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Abstract
Large-scale evolving graph analytics (EGA), which evaluates
graph queries over sequences of snapshots, is facing growing
demands for real-time insight extraction. While GPUs offer
immense potential for accelerating graph workloads, they
suffer from the memory capacity wall and poor hardware
utilization when applied to EGA.

To bridge this gap, this work presents POEGA, a GPU-
centric framework for efficient large-scale EGA. The core
idea of POEGA is to leverage proxy graphs to minimize out-
of-memory IO. It achieves this by first analyzing a compact
in-memory graph abstraction to drive approximate results,
thereby guiding the out-of-memory refinement. Although this
approach incurs more computations, our key insight is that
this cost can be amortized by exploiting the GPU’s massive
parallelism to process multiple snapshots concurrently. This
concurrency is supported by a carefully designed fused kernel
and a novel bound-based pruning technique. Furthermore, we
address a commonly overlooked memory bottleneck caused
by multi-version vertex states, which arises when scaling con-
current analysis to a large number of snapshots, by introducing
an adaptive state compaction format. Evaluation shows that
POEGA yields 3.7–23.5× speedups over the state-of-the-art
EGA solutions across a range of real-world datasets.

1 Introduction

Graph processing serves as the backbone for unstructured data
analysis across diverse domains. Since real-world graphs nat-
urally expand and evolve, Evolving Graph Analytics (EGA),
which extracts insights from a sequence of snapshots in a
specific time window, has become a cornerstone of many
modern decision-making systems. Crucially, these applica-
tions face an imperative demand for real-time responsiveness
to the continuously changing real-world data. For instance,
financial systems rely on evolving connectivity trends for
instant fraud detection [31, 81]; network infrastructure re-
quires evolving reachability analysis to pinpoint and recover

from failures [29]; cybersecurity analysts track changing path
properties to identify malicious DNS domains [69]; and epi-
demiological platforms leverage EGA for real-time influenza
forecasting during COVID-19 pandemics [79].

A straightforward approach for EGA is to apply the query
to snapshots individually, yet this yields significant overhead.
A series of incremental graph analytics approaches, such as
Tornado [66], Kickstarter [70], Graphbolt [46], Common-
Graph [1], and others [16, 83], are proposed for resolving the
urgent need for evaluating queries on graphs under dynamic
environments. They have proven the superior efficiency of in-
cremental computation over re-computing from scratch, given
that evolving graphs typically exhibit high similarity (often
exceeding 99% [12, 60]) between consecutive snapshots.

In recent decades, GPUs have been an attractive computing
platform for graph applications [6,24,27,35,36,49,67,71,75].
State-of-the-art GPU-based incremental analysis systems,
such as Grapin [74], have demonstrated over 10× speedups
compared to CPU-based counterparts. However, applying
these GPU-accelerated systems to large-scale graphs faces
a fundamental challenge of limited GPU-resident memory,
known as the GPU memory oversubscription problem [43,56].
While general GPU data management techniques, ranging
from explicit transfer [22, 62, 63] to implicit unified mem-
ory [58] or zero-copy [51], have been proposed, they often
incur prohibitive data transfer overheads when applied to the
incremental EGA (§2.3). Consequently, the I/O bottleneck
fundamentally prevents existing GPU-based EGA systems
from scaling to massive evolving graphs.

To bridge this gap, we introduce POEGA, an efficient evolv-
ing graph processing framework that tackles the memory wall
problem. The main idea of POEGA is to leverage proxy graph,
a concept that has recently been proven feasible for retaining
the computation-critical structures of original graphs within
a compact footprint [32]. By confining the initial analysis
to a resident-memory proxy graph, POEGA derives approx-
imate results to guide the subsequent exact refinement on
the full graph, thereby significantly reducing the I/O traffic
required. However, this two-phase paradigm (approximate-
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then-refine) inherently introduces extra computations. They
make previous proxy graphs yield marginal gains or even
performance degradation because the extra compute over-
head outweighs the I/O savings [32]. Our insight is that this
computation overhead can be effectively amortized by ex-
ploiting the GPU’s massive parallelism to process multiple
snapshots in the evolving graph concurrently. We propose a
snapshot-level concurrent execution model that fuses com-
putations across snapshots into a single kernel to maximize
instruction throughput and coalesce memory accesses. Fur-
thermore, we mitigate redundant work across snapshots via a
runtime bound-based pruning technique.

Finally, scaling this concurrent analysis introduces a new
bottleneck: the memory pressure from maintaining vertex
states across numerous snapshots, a challenge largely over-
looked by existing concurrent models [10, 17]. To address
this, we design an adaptive multi-version format that effi-
ciently compacts vertex states, enabling POEGA to sustain
high concurrency without exhausting GPU memory. To con-
firm the effectiveness of the proposed designs in POEGA, we
conduct extensive experiments with real-world large-scale
graphs and commonly used query benchmarks. The results
show that POEGA outperforms the state-of-the-art EGA solu-
tions, including EGraph [86], Grapin [74] and state-of-the-art
incremental analysis methods, Kickstarter [70], and Common-
Graph [1], combined with diverse GPU data management
techniques [51, 58, 62] by 8.9× on average and up to 23.5×.

In summary, this paper makes the following contributions:

• Proposes POEGA, a framework for large-scale EGA that
utilizes proxy graphs to shift the bottleneck from expen-
sive I/O operations to GPU-friendly compute-intensive
workflows;

• Presents a concurrent analysis method that fuses the
execution and coalesces the data transfer, as well as a
runtime pruning technique to reduce redundant compu-
tations across snapshots;

• Identifies the memory pressure of multi-version vertex
states as a key impediment to scaling concurrency and
proposes an adaptive multi-version format to address it;

• Provides an efficient implementation of POEGA and
compares it with the state-of-the-art solutions through
systematic evaluations. The results demonstrate its
significant performance improvements. POEGA is
open-sourced at https://github.com/YunMoZhang/
POEGA.

2 Background and Motivation

2.1 Evolving Graphs Analytics
Analytics over dynamic graphs can be generally classified
into three categories [18, 84], including: (1) Streaming graph

a

e

f

c

b g

d

Snapshot 𝐺1

5 5

7
20

5

7

10

0 10 15 11 5 17

a

e

f

c

b g

d

Snapshot 𝐺2

5 5

7
20

5

7

10

0 10 15 11 5 41 17

30

a

e

f

c

b g

d

Snapshot 𝐺3

5 5

7

5

7

10

0 10 15 22 5 52 17

30
∆1 = {∆1

+, ∆1
−} ∆2 = {∆2

+, ∆2
−}

SSSP Results SSSP Results SSSP Results

20

a b c d e f g a b c d e f g a b c d e f g

7

105

10
5 5 5

10 10

20 20 20

Figure 1: An EGA example which evaluates a query SSSP(a)
on 3 snapshots.

analytics [14, 16, 46, 48, 70] which mainly explores the lat-
est version of the graph as it continually changes; (2) Tem-
poral graph analytics [8, 13, 28, 44, 47, 89], which exploits
the timestamps of edges (and optionally vertices) to analyze
fine-grained time-constrained behaviors, such as investigating
general temporal path problems [52, 78, 89]; and (3) Evolving
graph analytics, which is also called snapshot sequence ana-
lytics [1, 17, 23, 30, 37, 40]. Formally, EGA evaluates a query
Q (such as single-source-shortest-path) on N snapshots of
an evolving graph [G1, · · · ,GN ] (usually taken periodically)
over a specified time period [t1, tN ], where Gi = {V,Ei}, and
thus offers precise insights or information drawn from dis-
crete historical data. Changes between consecutive snapshots1

consist of a batch of edge additions ∆
+
i and a batch of edge

deletions ∆
−
i . This paper focuses on evolving graph analytics.

