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ABSTRACT
Graphs are used to model real-world systems that often evolve
over time. We have developed a streaming graph framework which,
while ingesting an unbounded stream of events mirroring a graph’s
evolution, dynamically updates the solution to a user query, and is
able to offer, on-demand and with low latency, the solution to the
query. Integral to our framework is that graph topology changes and
algorithmic messages are processed concurrently, asynchronously,
and autonomously (i.e., without shared state). This poster uses
graph colouring as a challenge problem to highlight two advan-
tages of our framework beyond those showcased by past work (i.e.,
low result latency, high sustained ingestion throughput, and scala-
bility). These additional advantages are: (i) the ability to efficiently
leverage the “free” computational resources available when the rate
of incoming topology events is below the maximum sustainable
throughput, and (ii) the ability to produce “stable” solutions to
queries as the graph evolves.

1 INTRODUCTION
Dynamic graph processing is gaining increasing attention. A recent
taxonomy by Besta et al. [1] provides a summary of existing graph
streaming frameworks. These frameworks aim to ingest the evolv-
ing graph through a stream of graph updates at high velocity, and
to repeatedly provide results to a standing graph analytics query
at different points in time. Prior work has shown that they offer
a significant performance improvement compared to using tradi-
tional solutions originally designed for static graphs, in which the
solution for each query needs to be computed from scratch [2, 4, 5].

In most existing state-of-the-art graph streaming frameworks,
the system ingests batches of graph updates and provides the al-
gorithm with a static snapshot of the evolving graph after each
batch; the algorithm then computes the solution for each snapshot,
often warm-starting with results from prior snapshots. The pro-
cess of ingesting events and executing the algorithm can be either
interleaved (event ingestion stops when the algorithm is running)
[5] or pipelined (event ingestion continues when the algorithm is
operating on a static snapshot) [3].

While offering a relatively easy-to-use algorithmic interface, this
approach, however, has several drawbacks:
■ High results latency (the delay from the moment the user asks
for the result to a query – or a batch of events has fully arrived –
until the result is produced), especially for frequent queries [8].

■ Wasted computational resources. When the system is deployed
to process real-world events in real-time, the computational re-
sources given are usually provisioned for the upper bound of the
event rate (otherwise buffered events will accumulate over time).
Frameworks following the batch approach are unable to fully
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utilize these resources at lower event rates, as they have to wait
for the entire batch to arrive before recomputing (or updating)
the solution.
We proposed a more flexible system that is not subject to batch

constraints. We have previously shown that the system is scalable,
enables real-time analysis (allows the solution to be extracted on-
demand, with arbitrary granularity, and low latency), and offers
more than an order of magnitude performance improvement over
prior work for fine granular queries [7–9].

We present two additional advantages of the system, using graph
colouring as a case study. First, while prior evaluations have focused
on performance bounds at (or near) the maximum sustainable in-
coming event rates, here we show that, unlike other designs (§3.1),
our system can efficiently leverage the “free” computational re-
sources available at lower incoming event rates to further reduce
latency. Second, as our system maintains the state of the algorithm
as the graph evolves, it is able to produce similar solutions when
comparing a new result to a prior result. We show that, compared
to computing from scratch for each query, our dynamic solution
provides better solution stability; for example, in the case of graph
colouring, solution stability implies a vertex is more likely to be
re-assigned the same colour as the graph evolves and the solution
is updated.

2 COMPUTATIONAL MODEL
We present an overview of the abstraction we propose in this sec-
tion, and refer the reader to [8] for a more detailed description. In
our model, each vertex belongs to a processing thread determined
by the vertex’s identifier and stores a list of outgoing edges.We view
each vertex as an independent agent – there is no shared state or
direct synchronization between vertices, and vertices communicate
with each other only via message passing.

Each processing thread repeatedly performs two tasks: (i) de-
queuing and applying topology updates and executing topology
event handlers, and (ii) consuming messages from other vertices
and executing message handlers. A thread only processes messages
when its topology event buffer is empty (i.e. it prioritizes topol-
ogy events). Note that a key difference between our model and
batch-based models is that, in our model, the algorithm reacts to
topology changes right after the graph store is updated, while in
batch models, the algorithm reacts only after the current batch is
fully ingested. (As an optimization, in our model a vertex can also
make progress on consuming algorithm messages when handling
topology updates.)
Result collection: Our framework provides solutions on-demand.
To collect a solution, the user would insert a marker in the event
stream. The system will then block topology events until the algo-
rithm converges, and thus the solution will reflect all events before
the marker and none after the marker.
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3 EVALUATION
To evaluate the proposed solution, we have implemented a proto-
type named Lollipop1. We use a dynamic algorithm for the graph
colouring problem, similar to the one described in [7]. The algo-
rithm assigns a colour to each vertex and ensures no two neighbours
share the same colour, while also trying to minimize the total num-
ber of colours used in the graph (the algorithm is greedy, as optimal
colouring is NP-Hard [7]).

We focus here on highlighting two advantages of our solution:
(i) we show that our solution can efficiently harness the “free” CPU
time available when the incoming event rate is below the maximum
sustainable throughput; and (ii) we show that it produces a stable
solution as the graph evolves – a property that solutions based on
static algorithms do not provide.
Experiment Settings:Weuse the incremental temporalWikipedia-
growth graph [6] stored as an event log (1.09 GB), with reverse
edges added (|𝑉 | = 1.9𝑀 , |𝐸 | = 80𝑀), and with timestamps from
2001-02-19 to 2007-04-05 (2,236 days). We use a commodity desktop
with a 10-core Intel Core i5-12600K CPU, 32GB DDR4 RAM @
4000MHz, and NVMe SSD. We parallelize across all 10 cores.

