of runtime latency and memory reduction. Notably, we
use the open-source implementation of Gunrock and CGgraph.
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CompressGraph consists of compression and computation
modules, but the latter cannot cope with weighted traversals.
We thereby rewrite it by ourselves.

3) Testbeds: We run all benchmarking algorithms until
convergence, i.e., all vertices become inactive. For PPR and
Adsorption, the decay factor is set as a=0.2 as usual. Given a
query, we primarily concern on two metrics during iterations,
including the memory consumption and the iterative compu-
tation runtime (without compression runtime). The reported
metrics are the averages over 10 runs for each combination
of benchmarks and graphs, with randomly selected sources
for each traversal. Since small graphs are not highly sensitive
to GPU utilization, we report only their space performance.
For large graphs (with size greater than 500 MB), we report
both space and time metrics. Notably for some GPU-only
competitors, we use the symbol “F” to indicate an Out-Of-
Memory (OOM) Failure run when processing large graphs.

B. Overall Comparison of A Single Traversal Query

1) Results on Large Graphs: We exclude C2?graph-PM
since it is tailored for multiple traversals. Fig. 5 and Fig. 6
reveal that C2graph-P has the best time-space performance.

Fig. 5 reports the memory consumption of different com-
petitors. Gunrock does not employ any memory-related op-
timization and hence has the worst performance. CGgraph
outperforms the naive Gunrock due to the separation of sink
vertices. However, the fraction of sink vertices is less signifi-
cant. The memory reduction is thereby marginal (at most 8.2%
for SSSP on Sk05). Further, CompressGraph largely reduces

the memory consumption by deeply replacing all possible
common edges with a single copy. Compared with Gunrock,
the reduction is 22.1% on average. However, identifying
target ids of common edges resorts to strict string matching
operations, that cannot work for edge weights with distinct
values. The compressed graph is still large. We even observe
the OOM error on Sk05. Differently, our C?graph-P can
prune both edges and associated weights. The reduction factor
against Gunrock is increased to 47.9% at most (SSSP on Sk05,
and 36.5% on average). Even compared with CompressGraph,
the factor is still up to 36.6% (SSSP over Uk02, 20.1% on
average). As a result, it can handle all graphs only using GPUs.
Notably CGgraph and HytGraph can also run computations on
Sk05. This is due to the usage of additional CPU memory
resources (as marked in Fig. 5). For CGgraph, the total
memory consumption is up to 1.9x larger than that used by
our C?graph-P. For HytGraph, the factor is 2.6x at most.
Fig. 6 explores the impact of compression and/or CPU-GPU
collaboration on runtime. CGgraph generally has the most
significant runtime penalty because of the compute bottleneck
of CPU under a skewed subgraph partitioning result between
GPU and CPU®. The frequent interruption on GPUs caused
by synchronizing messages also contributes to runtime delay.
HytGraph mitigates these issues by its dynamic scheduling
among multiple optimization policies, yielding up to 4.3x
speedup (PPR on [t04). However, this scheduling is very
sensitive to its built-in runtime estimation result. The exception

SWe run CGgraph by its default setting.



is SSSP. The unreasonable scheduling decision even makes it
2.8 x slower than CGgraph (SSSP on Web01). CompressGraph
avoids this complex CPU-GPU management but it increases
the diameter of graph topology because of the newly added
adjacency lists. Compared with Gunrock, the delay is still up
to 83.7% (SSSP over [t04, 47.6% on average). By contrast,
our proposal is comparable to and even better than Gunrock
due to the physically pruned edges and weights. It runs 2.3 x
faster than CompressGraph on average. The speedup factor
compared with CompressGraph is up to 4.7x(SSSP on [t04).
For CGgraph and HytGraph, the factors are up to 29.8x and
25.1x respectively.

2) Results on Small Graphs: We next present the space
savings achieved by our C?graph-P and CompressGraph on
small, low-redundancy graphs. The results are modest and
comparable. On average, C2graph-P achieves a 6.6% reduc-
tion (Enron: 4.7%, Slash: 3.4%, Higgs: 2.7%, Amazon: 6.0%,
Skitter 9.8%, Cite: 12.8%), while CompressGraph achieves
6.0% (Enron: 8.8%, Slash: 2.7%, Higgs: 1.2%, Amazon: 5.3%,
Skitter 13.7%, Cite: 4.4%). The performance gap narrows
due to limited compression opportunities. Notably, both meth-
ods show almost no compression on the sparse USARoad
graph. Besides, on the feature graph OgbArx, C?graph-P
reduces memory costs by 19.4%, outperforming Compress-
Graph (5.8%). The GCN benchmark runs in approximately
90 seconds on our system.

C. Overall Comparison of Multiple Traversal Queries

We next test the performance when processing multiple
traversal queries. As validated in previous experiments, our
C?graph-P performs the best. We thereby exclude other com-
petitors for brevity. In particular, we enumerate all possible
combinations of benchmarking algorithms and graph datasets.
For each case, we vary the number of query tasks from 100 to
500, and then report the distinctly total computation runtime.
Our C%graph-P and C%graph-PM are involved in tests.