An example is shown in Figure 1.
Incremental EGA. The naive EGA approach evaluates the
query independently on each snapshot from scratch, known
as re-evaluation. To reduce redundant computations dur-
ing re-evaluation, incremental algorithms have been pro-
posed [14, 16, 46, 66, 70]. This paper focuses on the widely
studied monotonic path-based graph algorithms [11, 70, 82].
Specifically, to process ∆

+
i , the incremental algorithm detects

impacted vertices by propagating the value through the edges
in ∆

+
i , and then adds updated vertices to the frontier. It reuses

evaluation results on the previous snapshot and then propa-
gates computation from affected vertices forward through the
graph until re-convergence. For example, when the edge (d,
f , 30) is inserted during G1→ G2 in Figure 1, we apply the
edge function from d to its out-neighbor f based on d’s cur-
rent value 11, and thus detect a new best value 41 for f .Then
we put f to the frontier and resume the iterative evaluation
until all values converge again. To process ∆

−
i , incremental

algorithms usually maintain one-to-one dependencies that
record which in-neighbor contributed to each vertex’s com-
puted value. When a deleted edge belongs to a dependency,
incremental algorithms first perform dependency tracing to
identify affected vertices. Tracing is also iterative, starting
from directly impacted vertices and traversing along the cas-

1This work considers changes in the form of edge addition/deletion. Ver-
tex or edge weight updates can be transformed to edge addition/deletion [83].
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cading relationships till the end. All the affected vertices need
to reset their values, pull the new one, and re-converge. As this
kind of incremental algorithm [46, 70], such as representative
Kickstarter [70], requires maintaining evaluation results in
the previous snapshot, it is referred to as streaming-based
incremental analysis.

As handling edge deletions in streaming-based approaches
is generally more expensive (typically 2-3×) than processing
the same number of additions [1], batch-based incremental
analysis, such as pioneer work CommonGraph [1], has been
proposed in recent years [1, 17, 88]. This approach first eval-
uates the query over a subgraph shared across all targeted
snapshots. It then identifies per-snapshot ∆ (only contain-
ing additions) relative to the common subgraph, and applies
deletion-free incremental analyses to each snapshot indepen-
dently. As it removes the dependency between snapshots,
concurrent query evaluation is enabled in this approach.

2.2 GPU-based Large-scale Graph Processing

GPUs have become a popular platform for accelerating graph
processing due to their high compute throughput and memory
bandwidth [24, 27, 36, 49, 75]. However, GPU-based graph
processing frameworks remain constrained by limited device
memory, facing challenges when processing today’s ever-
growing graph datasets. This constraint becomes even more
pronounced in EGA, where queries must be evaluated over
multiple snapshots, further increasing memory demand.
Handling GPU memory oversubscription. To enable graph
processing when the graph size exceeds the GPU memory
capacity (i.e., oversubscription), existing efforts can be mainly
classified into two categories: (1) Explicit management. A
coarse-grained approach [40, 86, 93] partitions the oversized
graph into subgraphs that can fit into GPU memory, and then
transfers partitions containing active edges in each iteration.
However, this often incurs unnecessary data movement, as
an entire partition may be transferred even when only a few
edges are active. To address this inefficiency, finer-grained
design [62,91], including state-of-the-art Subway [62], adopts
a dynamic partitioning strategy that generates subgraphs on
demand per iteration. It first applies data compaction after
knowing the active frontier, and then transfers compacted
subgraphs. While minimizing transfer volume, it requires
additional computation overhead. (2) Implicit management.
To ease the engineering efforts of explicit data movement,
recent studies explore leveraging Unified Virtual Memory
(UVM) [3, 4, 19, 34], which maps host and GPU memory into
the same address space and triggers on-demand page migra-
tion (typically 4KB pages) during graph processing. However,
this may incur non-negligible overhead due to costly page
faults. A finer-grained method investigated recently is zero-
copy access [51, 59, 73], which allows GPUs to directly read
from host memory via transaction layer packets of PCIe. Ac-
cording to the PCIe spec [51], up to 256 outstanding memory

requests can be in flight concurrently, each accessing 32~128
bytes. This enables fine-grained and parallel data access. How-
ever, zero-copy may cause redundant transfers upon repeated
access to the same data [55, 73].
Proxy Graphs. In recent years, utilizing proxy graphs has
emerged as a promising alternative for processing large-scale
graphs [32]. A proxy graph is a compact graph abstraction
that retains computation-critical edges to preserve topological
semantics of the original graph. This idea has been explored
across several contexts, including reducing graph complexity
for analytics and visualization [32, 38, 41, 76, 92], optimizing
partition navigation in distributed environments [25, 53, 72],
and relieving memory constraints in out-of-core systems [32,
85]. Existing proxy graph construction methods primarily fol-
low three routes: (1) Structure-preserving Reduction. Early
methods in this direction used edge contraction, i.e., merging
connected vertices, to generate coarse-grained graph repre-
sentations [25, 53, 72]. While effective for regular meshes,
such methods may abstract away individual vertex details.
Input Reduction [38] instead removes graph components that
do not affect query results in irregular graphs, e.g., vertices
with no incoming or outgoing edges. While preserving exact
correctness, its reduction ratio is typically constrained by the
inherent connectivity of the graph (e.g., around 50% [38]). (2)
Graph Sampling. This line of work utilizes edge sampling
techniques, such as random walk [41] and priority-based selec-
tion [92] (e.g., selecting low-weight edges for shortest-path
queries), to bound proxy graph size. Wonderland [85], an
out-of-core graph system, further enhances connectivity by in-
corporating edges that bridge weakly connected components.
These sampling-based abstractions prioritize a small memory
footprint; yet their lossy nature often necessitates an intensive
refinement phase to ensure result accuracy. (3) Query-based
Sketch. To better align the abstraction with query seman-
tics, recent methods propose constructing proxy graphs based
on offline pre-evaluated queries [32, 76]. For instance, Core-
Graph [32] evaluates a set of queries with sources at high-
degree vertices and includes all edges on the resulting critical
paths. This approach yields high accuracy (often exceeding
95%), though it involves a non-trivial generation phase.

2.3 Motivation

While state-of-the-art incremental EGA techniques achieve
promising efficiency on GPUs [17, 18, 74], their performance
collapses when the graph scale exceeds GPU memory ca-
pacity. To better understand these limitations and guide the
design of a more efficient solution, we profile representative
incremental EGA systems and identify two critical challenges
and one key opportunity.
Challenge #1: The I/O Bottleneck in Data Transfer. We
first break down the execution time of batch-based incremen-
tal EGA under memory oversubscription to evaluate existing
data transfer strategies. As shown in Figure 2 (a), the overhead
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Figure 2: Data transfer overhead in evolving graph incremen-
tal analysis (settings in §6).

of explicit data transfer dominates the execution, accounting
for 77.6% of the total analysis time on average, and peaking at
94.4%. Implicit management strategies, zero-copy and unified
memory (UM), are even worse, exhibiting significantly higher
latency as shown in Figure 2 (b). These results underscore a
fundamental barrier: even if an ideal policy transfers only the
exact on-demand data per iteration, the heavy I/O overhead
remains prohibitive for incremental analysis. This suggests
that simply optimizing data transfer is insufficient; a paradigm
shift to reduce the volume of required I/O is necessary.
Challenge #2: The Memory Bottleneck from Multi-
Version States. While vertex-centric data is traditionally
assumed to fit within device memory [51, 62, 63], this as-
sumption breaks down under multi-snapshot concurrency. For
instance, the value arrays for the Subdomain graph (used in
our evaluation) across 40 snapshots consume approximately
102M×4B×40≈ 16GB, exceeding our GPU capacity (see
§6). In practice, when co-located with graph structure data,
the system encounters out-of-memory errors even earlier, typ-
ically when N > 30. Crucially, this scalability hurdle is over-
looked by existing concurrent approaches [10, 17, 82], which
assume all concurrent state arrays are memory-resident. A
naive workaround involves offloading value arrays to host
memory and transferring them on demand, as for graph data.
Yet given the high frequency of fine-grained, atomic state
updates in graph analytics, this approach incurs prohibitive
transfer overheads, severely throttling the performance.
Opportunity: Exploiting Computational Underutilization.
We observe that current GPU-based EGA methods suffer from
severe hardware underutilization. Figure 3(a) presents the Cu-
mulative Distribution Function (CDF) of thread utilization
(defined as the ratio of active threads to total threads) when
evaluating an SSSP query over 32 snapshots. We compare
a streaming-based method, KS [70], and a batch-based ap-
proach, CG [1], both using fine-grained explicit memory man-
agement [62]. KS exhibits extreme inefficiency, with GPU
usage remaining below 10% for over 60% of the runtime,
primarily due to its serial snapshot processing scheme. While
CG improves utilization, it still remains below 45% overall.
The root cause is the sparsity of incremental workloads. As
shown in Figure 3(b), the incremental analysis of a single
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snapshot typically activates significantly fewer vertices (one
to two orders of magnitude) compared to a full re-evaluation.
This creates a massive utilization gap, presenting a prime op-
portunity to amortize the cost of our proposed proxy-based
approach by processing multiple snapshots concurrently.