3.1 Latency vs. Ingestion Rate
When evaluating streaming frameworks, it is common to simulate
a stream of incoming events by reading from a file, and letting the
framework ingest events as fast as possible. This evaluates the max-
imum sustainable throughput of the system. However, in practice,
a system will usually be provisioned such that the average incom-
ing event rate is (well) above its maximum sustainable throughput.
Thus, we investigate such a scenario: the offered event rate is some-
where below the maximum rate the framework can handle – we
evaluate whether our solution can efficiently leverage the “free”
CPU time now available. To this end, we control the incoming event
ingestion rates and measure the query latency. Figure 1 presents
the results. For all query intervals, we observe that query latency
decreases as the event rate decreases. Note that when the system
cannot achieve the target ingestion rate (plots marked with a red
cross), the system enters the “batch” mode, where it processes only
topology updates and few algorithmic updates until a query blocks
the topology stream. Remarkably, at low incoming event rates, the
latency is orders of magnitude lower compared to that at high event
rates, showcasing the system’s ability to efficiently leverage “free”
CPU resources and produce real-time solutions with extremely low
latency. We note that this ability is not offered by streaming systems
that operate with batches like GraphBolt [5] or GraphOne [3].

3.2 Solution Stability
In the context of graph colouring on static graphs, solutions are typ-
ically deemed of higher quality if they require fewer colours. How-
ever, on dynamic graphs, we argue that solution stability should
also be considered as a secondary solution metric: that is, for a
dynamic graph, a set of graph colourings is better if the difference
between consecutive colourings is minimized; that is, a dynamic
graph colouring solution is better if vertices preserve their colour

1Lollipop is open-source: https://github.com/ScottSallinen/lollipop
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Figure 1: Query latency under different event rates and query inter-
vals. Columns: Target event rate. Rows: Query interval. In each subplot, the
x-axis is the time from 2005-03-15 to 2007-03-15, and the y-axes are query
latencies in ms (red, left axis) and the percentage of edges added (green,
right axis). A brown “X” indicates the target rate could not be achieved. The
ingestion rate with no algorithm is 23 million events per second. Queries
are generated on observing an event with a timestamp𝑇𝑛𝑒𝑤 > 𝑇𝑙𝑎𝑠𝑡 + 𝜆,
where 𝜆 is the query interval and𝑇𝑙𝑎𝑠𝑡 is the timestamp of the last query.
Note this simulates on-demand queries and the system is unaware of when
the next query or event will be issued. Experiments are repeated 10 times.
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Figure 2: Stability and colour count over time. x-axis: number of edges
added; y-axis (left): percentage of all vertices that have their colours un-
changed compared to prior query; y-axis (right): total number of colours
used. A query is generated for every 800K edges ingested.

as much as possible over time. One reason is that, clustering algo-
rithms (such as graph colouring) on an evolving graph are used
to inform decisions on resource allocation, where a more stable
algorithm that results in less resource migration is preferred.

Unlike systems based on static algorithms which compute the re-
sult for each query from scratch, a dynamic framework can produce
a significantly more stable result over time, as shown in Figure 2.
The figure compares the stability of the colourings offered by a
dynamic algorithm and two static strategies that generate colour-
ings for each snapshot independently: an asynchronous approach,
and a synchronized colour choosing approach. There first exists a
comparison in runtime and colouring quality: the asynchronous
static approach is about twice as fast as the synchronized static
approach, but has lower quality. The dynamic approach – when
used to generate many results over time – is orders of magnitude
faster to generate all colourings, but also has lower quality. Yet, for
the metric of stability as the graph evolves, we observe that the
dynamic algorithm produces significantly more stable colourings as
a trade-off to using more colours compared to the static algorithm
approach.
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A ARTIFACT DESCRIPTION
This appendix describes the steps to replicate the experiments pre-
sented in the poster and the extended abstract.

A.1 Experiment Setup
Source Code. Our prototype framework Lollipop is available
for download at https://github.com/ScottSallinen/lollipop, and the
commit hash is e5261c6. Lollipop is written in Go, and we use Go
version 1.20.6 for the experiments.
Test Graph. The test graph, wikipedia-growth, has 1.9 million
vertices and 40 million edges. It is stored as an event log with a size
of 1.09 GB. Each edge has a capacity of 1. The timestamps range
from 2001-02-19 to 2007-04-05 (2,236 days). To create an undirected
graph, Lollipop add a corresponding reverse edge for every edge
in the original graph. The total number of edges is 80 million. The
graph is available for download at https://greymass.ca/graphs/.
Machine. Experiments were run on a commodity desktop with the
following specifications:
■ CPU: one 10-core Intel Core i5-12600K running at the default
frequency

■ RAM: 2x16GB DDR4 @ 4000MHz (F4-4000C18D-32GVK)
■ Storage: 2TB NVMe SSD (WDS200T2X0E), formatted with the
btrfs filesystem

■ Operating System: Arch Linux running Linux kernel 6.4.4-arch1-1

A.2 Experiment Workflow
The Jupyter Notebook located at

scripts/2023-sc-poster/2023-sc-poster.ipynb

handles all tasks from running the source code to generating the
figures. Please follow the instructions inside the notebook to set
the number of threads, the path to the source code, and the path to
the test graph.
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