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Abstract

Graph analytics has grown increasingly popular as a model for data analytics across a
variety of domains. This has prompted an emergence of solutions for large-scale graph
analytics, many of which integrate user-facing domain-specific languages (DSLs) to support
graph processing operations. These DSLs fall into two categories: query-based DSLs for
graph-pattern matching and graph algorithm DSLs. While graph query DSLs are now
standardized, research on DSLs for algorithmic graph processing remains fragmented
and lacks a cohesive framework. To address this gap, we conduct a systematic literature
review of algorithmic graph processing DSLs aimed at large-scale graph analytics. Our
findings reveal the prevalence of property graphs (with 60% of surveyed DSLs explicitly
adopting this model), as well as notable similarities in syntax and features. This allows
us to identify a common template that can serve as the foundation for a standardized
graph algorithm model, improving portability and unifying design between different DSLs
and graph analytics toolkits. We additionally find that, despite achieving remarkable
performance and scalability, only 20% of surveyed DSLs see real-life adoption. Incidentally,
all DSLs for which user documentation is available are developed as part of academia–
industry collaborations or in fully industrial contexts. Based on these results, we provide
a comprehensive overview of the current research landscape, along with a roadmap of
recommendations and future directions to enhance reusability and interoperability in
large-scale graph analytics across industry and academia.

Keywords: graph algorithms; domain-specific languages; graph analytics; high-performance
computing

1. Introduction
Graphs have grown increasingly prominent as a data model that enables the study

of relationships and structures in interconnected data. As a result, graph analytics have
become ubiquitous across a variety of domains, including biology, security, logistics and
planning, social sciences, finance, and linguistics [1]. As the graph modeling of data
becomes more widespread, a multitude of solutions have emerged from both academia
and industry for large-scale graph analytics. Several of these solutions provide their users
with domain-specific languages (DSLs) for intuitively and concisely expressing their graph
processing operations while abstracting over underlying implementation concerns. We can
distinguish two types of DSLs with regard to graph analytics: graph query DSLs and DSLs
for algorithmic graph processing.
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Graph query DSLs (such as Neo4j’s Cypher [2], Oracle’s PGQL [3] or TigerGraph’s
GSQL [4]) provide SQL-like abstractions for querying and matching patterns against graph
data. These DSLs are now formalized in GQL, a standard graph query language published
as of April 2024 as part of ISO/IEC 39075:2024 [5]. This standardization effort builds
upon existing industry practices in order to provide a technical foundation that increases
confidence in adhering solutions, promotes cross-platform portability and interoperability,
and closes the functionality gap between different graph query DSLs.

In contrast, graph algorithms iterate over a graph through complex traversals, for
example, to explore paths between nodes, the importance of nodes, or the clustering of
nodes. This generally requires more sophisticated algorithmic logic than can easily be
expressed in a query. Real-life application examples of graph algorithms include finding
the shortest path in maps [6], detecting communities in social networks [7], ranking web
pages in search engines [8], or detecting fraud in fiscal transactions [9]. While several DSLs
for algorithmic graph processing have emerged, the domain still lacks a standard that
would unify design, implementation, and testing practices.

In this paper, we review existing DSLs for algorithmic graph processing in order
to identify a common template for graph algorithms. Several surveys and literature
reviews have been conducted around graph processing [10–15] or graph querying [16–19].
However, our review is—to the best of our knowledge—the first to specifically focus on
DSLs for algorithmic graph processing. To address the gap in literature left unaddressed in
previous work, we pose our main research question: What unified template standardizes
DSLs for algorithmic graph processing? In answering this question, our paper makes the
following contributions:

• A systematic review of DSLs for algorithmic graph processing and their domain-
specific abstractions;

• An exploration of cost-effective approaches to DSL implementation,
• An overview of the scalability and performance of state-of-the-art DSLs for algorithmic

graph processing;
• A reflection on the opportunities and challenges of using DSLs in industrial large-scale

graph analytics.

The remainder of this paper is structured as follows. Section 2 introduces the method-
ology used for our systematic literature review, and formulates our objectives as research
questions. Section 3 presents our findings, synthesizing key insights with relevant figures
and tables. Section 4 discusses the implications of our findings and highlights future
research directions. Finally, Section 5 offers a conclusion.