3 Overview of POEGA

To enable efficient incremental EGA on GPUs, we propose
POEGA, a holistic system that orchestrates a Proxy-Guided
Concurrent Analysis execution model. Figure 4 provides an
overview of the workflow of POEGA. Inheriting the two-phase
methods of proxy graph approaches, POEGA is tailored for
evolving graphs, including: (P1) In-Memory Evolving Proxy
Graph Analysis, and (P2) Concurrent Out-of-Memory Incre-
mental Analysis for Snapshots.

POEGA system accepts an evolving graph query on snap-
shots within a time interval [t1, tN ] and operates as follows. At
P1, POEGA first transfers the evolving proxy graph to the GPU
and then evaluates the query on it entirely within the mem-
ory, generating the approximate results Rp

1 , ...,R
P
N . Guided by

these results, POEGA at P2 performs exact incremental analy-
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sis on the full snapshots, which are outside the GPU memory
and transferred only on demand. Thanks to our incremental-
analysis-oriented evolving proxy graph (§4.1), the analysis
at this phase is deletion-free, requiring minimal data trans-
fers. In this phase, POEGA fuses the execution of multiple
snapshots into a single kernel, which enforces data access of
neighbors coalesced across snapshots (§4.2). Furthermore,
the computations that can also be coalesced are identified and
pruned by our novel runtime technique based on checking the
bounds of values across snapshots (§4.3). Finally, to enable
more snapshots to enjoy the benefits of concurrent analy-
sis, POEGA manages the values of snapshots using Adaptive
Multi-Version Array, a novel format for resolving the memory
bottleneck in concurrent analysis on GPUs (§5).

Format of Evolving Graphs. We represent the evolving
graph using a snapshot-union Compressed Sparse Row (CSR)
format. Any edge that appears in at least one snapshot is
stored once in this UnionCSR structure. Figure 5 shows this
representation of the evolving graph in Figure 1. Like classical
CSR format, adjacency information of the graph is maintained
by (1) the vertex array, which records the start offsets of each
vertex’s neighbors, and (2) the edge array, which concatenates
all neighbors. To differentiate edge presence across snapshots,
UnionCSR associates each edge with a bitmap, where the i-th
bit indicates its presence in snapshot Gi. By default, a 64-bit
word is used for alignment, while additional words can be
added to support more snapshots. This design enables fast
GPU thread data access, akin to compact formats in prior
works [12, 17]. The difference is that UnionCSR supports di-
verse data access interfaces by O(1) bit operations, including
view(Gi) for a single snapshot, view_shared(Gi,G j) for shared
subgraph, and view_diff(Gi,G j) for the delta G j−Gi. As this
work focuses on enabling efficient GPU-based analytics, we
assume graph updates are ingested offline and treat storage
optimizations [7, 21, 65, 77] as orthogonal to ours. In fact,
UnionCSR can be seamlessly generated using the standard
parallel CSR computation from the durable graph storage,
such as the multi-version adjacency list in GraphOne [37].

4 Proxy Graph-based EGA

The main idea of POEGA is shifting the out-of-memory irreg-
ular large-scale evolving graph processing into a two-phase

processing, and solving the extra computation introduced by
refinement via our efficient concurrent analysis on GPUs.

4.1 Incremental Analysis Oriented Evolving
Proxy Graphs

Prior studies [32, 76] have demonstrated the feasibility of
building high-fidelity approximations with a condensed struc-
ture for static graphs. For example, the state-of-the-art Core
Graph [32] achieves over 95% accuracy with only 10% of the
original edges. Starting from the approximate results on the
proxy graph, the subsequent phase analysis refines the results
on the full graph. Fundamentally, proxy-based approaches
trade reduced memory I/O (by confining the bulk of access
to the refinement phase) for increased total computation (pro-
cessing both proxy and full graphs).

However, applying existing proxy designs to evolving
graphs faces a fundamental dilemma between construction
cost and approximation fidelity. On one hand, lightweight
heuristics like Wonderland [85] yield low accuracy (e.g.,
around 50%), less effective in reducing the out-of-memory ac-
cesses in the second-stage analysis due to the iterative nature
of graph processing. On the other hand, high-fidelity proxies
like Core Graph are designed for static snapshots; naive re-
construction for every snapshot is computationally prohibitive
(e.g., 7–14 minutes per snapshot [32]), outweighing any ana-
lytical benefits. More critically, reusing a single static proxy
for an evolving sequence is inferior to structural divergence.
After a series of updates, the proxy graph is no longer the
subgraph of snapshots. Consequently, the second-phase anal-
ysis that processes the delta between the snapshot and the
proxy graph needs to handle deletions, which are expensive
to process, e.g., 2× slower than processing additions [1].
Maintained Evolving Proxy Graphs (EPG). Notice that
evolving graph changes slowly, a well-known belief that has
been used in optimizing evolving graph analytics [12, 30,
46, 70] and storage [12], we employ a single high-fidelity
base proxy to capture the critical graph structure of recent
snapshots and use a lightweight maintenance heuristic to
adapt it computation-friendly to the second-phase refinement.

The complete EPG construction design is summarized in
Figure 6. Following standard graph storage practices [42],
we periodically construct proxy graph checkpoints offline.
These proxy graphs are generated by evaluating queries on
the top-K highest-degree vertices. For each vertex reached by
a query, different from existing methods [32, 76], we select
only one edge on its critical path (e.g., the shortest path from
the source), thus keeping the proxy graph size complexity
of O(|V |). In our implementation, we empirically set K to
10 by default. To ensure sufficient structural coverage, if the
resulting proxy remains below a predefined threshold (e.g.,
10%) of the original snapshot size, we further augment it by
evaluating other high-degree vertices that appear at a few hops
from the source of the existing critical paths for the K queries.
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After the arrival of query Q on window [t1, tN ], we retrieve
the nearest preceding checkpointed proxy graph at t0 as the
base proxy graph for EGA, denoted by Gp

0 , where t0 ≤ t1. We
then apply the maintenance heuristics to map original deltas
(∆+

i ,∆
−
i ) onto Gp

0 for generating subsequent proxy graphs:

Gp
i+1 = Gp

i ⊕∆
+
i ⊖∆

−
i , i ∈ [0,N). (1)

When the addition deltas are large, we selectively choose two
types of edges from ∆

+
i to keep the proxy graph compact

while preserving fundamental structure: (1) bridge edges that
connect two high-degree vertices, and (2) backup edges that
connect any low-degree vertex to others.

Beyond the differences from existing work in pre-
evaluation query and critical edge selection, the maintained
EPG is specifically designed for dynamic scenarios with two
key benefits. First, its update logic can be integrated seam-
lessly with the original graph’s update procedure, and can
even be executed concurrently to hide EPG generation la-
tency. Second, by explicitly applying deletions, EPG remains
a strict subgraph of the original graph (Gp

i ⊂ Gi). As a result,
the evolving proxy graphs can effectively drive the deletion-
free incremental analysis in the second phase, while keeping
the high structural fidelity.

4.2 Two-stage Evolving Graph Analysis
P1: In-memory Evolving Proxy Graph Analysis. In this phase,
the query is evaluated on the proxy graphs Gp

i to derive
approximate results {Rp

i } for the corresponding snapshots.
After transferring the UnionCSR format of evolving proxy
graphs, which is generated when creating the format of the
original evolving graph, to the GPU once, this entire phase
executes entirely within the GPU memory. As a result, evolv-
ing proxy graphs can be evaluated efficiently using exist-
ing in-memory EGA incremental analysis engines, such as
streaming-based [46, 70] and batch-based [1] mentioned in
§2.3. We adopt the batch-based incremental analysis method,
as it aligns more with the GPU’s massive parallelism.