Fig. 7 plots runtime versus the number of queries. The
results of SSSP and Adsorption are omit for manuscript space,
since they are similar with those of PPR. We observe the
prominent scalability in every case. Both of our proposals have
linear runtime increase with the query number. However, the
slope of the trend w.r.t. C?graph-PM is less significant, due
to the smart migration between CPUs and GPUs. C2graph-
PM thereby runs up to 1.9X times faster than C%graph-P
solely running on GPUs (1.7X on average). In particular,
the increasing number of queries provides more opportunities
for our adaptive model to fine-tuning the practical migration
timing. CPUs and GPUs can work together in a seamless
manner. Thus, the runtime gap between our two proposals
nearly linearly increases.

Fig. 8 explores the impact of different migration timing,
to validate the effectiveness of our adaptive migration model.
We manually vary the specific iteration where the migration
happens, and then depict the computation runtime. For all of
the three benchmarking algorithms, we find that the runtime
gradually decreases and then increases as expected. At the

extreme case where the query is migrated at the first iteration,
C?graph-PM degrades to a CPU-based C2graph-P. The low
compute power definitely heavily limits the overall throughput.
Another extreme case is that the migration happens at the
convergence point. Now CPUs are always idle and GPUs
suffer from underutilization at the convergence stage. The
throughput is also far from ideal. Note that the optimal timing
varies with benchmarks and datasets. However, our adaptive
model can always roughly hit the “sweet spot” (marked by
the box in Fig. 8). It helps end-users to gain nearly optimal
performance while insulating them from tedious details.

Fig. 8(d) particularly illustrates the GPU power utilization.
The workload is measured by the number of active vertices and
generated messages from them. For C?graph-P, a convergence
phase of a query job emerges from 710ms to 1880ms. The
reduced workloads leave most of GPU threads idle. C%graph-
PM promptly offloads a query to CPU once its workloads
diminish, while simultaneously launching a new query and
running it on GPU. This strategy significantly mitigates re-
source underutilization.

D. Comparison of the Compression Complexity

We now present the time-space complexity analysis of the
compression solutions for end-to-end comparisons. Notably,
when the requirement exceeds the capacity of GPU memory,
CGgraph selects some vertices and then retains them in CPU
memory. This selection operation is also involved in our com-
parison, as it alleviates the GPU memory bottleneck. Table II
summarizes the runtime results. We evaluate two variants of
C?graph, including the basic implementation C2-basic and the
optimized prioritized version C2-pri (Sec. IV-C). CGgraph
performs selection on the large graph Sk05. It takes vertex
degrees and BFS-based topology sorting results into considera-
tion. Compared to CompressGraph, this is runtime efficient but
needs to cache many sorting results, consuming a lot of mem-
ory resources as shown in Table III. Unlike CompressGraph,
which processes only graph topology, C2-basic additionally
loads edge weights to support weight merging. This increases
time-space overheads. CompressGraph also incurs costs due
to its recursive compression rule, which requires repeated
adjacency-list scans. In contrast, C2-pri reduces runtime by
up to 69.0% (Sk05) and 32.7% on average versus C2-basic,
due to early termination. When against CompressGraph, the
reaches up to 62.0% (WebOlI).

TABLE II: Comparison on the compression runtime (secs)

Datasets CGgraph CompressGraph CZ-basic  C2-pri
Indoc - 85 54 40
Uk02 - 166 86 71
Arabic - 302 198 189
1t04 - 652 1089 380
Web01 - 935 413 355
Sk05 304 1232 2745 852

Table III presents the analysis of space complexity. Our
proposals exhibit high memory requirements due to their need
to process edge weights. In contrast, CompressGraph operates
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TABLE III: Comparison on the compression memory (GB)

Datasets CGgraph  CompressGraph  CZ-basic  CZ-pri
Indoc - 4.00 5.50 5.01
Uk02 - 8.22 9.04 8.47
Arabic - 13.23 19.28 17.02
1t04 - 24.51 33.53 30.66
Web01 - 44.45 43.52 33.06
Sk05 46.70 37.12 55.08 50.02

solely on graph topology. However, its compression algorithm
exhaustively enumerates edge sets and substitutes common
patterns, which can become memory-intensive when common
sets are infrequent (i.e., there are a large amount of disjoint
edge sets). This overhead may surpass the memory cost of
weight storage, as demonstrated by WebOl—a graph with
particularly low compression efficiency (see Fig. 5).

Finally we explore the impact of the hyperparameter k
in our C2-pri solution. As k increases from 2 to 7, the
compression runtime rises due to the examination of more
in-neighbors, while the number of pruned edges also grows
accordingly. We observe that k = 3 represents a favorable
trade-off between the additional runtime cost and the gain in
pruning ratio. In all our experiments, we therefore set k = 3
and « = 1 as the default configuration.

VII. CONCLUSION

This paper addresses time and space inefficiencies in traver-
sal algorithms on weighted graphs, when running them on
the modern GPUs with limited memory resources and specific
SIMD hardware design. We propose a novel compression al-
gorithm, C%graph-P, which reduces memory usage by pruning
redundant paths and compressing edge weights, while ensur-
ing traversal correctness. To handle dynamic workloads, we

USA —— DB —@- Indoc == Uk02 —k— Arabic -~ It04 Web01 - Sk05

Values of k

Values of k

(a) Impact on runtime (b) Impact on pruning ratio

Fig. 9: Impact of the k values in C2-pri

introduce C%graph-PM, a CPU-GPU collaborative framework
that enhances computational efficiency through asynchronous
query execution. Extensive experiments validate that our tech-
niques can significantly reduce the memory consumption and
increase the throughput.
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