2. Methodology
We conducted and reported on our literature review as per the guidelines of the

PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) state-
ment [20]. This section elaborates on the methodology and describes the setup for our
systematic review.

2.1. Research Questions

Our literature review aims to answer the following research questions:

• RQ1. Which graph models are commonly employed by DSLs for algorithmic graph
processing, and which model is predominant?

• RQ2. What common syntactic and semantic domain-specific abstractions do DSLs
provide for this model?

• RQ3. What are the possible approaches for building a DSL for algorithmic graph
processing?
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• RQ4. How do existing DSLs for algorithmic graph processing compare in terms of
supported platforms, scalability, and computational performance?

• RQ5. Can these DSLs integrate into third-party software or with other DSLs?
• RQ6. To what extent are these DSLs used in practice?

2.2. Eligibility Criteria

To be eligible for review, a paper needed to describe a DSL for algorithmic graph
processing. Papers that do not introduce a DSL, but that implement a compiler for an
existing DSL for algorithmic graph processing or otherwise introduce a solution, case study,
or experience report that relates to an existing graph DSL, were also screened. They were
included in our report if they provided relevant information and implementation details
on the DSL in question. Query-based graph DSLs (in particular, DSLs for graph pattern-
matching queries) generally do not allow the expression of complex graph algorithms
intuitively and concisely. We chose to leave them out of the scope of this paper.

Therefore, our inclusion criteria are as follows:

• IC1. The paper describes a DSL for algorithmic graph processing.
• IC2. The paper implements a compiler for an algorithmic graph processing DSL.
• IC3. The paper describes research, case study, or experience report involving an

existing DSL for algorithmic graph processing.

Similarly, our exclusion criteria are as follows:
• EC1. The paper does not relate to graph analytics.
• EC2. The paper does not describe a DSL for graph algorithms.
• EC3. The paper describes a query-based DSL for graph algorithms.

In the rest of the paper, we use graph DSLs for concision, but it should be understood
that we refer to DSLs for algorithmic graph processing.

2.3. Search Strategy

We conducted electronic searches for eligible studies within three databases: Scopus,
the ACM digital library, and IEEE Xplore. The aforementioned databases were searched
within article metadata (title, abstract, and keywords) using the following search prompt:
“graph algorithm” AND “DSL”. The date coverage was 2000 to the present. A computer
science filter was applied to the search results. Conference reviews were excluded from
the document type to avoid duplicates with corresponding conference papers. Full-text
documents of eligible studies were retrieved from the ACM digital library, IEEE Xplore,
Elsevier’s ScienceDirect, and Springer Nature link. We collected additional information
from online documentation of products whose eligibility is known and from cross-reference
search of publications with a scope similar to ours.

2.4. Selection Process

The first, second, and third authors (hereinafter referred to as H.B., K.Y.D., and D.C.,
respectively) independently reviewed the database search results for eligibility by reading
abstracts and verifying whether they fell into our scope and corresponded to our inclusion
criteria. For example, searching for graph algorithm DSLs yields a few results describing a
DSL that ultimately relates to specific types of graphs (e.g., control-flow graphs, or scope
graphs), but which is not directly used to express graph algorithms. When it was unclear
whether a study was eligible, the three reviewers screened the full text and discussed
its contributions until a consensus was reached. After this initial screening, H.B. further
screened the full texts of all retained studies according to the eligibility criteria we set in
Section 2.2. In cases of uncertain eligibility, D.C. was consulted. The final list of included
studies was reviewed by D.C.
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2.5. Data Collection Process

Data collection was performed manually and synthesized in relevant tables. Specifi-
cally, for articles describing a DSL, we retrieved the following information when available:
the property graph model used, syntax characteristics, type system, domain-specific ab-
stractions, platforms targeted by the DSL, benchmark results, tools used to implement the
DSL, whether the DSL is used commercially, and any relevant distinctive features. When
up-to-date online documentation with a detailed language specification was found for a
DSL, it was favored over the article for information retrieval.

3. Results
In this section, we report our study selection process as per the PRISMA guidelines.

Based on the data collected from selected articles, we answer the research questions laid
out in Section 2.1. We use tables and charts to synthesize retrieved data where applicable.