By first analyzing the shared subgraphs of a series of proxy
graphs Gp

c (via view_shared), batch-based analysis first ob-
tains Rp

c and then incrementally processes additional edges
of the proxy graphs to the shared graphs ∆(Gp

i −Gp
c ) (via

view_diff) to obtain Rp
i . Note that only the edge additions over

the subgraph are processed in this process, where each edge
e in the delta is tried once in relaxation operations (called
tracing), e.g., in SSSP, push the value of source e.src to the
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Figure 7: An illustrated example of applying refinement.

destination e.dst if val(e.src)+ e.weight < val(e.dst). The
affected vertices are added to the frontier to finish the con-
vergence as the normal graph processing. Since these incre-
mental analyses start from the shared subgraph that has no
inter-dependency, we thus parallelize them using the same
concurrent analysis kernel in the second phase below.
P2: Concurrent Out-of-memory Incremental Analysis for
Snapshots. In the second phase, POEGA refines the approxi-
mate results Rp

i into precise results Ri for each snapshot Gi.
This is achieved by treating the graph difference, ∆(Gi−Gp

i ),
as a batch of edge additions and performing an incremental
analysis. Benefit from our evolving proxy graph construc-
tion (Gp

i ⊂ Gi), the incremental analysis performed during
refinement is deletion-free. This process consists of two pri-
mary steps: (1) direct-propagate the addition delta to iden-
tify the effects of ∆(Gi−Gp

i ) to Rp
i and (2) re-convergence,

which resumes iterative processing until convergence. As in-
troduced in existing incremental analysis designs (§2), the
direct-propagate step performs a single-pass traversal over the
delta edges, applying the edge function to each. An illustrated
example is shown in Figure 7. After getting the approximate
results for the proxy graph of snapshot G3 in Figure 1, the
direct-propagate step processes the delta edges (bold in G3).
Specifically, it applies the edge function for the delta edge
(c,d) and then updates the value of vertex d to 22. Subse-
quently, during the re-convergence phase, this updated value
is further propagated through the graph iteratively, ultimately
refining the result of f . Since this refinement aligns with tra-
ditional incremental analysis [23, 66, 70], their correctness in
reaching the precise value of Gi is inherently guaranteed.

Different from P1, both steps in P2 require out-of-memory
graph data accesses. For the direct-propagate, since the delta
size is relatively large, we use the explicit data management
method [62] to transfer the data to the GPU memory to avoid
the throttling performance. For the following convergences,
we employ the implicit data transfers, since the incremental
analysis involves a relatively small frontier size, where the
implicit transfers outperform the explicit ones as they avoid
the data preparation (e.g., compaction).
Coalesced Computation. Since the processing logic is the
same across snapshots (for both proxy and full graph analy-
sis), we fuse the analysis of multiple snapshots into a single
kernel to concurrently execute them, as shown in Algorithm 1.
Thanks to the UnionCSR format, this concurrent analysis
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Figure 8: Inter-snapshot Redundant Computations in EGA.

coalesces the access to the neighbors of a vertex. Instead of
issuing individual memory requests for each snapshot, threads
access the neighbor union of a vertex in a single transaction
(Lines 3-4). The kernel then determines edge presence in a
snapshot via bitwise operations (Line 6). This reduces GPU
global and out-of-memory traffic regardless of explicit or im-
plicit data transfers. Analyzing vertex v in N snapshots in
an iteration requires |neigh(v)| times memory access, out-
performing ∑i∈[1,N] |neighi(v)| required by separate kernels.
Besides, the access to the active vertex set, i.e., frontiers of
snapshots, is coalesced (Line 2) by maintaining the union
of frontiers (Line 10), similar in spirit to prior static graph
multi-query concurrent analysis [10,82]. Using this technique,
the memory footprint is reduced, while the correctness of
monotonic algorithms is not affected [82]. But since this
method introduces unnecessary computations, we optionally
also maintain separate frontiers if the memory budget allows.

Finally, thanks to the fused processing of multiple snap-
shots in one kernel, as of one snapshot, existing GPU thread
scheduling schemes, such as the vertex-centric [36], warp-
centric, or block-centric [75] processing, can be seamlessly
applied to our concurrent analysis kernel to solve the thread
mapping efficiency of graph algorithms on GPUs.

Algorithm 1 Coalesced Concurrent Analysis (G,[1,N])
__global__ SSSP_CoalConcur(...)

1: /* id is thread ID, warp ID, or block ID. */
2: vid = f rontier[id];
3: for eid = G.vertexPtr[vid] to G.vertexPtr[vid +1] do
4: e = G.neighbors[eid];
5: for sid = 1 to N do /* a thread or a warp of threads */
6: if e.bmp[sid] then
7: new_val = value[vid][sid]+ e.weight;
8: if new_val < val[e.dst][sid] then
9: CASMIN(val[e.dst][sid],new_val);

10: f rontier_n← e.dst;

4.3 Bound-based Pruning
In the concurrent analytics frameworks discussed in previ-
ous sections and prior works [10, 82, 87, 90], computations
for neighbors, including arithmetic operations and atomic up-
dates, are executed individually for each snapshot. This occurs

Table 1: Bounds in the conditions for pruning over edge (u,v).

Alg. Push conditions ▷◁ Bsrc(val(u)) Bdst(val(v))

SSSP val(u)+w < val(v) < val↓(u) val↑(u)
BFS val(u)+1 < val(v) < val↓(u) val↑(u)
SSWP min(val(u),w)> val(v) > val↑(u) val↓(u)
Viterbi val(u)/w > val(v) > val↑(u) val↓(u)
SSNP max(val(u),w)< val(v) < val↓(u) val↑(u)
WCC val(u)< val(v) < val↓(u) val↑(u)

even when the graph data accesses are coalesced.
However, we identify that this distinct per-snapshot com-

putation incurs significant redundancy due to the inherent
temporal locality of evolving graphs. We define redundant
computation as edge operations that yield identical values
or trigger the same control-flow outcomes (e.g., effective up-
dates) on the same vertex across all snapshots. Our profiling
shown in Figure 8 reveals that such redundancies constitute
18.2% to 59.6% of the total computations, highlighting a sub-
stantial potential for optimization.

Eliminating these redundant computations is challenging
because vertices with identical converged results cannot be
identified a priori. To address this, we propose a runtime prun-
ing technique based on the bounds of values. This approach
leverages necessary conditions, rather than exact conditions,
to rapidly identify and prune redundant operations.

Definition 1 (Value Bounds). Let vali(u) be the converged or
intermediate value of vertex u in snapshot i, where i ∈ [1,N].
We define its lower bound as val↓(u) = minN

i=1(vali(u)) and
the upper bound as val↑(u) = maxN

i=1(vali(u)).

We now detail the bound-based pruning mechanism ap-
plied to the computations for an edge (u,v) across snapshots
G1, . . . ,GN . First, we abstract the generic relaxation criterion
that serves as a prerequisite for updating val(v), denoted as
[val(u)⊗w(u,v)] ▷◁ val(v). Here, ⊗ represents the numeri-
cal operator that generates a candidate value, and ▷◁ denotes
the relational operator that determines whether the candidate
yields a superior result. While we formulate this using the
push model, this logic applies symmetrically to the pull-based
model (where v checks incoming neighbors). The specific op-
erators for the graph algorithms evaluated in this work (§6)
are listed in Table 1.

Definition 2 (Pruning Criteria). For an algorithm Q, the
computations over edge (u,v) across all snapshots can be
safely pruned if the following necessary condition fails to
hold: [Bsrc(val(u))⊗w(u,v)] ▷◁ Bdst(val(v)) is False, where
Bsrc and Bdst represent the specific bounds (upper or lower)
determined by ▷◁.

Table 1 specifies the bounds for different algorithms. The
logic is as follows: if ▷◁ is <, a successful update requires the
candidate value to be smaller than the current value. There-
fore, we use the lower bound for the source u (best-case can-
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didate) and the upper bound for the destination v (worst-case
target). If this “best-case” fails to trigger an update, compu-
tations for all snapshots can be skipped. The inverse logic
applies when ▷◁ is >.

An example of this pruning technique for SSSP is shown in
Figure 9. In Case (a), the source’s lower bound (after adding
weight) is 5, which is not smaller than the destination’s upper
bound (5). This mathematical guarantee ensures that no snap-
shot can trigger a valid update, allowing the kernel to safely
skip all N computations/comparisons for this edge. Case (b)
highlights the necessary nature of this check. Although the
bound condition allows the computation to proceed (i.e., no
pruning), specific values in individual snapshots may still fail
to trigger updates. Thus, passing the bound check implies a
potential, rather than guaranteed, update.

Algorithm 2 Coalesced Concurrent Analysis with Pruning
__global__ SSSP_CoalConcur_Prune(...)

1: vid = ...
2: for eid = G.vertexPtr[vid] to G.vertexPtr[vid +1] do
3: e = G.neighbors[eid];
4: if not Q.necessary(vid,e.dst, Upper, Lower) then
5: continue; /* Bypass Redundant Computation */
6: for sid = 1 to N do

... /* Lines 6-10 in Algorithm 1 */

__global__ Update_Bound(...)
14: if vid in f rontier then
15: Upper = max(val[vid][...]);
16: Lower = min(val[vid][...]);

Lazy Update of Bounds. In implementation, we store the
bounds of the vertices in two arrays: Upper and Lower. How-
ever, maintaining exact bounds in real-time on the GPU is
expensive, as it necessitates frequent atomic updates to the
global Upper/Lower arrays, leading to high memory con-
tention. A key insight is that out-of-date bounds can still
serve as a valid basis for safe pruning, even if they miss some
optimization opportunities. We thus introduce a lazy update
runtime technique for the bounds. As shown in Algorithm 2,
instead of updating bounds immediately after the edge relax-
ation within each iteration, the lower and upper bounds of a
vertex’s values are updated only at the end of each iteration,

via a separate lightweight kernel (Lines 14 to 16).
Correctness of the runtime lazy update. Using lazy bounds
preserves the algorithmic correctness by analyzing the effects
of out-of-date bounds of the destination (Bstale

dst ) and source
(Bstale

src ) vertices separately. Without loss of generality, we
assume a monotonically decreasing algorithm (e.g., SSSP),
where both upper and lower bounds can only decrease or
remain static.

• For the destination vertex, the pruning checks its upper
bound. Since values decrease monotonically, the lazily up-
dated (stale) upper bound is always a conservative overesti-
mation of the true state (i.e., Bstale

dst ≥ B true
dst ). If the pruning

condition (e.g., Candidate ≥ Bstale
dst ) holds for the looser

stale bound, it guarantees that it also holds for the tighter
true bound. Thus, a stale Bdst only leads to missed pruning
opportunities, but never incorrectly prunes a valid update.

• For the source vertex, the pruning checks its lower bound.
A stale lower bound implies Bstale

src ≥ B true
src , which may re-

sult in an inflated candidate value. Theoretically, this could
trigger a “false positive” pruning (i.e., skipping a compu-
tation that should be performed). However, correctness is
maintained by the iterative nature of the graph algorithm:
if B true

src has decreased, the source vertex u must have been
updated and added to the active frontier. Consequently, this
edge will be re-evaluated in the next iteration with the up-
dated bounds. While this may slightly delay convergence,
it ensures no valid updates are permanently lost.

5 Divergence-Aware Vertex State Management

While the concurrent execution design in POEGA effectively
harnesses GPU compute resources, the achievable degree of
concurrency remains bottlenecked by the O(|V |×N) space
complexity required to maintain query states (e.g., distance
values) across N snapshots. To address this issue without
resorting to expensive host-device transfers or concurrency-
limited execution, POEGA introduces the Adaptive Multi-
Version Array (AMVA), a divergence-aware storage backend
that dynamically manages a hybrid scalar-vector layout.

5.1 Dynamic Data Layout

Design Goals. Existing dynamic graph formats on GPUs, in-
cluding those based on Packed Memory Arrays (PMAs) [65,
94] and linked lists [21, 77], are predominantly optimized
for topological mutability (e.g., structural edge insertions and
deletions). However, these designs are ill-suited for the vertex
state management required by incremental graph analysis,
which involves massive, concurrent read-modify-write opera-
tions. Consequently, a high-performance state management
design should satisfy three requirements:
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Figure 10: Inter-snapshot Equivalent Values in EGA (|∆|-N).

• Deterministic O(1) access complexity. Data structures
requiring traversal (e.g., pointer chasing in linked lists)
or search (e.g., binary search in PMAs) to locate value
data introduce significant latency, and exacerbate thread
divergence and stall execution pipelines on GPUs, lead-
ing to severe performance degradation.

• Spatial locality for memory coalescing. Conventional
dense arrays (as shown in Figure 11(a)) offer excellent
spatial locality. Conversely, adopting formats with poor
locality (e.g., hash-based structures [5]) would break
memory coalescing and waste GPU memory bandwidth.

• Minimal data movement overhead. Dynamic struc-
tures like PMAs often require shifting contiguous mem-
ory blocks to accommodate element insertion. Such
cascading data movement triggers severe write amplifi-
cation and requires costly global synchronization [88].
Therefore, the proposed state management design must
avoid physical data relocation or re-allocation [77].

As shown in Figure 10, empirical analysis reveals that a
substantial portion of vertices (65% to 95%) maintain invari-
ant state values across all snapshots during incremental EGA.
This indicates that statically provisioning a full-version value
array for every vertex is prohibitively wasteful. However,
since the set of stable vertices is input and query dependent
and unknown a priori, exploiting this redundancy requires a
design that performs adaptive compaction at runtime. To sat-
isfy the design goals, we propose the Adaptive Multi-Version
Array. Specifically, AMVA employs a dual-format storage
strategy: (i) Scalar format, which stores a single value shared
across all snapshots for stable vertices; and (ii) Full-version
format, which maintains a dense vector of N values for di-
vergent vertices. Compression schemes (e.g., storing only
unique values) are deliberately avoided for deterministic O(1)
addressing: the current binary design ensures that states of a
vertex in any snapshot can be accessed via either a direct read
or a single-level redirection.
Layout. The AMVA consists of two core components:
(i) The Vertex Directory (VD). The VD acts as the primary
lookup table, implemented as a linear array where the i-th
element corresponds to vertex vi. To minimize memory foot-
print, a tagged pointer scheme is employed to multiplex data
and metadata within a single word (extensible to larger data

(a) Full-version Arrays (b) AMVA
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Figure 11: Vertex State Representations.

types). As shown in Figure 11(b), the two Most Significant
Bits (MSBs) serve as the divergence flag, while the remaining
bits constitute the payload. The flag bits encode the current
mode of the vertex. Across different modes, the payload stores
either the shared value directly or an index offset pointing to
the Expansion Buffer. More details are shown in §5.2.
(ii) The Expansion Buffer. To accommodate divergent vertices,
we pre-allocate a contiguous memory block on the GPU, or-
ganized as Bmax rows where each row contains N elements.
The j-th element of a row stores the value for snapshot G j.
When a vertex transitions from scalar format to full-version
format, a free row from this buffer is assigned to that vertex,
i.e., expansion. To ensure high-throughput expansion, we uti-
lize a lock-free bump-pointer allocator [64] design with
managing a global atomic counter that tracks the index of
the next available row. Consequently, assigning a buffer row
requires only a single atomic update (e.g., atomicAdd).
Memory Management. POEGA adopts a flexible provi-
sioning policy. Prior to execution, it checks if the residual
GPU memory suffices for full state materialization. In un-
constrained scenarios (e.g., small datasets or low concur-
rency), POEGA reverts to the flat full-value arrays. However,
when memory bottleneck comes from vertex state manage-
ment, AMVA is instantiated with a total footprint bounded by
(|V |+Bmax×N). We determine the buffer capacity Bmax based
on the remaining memory budget after allocating essential
graph structures (e.g., the proxy graph, frontiers, etc.). Due to
the high stability of vertex values in EGA, this pre-allocated
buffer typically accommodates all divergent vertices. In cases
where extreme divergence exhausts the buffer, POEGA en-
forces concurrency throttling, which restricts the batch size.
We consider this an acceptable trade-off, because such high-
divergence scenarios typically imply sufficient workload to
saturate GPU compute resources.