3.1. Study Selection

We count 30 reports in our selected studies, between published articles, online docu-
mentation, and language specification documents. These reports either offer a graph DSL
as one of the main contributions [21–37], describe research work that relates explicitly or
implicitly to a given graph DSL [38–48], or otherwise fall under related work [49]. Figure 1
reports on our study selection process in a PRISMA diagram flow. The template used
was retrieved from the 2020 PRISMA statement website, as is credited in the figure. From
the reports retained for this review, we count 10 graph DSLs, chronologically ordered in
Figure 2. Years are given based on the earliest publication date and might not reflect the
actual development date. It is worth noting that a substantial number of studies were
excluded after the initial screening of titles, keywords, and abstracts, bringing down the
number of reports to assess from 110 to 28. This is because graphs (and consequently graph
algorithms) are used in fields other than graph analytics, namely programming languages
and compilers. Generally, studies that pertain to the domain we are interested in will ex-
plicitly list “graph processing”, “graph analytics”, “graph analysis”, or “graph algorithms”
among their keywords, with DSL (or domain-specific language) additionally appearing
in the title and abstract fields. We did not make our search prompt more restrictive lest it
filter out eligible studies; instead, we opted to exclude irrelevant papers manually at the
screening stage.

3.2. Result Synthesis
3.2.1. RQ1. Graph Model Taxonomy

Table 1 categorizes the different DSLs we reviewed, depending on the graph model
they adopt. We note three reoccurring models:

• The property graph model [50], which associates nodes and edges of the graph with
arbitrary properties as key-value pairs. This model was the subject of the ISO standards
for SQL/PGQ, which defines a way of building property graphs over relational data,
and for GQL, a property graph query language [5].

• The GraphBLAS specification [51], which defines building blocks for graph algorithms
in linear algebra.

• The vertex-centric model [52], which considers a local, vertex-oriented view of the
graph, as opposed to a global view, and is thus more suitable for writing distributed
implementations of graph algorithms. The vertex-centric model was first introduced
in a paper on Pregel [53].
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Table 1. Graph model taxonomy.

Property Graph Model GraphBLAS Model Vertex-Centric Model

GreenMarl [21] PyGB [32] Palgol [28]
Elixir [22] Peng et al. [33] Fregel [36]

Falcon [23]
GraphIt [29]

PGX Algorithm [27]
StarPlat [37]

Figure 1. PRISMA flow diagram for our systematic review. Template source: https://www.prisma-
statement.org/prisma-2020-flow-diagram (accessed on 3 July 2025).

2012

Green-Marl
Elixir

2015

Falcon

2016

Fregel

2017

PGX Algorithm
Palgol

2018

GraphIt
PyGB

2023

Peng et al. 2023

2024

StarPlat

Figure 2. Timeline of surveyed graph DSLs. The year is given based on the earliest publication [33].

Sixty percent of the reviewed DSLs explicitly adopt the property graph model. It is
worth noting that these models are not necessarily mutually exclusive: a property graph
DSL can also be vertex-centric or target a GraphBLAS-based platform. With that in mind,
we can safely say that the property graph model is indeed prevalent. The remainder
of our results focus on this model. A popular counterpart to property graphs, which
we do not encounter in our systematic review, is the Resource Description Framework
(RDF) standardized by W3C [54], which models data as labeled edge-directed graphs. The
standard query language for RDF is SPARQL. Several related works consider property
graphs and RDF to be the most widely used graph models [5,15,17,40].

3.2.2. RQ2. Domain-Specific Abstractions for Property Graphs

Table 2 synthesizes the domain-specific abstractions introduced via DSLs for prop-
erty graphs. These include semantic abstractions (domain-specific types) or syntactic
abstractions, which we list below.

https://www.prisma-statement.org/prisma-2020-flow-diagram
https://www.prisma-statement.org/prisma-2020-flow-diagram
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Table 2. Domain-specific abstractions provided by reviewed DSLs for property graphs.