5.2 Lock-Free Access Protocols

To support lock-free expansion of a vertex value, three op-
erational modes for elements in the VD are defined using
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the divergence flag (i.e., tag bits): (1) Compact mode (00),
where the lower bits store the scalar shared value; (2) Expand
mode (01), which indicates an ongoing expansion, where the
lower bits still hold the valid but potentially stale value; and
(3) Buffer mode (11), where the payload stores the offset in-
dex pointing to the expansion buffer. Based on these modes,
AMVA supports three core operations on the vertex states:
write(), write_expand(), and read().

Direct Write. When a thread attempts to update the state of
a vertex v in snapshot Gi after verifying the push condition
of edge (u,v) (e.g., vali[u]+w < vali[v] in SSSP), the write()
operation handles two specific scenarios: (i) Buffer Mode
Detected. If the thread finds v is in the Buffer mode (tag 11),
it follows the payload pointer and directly writes the new
value into the expansion buffer using an atomic operation. (ii)
Expand Mode Detected. If v is in Expand mode (tag 01), it
indicates another thread is currently processing an expansion.
The current thread waits until the mode transitions to Buffer
Mode, after which it completes the write update.

Write with Expansion. When a thread attempts to update the
state of a vertex v in the Compact mode, it initiates the expan-
sion procedure and finishes the update via write_expand(). To
ensure data consistency under high concurrency, we design a
four-step atomic expansion protocol, as shown in Figure 12.
1 Ownership Acquisition. The thread attempts to acquire

exclusive rights to expand the values of v using an atomic
Compare-and-Swap (CAS) instruction. It tries to transition
the state mode from Compact to Expand while preserving
the original value in the payload. Only one thread succeeds;
failing threads infer that another writer has either claimed
the vertex or completed the expansion, thus triggering a retry
of write(). 2 Low-overhead Allocation. The owner thread
allocates a new row in the expansion buffer by performing an
atomic addition of the global counter with the old offset
recorded. 3 Data Migration and Update. The owner thread
expands the old scalar value (carried in the CAS payload)
to all snapshot entries in the newly allocated buffer row. It
then writes the new value (e.g., vali[u]+w) directly into the
target snapshot column i. A memory fence is issued after

this step to ensure these writes are visible to all threads. 4
Atomic Publishing. Finally, the owner commits the expan-
sion by atomically updating the entry in the VD. The tag is
flipped to Buffer mode (11), and the payload is replaced with
the buffer index offset. This atomic instruction acts as the
linearization point: once executed, all subsequent accesses
are seamlessly redirected to the buffer.
Direct Read. When accessing a vertex state, read() first in-
spects the MSB of the tag: If MSB is 1 (i.e., Buffer mode),
the reader thread follows the offset payload to retrieve the
latest value from the buffer. If MSB is 0 (Compact or Expand
mode), the value stored in the VD is consumed directly. Note
that in Expand mode, the value retrieved may technically be
“stale”, but this will not affect the final results of incremental
EGA when the target graph algorithm exhibits monotonicity.

Correctness of Stale Reads. Let dstale denote the stale state
read from a vertex currently in Expand mode and dnew denote
the finalized state being written to the buffer. This vertex can
be a source or a destination. (i) For source access: propagating
updates derived from a source dstale corresponds to processing
a valid previous state of the graph. This may trigger loose up-
dates (e.g., a path distance that will later be shortened), which
are valid relaxations respecting the algorithmic invariants.
The algorithm will eventually converge to the correct fixed
point once the tighter dnew is propagated. (ii) For destination
access: If a candidate update fails to improve upon dstale ,
it is insufficient. Since the candidate update is worse than
dstale, the update is transitively worse than dnew, considering
the monotonicity property (e.g., dstale ≤ dnew in minimiza-
tion problems). Thus, discarding the update based on dstale
yields the same logical outcome as checking dnew. In sum, the
correctness of this read() operation is guaranteed.

6 Evaluation

6.1 Evaluation Methodology
Implementation. We prototype POEGA as a graph framework
written with C++ and CUDA. We integrate our framework
with an open-source in-memory GPU-based static graph pro-
cessing framework [57, 75]. To make a fair comparison, we
incorporate this framework and UnionCSR format into all the
compared systems.
Baselines. We compare POEGA with the following systems:

• Re-evaluation-based Approach: EGraph [86], which em-
ploys a re-evaluation analytics engine and reuses the trans-
ferred shared graphs among snapshots to reduce data trans-
fer overhead.

• Streaming-based Incremental Analysis Approach: including
Grapin [74], which employs the state-of-the-art streaming-
based analytics engine [20, 70] and uses zero-copy for out-
of-memory accesses. We also integrate the Kickstarter en-
gine with unified memory (KS-UM), which allocates the
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Table 2: Graph Statistics.

Graph V E Sizeorg Sizeunion
UK-2005 (UK) [61] 40M 1.6B 12GB 18GB

IT-2004 (IT) [61] 41M 2.1B 16GB 24GB
Twitter-2010 (TW) [39] 62M 2.4B 18GB 27GB

SK-2004 (SK) [61] 51M 3.7B 28GB 41GB
Subdomain (SD) [50] 102M 3.9B 30GB 44GB

Table 3: Graph Algorithms and their Edge Functions.

Alg. (Q) EdgeFunction(e(s,d))

SSSP CASMIN(dist(d), dist(s) + w(s,d))
BFS CASMIN(level(d), level(s) + 1)
SSWP CASMAX(wide(d), min(wide(s), w(s,d)))
Viterbi CASMAX(vite(d), vite(s) / w(s,d))
SSNP CASMIN(narrow(d), max(narrow(s), w(s,d))
WCC CASMIN(id(d), id(s))

graph data with cudaMallocManaged(), and state-of-the-
art explicit data transfer method Subway [62] (KS-SW).

• Batch-based Incremental Analysis Approach: we deploy
Mega [17] on GPUs, which employs state-of-the-art Com-
monGraph [1] as analytics engines and reuses the delta
transferred with Subway. We also integrate CommonGraph
with unified memory (CG-UM) and zero-copy (CG-ZC).

Evaluation Platform. Experiments are mainly conducted
on a server equipped with an NVIDIA RTX A4000 GPU
with 16 GB memory and a 16-core Intel Xeon Gold 6426Y
2.50GHz processor with 256 GB RAM. The server runs on
Ubuntu 20.04.6 with Linux kernel 5.15.0, and the codes are
compiled with CUDA 12.4 with the highest optimization level.
For large datasets, we extend the evaluation onto an NVIDIA
A6000 Ada GPU with 48 GB memory, while keeping the
remaining system configuration unchanged.
Graph Datasets. Evaluations were conducted with a set of
real-world graphs from different domains. Table 2 lists these
graphs with their original graph CSR sizes (Sizeorg) and their
UnionCSR sizes (Sizeunion) for EGA, both with weights. All
these graphs have their UnionCSR sizes exceeding the GPU
memory, requiring out-of-GPU-memory graph processing.
Following prior studies [45, 66, 70], we initialize and warm
up the system by preloading 50% of each dataset as the base
snapshot (G0). Unless otherwise specified, all experimental re-
sults presented in this section are obtained over 32 snapshots;
and each snapshot involves a delta batch of 0.1% updates,
including 0.05% edge additions (randomly selected from the
remaining dataset) and 0.05% edge deletions (randomly se-
lected from the loaded portion).
Graph Algorithms. We use six types of graph queries to eval-
uate the graph analysis performance, including BFS (breadth-
first search), SSSP (single source shortest path), SSWP (sin-
gle source widest path), SSNP (single source narrowest path),

Table 4: Performance Results (Seconds).

Alg. G. EG-
raph

KS-
UM

KS-
SW

Gra
pin

CG-
UM

CG-
ZC

Me-
ga

POEGA

BFS

UK 172 5.8 14.9 8.6 32.4 33.7 18.0 1.4
IT 205 22.5 20.9 13.1 78.3 55.3 16.4 2.1

TW 164 78.5 25.4 21.2 88.1 44.8 17.5 1.8
SK 537 80.4 25.3 18.2 102 85.7 32.5 2.3
SD 859 194 24.3 12.7 178 71.7 51.3 3.2

SSSP

UK 446 17.7 40.3 18.8 58.9 63.2 17.9 2.0
IT 341 38.8 45.7 13.2 162 84.0 17.5 1.7

TW 182 92.8 39.6 15.6 103 39.0 53.9 1.5
SK 767 97.2 49.3 33.0 187 135 33.2 2.7
SD 1097 297 44.3 18.9 339 69.7 49.6 3.6

SSWP

UK 476 10.0 32.8 10.6 35.8 30.5 19.8 1.3
IT 948 23.4 53.3 13.1 54.0 46.1 25.6 1.7

TW 271 89.4 30.8 13.7 82.0 38.5 71.3 1.6
SK 1749 96.4 66.6 27.9 123 83.5 70.1 2.8
SD 3545 208 73.1 18.0 222 66.9 119 5.9

Viterbi

UK 474 17.1 8.5 25.9 63.8 34.3 16.3 1.1
IT 923 37.9 41.6 23.9 15.9 52.4 27.1 1.8

TW 276 94.6 28.0 21.2 11.3 38.1 71.7 1.5
SK 1909 109 88.5 31.9 178 174 92.7 4.6
SD 3473 274 50.7 19.1 276 66.8 127 4.7

SSNP

UK 288 4.0 17.4 8.6 30.6 30.5 14.0 1.2
IT 994 22.5 51.6 13.9 56.2 45.3 27.2 1.8

TW 274 89.1 22.5 14.3 83.0 38.4 72.7 1.6
SK 1479 99.5 65.2 36.3 124 86.7 87.5 2.5
SD 4318 202 65.4 15.9 201 74.3 125 3.7

WCC

UK 288 5.9 14.3 9.9 30.6 29.5 9.3 1.6
IT 994 19.0 13.2 7.8 48.6 39.5 12.8 1.9

TW 274 60.8 17.6 14.6 87.0 37.4 35.1 1.5
SK 1479 68.3 22.2 19.5 92.1 69.0 32.5 2.7
SD 4318 126 17.9 11.0 14.6 60.2 63.6 3.0

GMean Speedup (×) 10.6 17.2 33.4 7.1 9.9 15.0 253.9

Viterbi, and Weakly Connected Component (WCC). Table 3
lists their edge functions.

6.2 Overall Performance
Table 4 reports the overall performance of all the methods,
as well as the geometric mean speedup over the baseline,
EGraph. The results show that POEGA outperforms other
systems across all datasets and algorithms, achieving 253.9×
speedup over the baseline method EGraph. When compared
with SOTA (the fastest system other than POEGA in each
case), POEGA has the speedup of 6.6× on average, and at
most 14.3× for SSNP on the SK dataset.

Specifically, against the streaming-based method (KS) with
different GPU memory management, POEGA achieves 23.9×,
7.6×, 14.7× speedups over unified memory (UM), Grapin,
and Subway (SW) in geometric mean, respectively. Besides,
against the batch-based method (CG), POEGA achieves 35.8×,
25.5×, 17.0× speedups over UM, zero-copy (ZC), and Mega.

We observe that the streaming-based methods generally
outperform batch-based methods, particularly when using ze-
rocopy. This is due to the trade-off between parallelism and
data efficiency. KS exploits the exact dependency tracing and
result bootstrapping to minimize the data required for analysis.
In contrast, CG requires much more data to support its parallel
incremental analysis [17], which is even more expensive for
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Figure 13: Two Phases Breakdown (SSSP).

the explicit data transfer (SW). The consistent speedups of
POEGA over both categories confirm the effectiveness of its
holistic approach for GPU memory management and paral-
lel computation efficiency. Finally, all incremental systems
show consistent speedups over recomputation-based EGraph,
validating the fundamental advantage of result reuse in EGA.

6.3 Breakdown Analysis

To assess the contribution of the proposed components to the
final results of POEGA, we conduct a breakdown analysis.
Breakdown of the Two Phases and Effect of Coalesced
Concurrent Analysis. Figure 13(a) decomposes the execu-
tion latency of POEGA. The P1 phase, which performs in-
memory EPG analysis, accounts for 24% to 39% of the total
runtime, with an average of 31%. Although the P2 refinement
phase remains the dominant cost, its latency is reduced to a
level comparable to in-memory processing through our coa-
lesced concurrent execution design. To further evaluate this,
Figure 13(b) compares POEGA against two alternative strate-
gies for P2: concurrent execution with CUDA stream [58] and
sequential execution. Note that several techniques in POEGA,
e.g., bound-based pruning, cannot be supported under a multi-
stream execution. The coalesced strategy in POEGA achieves
13.6× and 21.9× speedups over these two baselines, respec-
tively. These results validate the efficiency of data access
optimization and computation reduction discussed in §4.3,
and indicate that naive concurrency alone is insufficient to
fully utilize GPU resources.
Effect of Evolving Proxy Graph. To evaluate the benefits of
evolving proxy graph (EPG), we benchmark POEGA against
three alternative proxy graph strategies: evolving proxy graph
generated for each snapshot with (1) the random sampling
(RS), (2) the heuristics in Wonderland (WD) [85] (e.g., edges
with the least weights), both sized at 10% of E, and (3) a static
Core Graph [32]. Results in Figure 14 show that EPG helps
POEGA achieve average speedups of 5.4× over RS and 3.8×
over WD. This is due to the higher accuracy of EPG (from
87.1% to 98.8%) compared to that of RS (10% to 26%) and
WD (14% to 48%). Besides, EPG in POEGA outperforms the
static core graph by 2.4×, despite the latter’s high accuracy for
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the initial snapshot. This verifies the benefits of incremental
analysis-oriented adaptation for updates. Besides, the proxy
graphs in POEGA account for 12.1% to 15.9% of the original
snapshot sizes, with a maintenance and generation cost of
less than 0.3 seconds per snapshot. Note that this cost can be
covered by the graph storage update procedure.
Effect of Bound-based Pruning. To evaluate the impact of
the bound-based pruning, we disable it and then benchmark
POEGA. The results in Figure 15 show diverse benefits of
pruning on different graph datasets and algorithms. It im-
proves the performance of POEGA by up to 2.8×, and by
1.6× on average. These results highlight the room for fur-
ther improving the concurrent analysis by reducing redundant
computations across snapshots, underscoring the effectiveness
of our approach, including the lazy updates of the bounds.
Effect of Using AMVA. We evaluate the effectiveness of
AMVA in scenarios where allocating full value arrays out of
GPU memory (e.g., 32 snapshots of TW/SD). AMVA is com-
pared against two alternative strategies: (1) batch-by-batch,
which trades reduced concurrency to memory, and (2) zero-
copy for managing out-of-memory value arrays. Results in
Figure 16 show that AMVA outperforms batch-by-batch con-
current analysis up to 3.3×. This contributes to the benefits of
snapshot coalescing with a higher concurrency. Notably, both
AMVA and batch-by-batch analysis consistently outperform
zero-copy, demonstrating the need for explicit runtime state
management on GPUs.

The results in Figure 16 also present the impact of AMVA
on two phases and yield two observations. First, AMVA de-
livers more gains at higher snapshot numbers (32 and 64), yet
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exhibits a performance degradation compared to the batch-by-
batch method at smaller scales (8 and 16). This indicates that
when potential concurrency is limited, the runtime overheads
of AMVA outweigh its memory-saving advantages. Second,
AMVA introduces a trade-off between the two phases. While
it boosts P2 by up to 4.7× and 12.9× compared with batch-
based and zero-copy, it results in only marginal gains, or even
slight slowdowns for P1. This is because in-memory process-
ing benefits relatively less from increased concurrency, which
makes AMVA’s computational overhead more visible.

6.4 Scalability

We also examine the scalability of POEGA. First, the delta
batch size is set from 0.02% (0.01% add. and 0.01% del.) to
1% (0.5% add. and 0.5% del.) while keeping 32 snapshots.
Speedups of POEGA and two state-of-the-art systems, Grapin
and Mega, as well as the KS-SW, over KS-UM are reported in
Figure 17. POEGA and batch-based incremental system Mega
have consistently increasing speedups with larger delta sizes.
Mega outperforms Grapin when the delta is 1% for SSSP,
showing the scalability of batch-based incremental methods
in terms of delta size.

We then vary the snapshot number from 8 to 64 while keep-
ing the delta size at 0.1%. The results in Figure 18 show that
POEGA generally has more benefits than other approaches
across different N. Streaming-based methods, KS-SW and
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Table 5: Performance results (seconds) for running over SD
dataset on a 48GB GPU.

Systems BFS SSSP SSWP Viterbi SSNP WCC

EGraph 212.6 254.1 759.4 620.2 966.4 182.9
Grapin 10.9 16.0 14.1 16.1 11.3 9.7
Mega 12.0 21.4 52.9 55.4 60.5 18.6

POEGA 2.7 2.4 2.2 3.0 2.7 2.6

Grapin, have stable performance with different N, which is
due to their sequential processing of delta for each new snap-
shot, regardless of the total snapshot numbers. KS-SW shows
a fluctuating performance because it is sensitive to the effect
of deletion deltas.
Results on a GPU with 48 GB memory. We further evaluate
the scalability of POEGA on a GPU platform with increased
memory capacity. Table 5 reports the performance of POEGA,
the baseline, and the SOTA systems over the graph dataset SD
on a 48 GB GPU. Note that despite the larger GPU memory,
the runtime state and graph data of SD exceed 48 GB.

The results show that while increasing GPU memory to
48 GB improves performance for all systems, i.e., 4.2×
for EGraph, 1.2× for Grapin, 2.8× for Mega and 1.6× for
POEGA, the gains are sub-linear. These suggest that these
systems are generally memory-bound, yet simply scaling the
GPU memory size cannot fully mitigate the overhead of irreg-
ular, fine-grained out-of-memory graph data accesses typical
in incremental analysis. Notably, POEGA maintains its bene-
fits, achieving a 4.9× speedup over Grapin on SD, surpassing
the 4.0× speedup observed in the 16 GB scenario.

7 Discussion and Future Work

Monotonic Graph Algorithm. POEGA currently supports
graph algorithms that exhibit monotonicity, where vertex val-
ues only change monotonically across iterations before con-
vergence. This property is common for a wide spectrum of it-
erative graph algorithms: beyond the fundamental algorithms
presented in §6, it encompasses complex tasks such as graph
radii estimation and minimum spanning tree. The signifi-
cance of monotonicity has been extensively recognized and
exploited in prior graph systems. It serves as the theoretical
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foundation for for asynchronous iterative processing [62, 82],
result reuse in dynamic graph processing [11,16,70,83], auto-
mated parallelization [15], and iteration pruning [9,32,33,80].
Furthermore, as existing studies have provided automated
condition checkers to confirm whether a graph algorithm is
monotonic [20], users can directly leverage them to verify
whether an algorithm can be deployed in POEGA.

For non-monotonic graph algorithms, such as PageRank
and Betweenness Centrality, POEGA could integrate the cor-
responding incremental approach, such as Graphbolt [46], to
its analytics engine, while needing to adapt the bound-based
pruning technique, which currently relies on the monotonicity.
The efficiency of POEGA for non-monotonic graph algorithms
is an open problem, and we leave the investigation of general
incremental graph analysis on GPUs as our future work.
Extending POEGA to Multi-GPU Environments. Beyond
single GPU, POEGA can be extended to multi-GPU scaling.
In this scenario, snapshots can be distributed across multiple
GPUs by batch, with each batch still using the coalesced con-
currency analysis. Since the resident-memory proxy graph is
compact, it can be replicated on each device to enable inde-
pendent, zero-communication approximate analysis in P1. Be-
sides, future work could exploit the distinct bottleneck profiles
of POEGA’s two phases to overlap P1’s compute-intensive
tasks with P2’s I/O-intensive transfers across devices, further
mitigating the PCIe/NVLink overhead.

8 Related Work

Evolving Graph Systems. Various incremental computation
frameworks have been proposed. Early approaches such as
Tornado [66] and Naiad [54] explore the incremental analysis
concept, but only support edge additions. Kickstarter [70]
designs the runtime support for the analysis to enable the
capability of handling deltas with deletions, while Graph-
bolt [46] further supports the Bulk Synchronous Parallel
semantics on the basis of Kickstarter. Tegra [30] extends
streaming analysis to arbitrary time windows of the graph.
CommonGraph [1] proposes to transform the expensive dele-
tion processing into addition processing by first analyzing
the common subgraphs and then incrementally reaching the
full snapshots. MEGA [17] is an evolving graph accelerator
that improves data reuse in CommonGraph by optimizing
the scheduling of the incremental analysis. More recently,
UVV [2] further reduces computations in CommonGraph
by identifying vertices with stable values across snapshots.
However, UVV relies on offline evaluation over the union of
snapshots, which incurs significant overhead for large-scale,
out-of-core processing. POEGA departs from this by introduc-
ing online stable value identification. Through a lightweight
(yet safe) approximation for bound-based pruning, it achieves
similar computational savings without heavy pre-processing.

A few works have explored improving the data representa-
tion of Kickstarter. Risgraph [16] optimizes for the per-update

incremental analysis scenario, proposing the hash index for
the adjacency list of graph data to enhance access efficiency.
IncBoost [83] discusses the efficiency of dependency data
representations in Kickstarter. All these systems and formats
are built on multi-core or distributed CPUs.
GPU-based Graph Processing. Many GPU-based systems
are designed for a specific graph algorithm [6, 26, 67, 71].
Among the general frameworks, Gunrock [75] introduces the
frontier-centric model and implements a number of graph
primitives. Maximum warp [27], CuSha [36], warp segmen-
tation [35] and Tigr [57] focus on addressing GPU thread
divergence issues for irregular graphs. These methods are
orthogonal to the techniques of this work.

To address GPU memory oversubscription, early work Gra-
phie [22] and GraphReduce [63] adopt the partition-based
method and actively track the active vertices on partitions
to avoid unnecessary partition transfers. EMOGI [51] ex-
plores efficiently employing zero-copy for graph analytics.
Subway [62] proposes to transfer fine-grained partitions of
the active vertices. All of these works focus on the memory
oversubscription issue on the static graphs.

GPU-based dynamic graph systems are built to meet the
real-time response requirement for the applications on rapidly
evolving graphs. EGraph [86] proposes to share partitions
among snapshots in dynamic graphs to reduce the redundant
data transfer to devices. Grapin [74] adopts zero-copy for
its streaming incremental engine (based on Kickstarter) and
caches the hot vertices’ subgraph in the GPU to reduce poten-
tial data transfer overhead. CGCGraph [68] transfers active
shared partitions to GPUs while processing unshared active
parts on the CPU concurrently. Aside from analytics, a paral-
lel line of work has explored dynamic graph data structures
or storage on GPUs [5, 7, 21, 65, 77].

9 Conclusion

This work presents POEGA, a framework designed to enable
efficient large-scale evolving graph analytics on GPUs. It
adopts a proxy-guided incremental analysis model to reduce
out-of-memory IO, which first analyzes the proxy graphs and
then executes global refinement. To solve the extra compu-
tations, POEGA employs an efficient concurrent analysis on
GPUs, including bound-based pruning and adaptive state for-
mat to enable high concurrency. A comprehensive evaluation
of POEGA demonstrates its effectiveness.
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A Artifact Appendix

Abstract

This artifact provides the source code, benchmarks, and eval-
uation scripts for POEGA, a high-performance framework
designed to enable efficient large-scale evolving graph analyt-
ics on GPUs. It includes the implementation of proxy-guided
two-phase analysis, bound-based pruning, and adaptive multi-
version array.
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Scope
This artifact enables validation of POEGA’s performance
against seven compared systems mentioned in §6. Refer to
the artifact’s README for specific experiments.

Contents
The artifact includes core source code (src/), dataset pre-
processing utilities (tools/), and the script for running all
experiments (run.sh). The README details the full direc-
tory structure and contents.

Hosting
The artifact of POEGA is hosted at https://github.com/
YunMoZhang/POEGA. Use the latest commit on the master
branch.

Requirements
CUDA Toolkit (≥ 12.4) and CMake (≥ 3.18) are required.
Evaluated on an NVIDIA RTX A4000 GPU and NVIDIA
A6000 Ada GPU. Refer to the README for comprehensive
requirements.
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