Elixir Green-Marl Falcon GraphIt PGX Algorithm StarPlat

domain-specific
types

graph Graph graph Graph PgxGraph Graph
node node vertex Point Element PgxVertex node
edge edge edge Edge Element PgxEdge edge

property implicit
vertexProperty
edgeProperty

implicit Vector
VertexProperty
EdgeProperty

propNode
propEdge

collection
Set

Collection
VertexSet
EdgeSet

VertexSequence
EdgeSequence

VertexSet
EdgeSet

graph iteration

sequential for for for for for for

parallel foreach foreach foreach
in scheduling

language
foreach forall

fixed point iterate fixedPoint
BFS inBFS Traversal.inBFS
DFS inDFS Traversal.inDFS

aggregation
operations

numeric

sum
product

max
min
avg

ReduxSum
ReduxMul

Sum
Max

sum
max
min
avg

boolean
any
all

anyMatch
allMatch

property
operations

property
read

n.p
e.p

n.p
e.p

p[n]
p[src, dst]

p.get(n)
p.get(e)

n.p
e.p

single-point
update

a rewrite rule,
[ nodes(node n,

prop p) ]
→ [p = 0]

n.p = v;
e.p = v;

n.p = v;
e.p = v;

p[n] = v;
p[src, dst] = v;

p.set(n, v);
p.set(e, v);

n.p = v;
e.p = v;

batch
update

iteration matching
the update operator

against the graph

iteration updating
every element

iteration updating
every element

function applied
to set

iteration updating
every element

iteration updating
every element
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• Domain-specific types embody graph-related notions, such as graphs, nodes (also
called vertices), edges, graph properties, or collections of graph elements.

• Graph iterations are constructs for iterating over a set of graph elements (i.e., set of
nodes or set of edges). In other words, they are loops specified for graph elements.
These loops can be sequential, parallel, or a specific graph traversal (breadth-first
search or depth-first search).

• Aggregations are constructs that perform a reduction operation (such as sum, average,
max, or min) over a set of graph elements. For example, a sum aggregation over a set
N of graph nodes equates to performing a mathematical sum over elements of N.

• And finally, property operations allow users to read the value of a property or update
the value of a property. A property update can be performed for a single node or edge
(single-point property update) or for a set of nodes or edges (batch property update).

We observe that Green-Marl, Falcon, GraphIt, and StarPlat adopt a very similar, C-like
syntax, whereas PGX Algorithm’s syntax is a subset of Java, and Elixir adopts a more
declarative approach. Some DSLs provide built-in abstractions for concepts that need to
be manually implemented in other DSLs, such as BFS and DFS traversals and fixpoint
iterations. The graph type, which is explicitly provided in all but one DSL, is implicitly
constructed in GraphIt from EdgeSets. Based on the language specifications available to us,
four of the six property graph DSLs offer built-in aggregation operators. Five implement
batch property updates as a loop iterating over a set and, for each element, updating the
property value associated with it. GraphIt instead implements this as a built-in function
that applies the update for a set of vertices or edges.

Despite their notable closeness in syntax, some DSLs still have distinctive features that
others do not. For example, Falcon and GraphIt allow the morphing of the graph, whereas
the remaining DSLs can only alter the values of its output properties. Another particularity
is providing a separate scheduling language for specifying performance optimizations, as
is the case for Elixir and GraphIt.

3.2.3. RQ3. Approaches for DSL Implementation

Implementing a DSL requires implementing a processor (generally a compiler or an
interpreter) to execute programs in this language. All of the DSLs we review are compiled
DSLs. Manually building a DSL and its compiler gives the developer full control over
the implementation. Then, a secure and efficient implementation depends only on the
developer’s skill. However, this approach can be costly and involves a lot of boilerplate
work. DSLs are often developed in small teams with limited resources, which makes it all
the more important to have cost-effective tooling that supports both the developers (parser,
type checker, and code generator) and the users of a DSL (IDE and debugger). The term
language workbench (popularized by Martin Fowler [55]) refers to a category of such tools,
which typically provide an IDE environment for the meta-development of a DSL and its
compiler, and for the DSL itself. Language workbenches promise an accessible, efficient,
and affordable approach to DSL implementation. Several case studies in the literature
attest to a positive return on investment and an increase in productivity with the language
workbench approach [42,56–62]. Notable language workbench examples include MPS [63],
Xtext [64], Rascal [65], and Spoofax [66].

An alternative to developing DSL processors from scratch using language work-
benches is to hook a DSL’s frontend into an existing compiler architecture and reuse the
compiler components it provides. One widely used example is LLVM [67], which offers a
toolchain of modular and reusable components and technologies for building compilers.
LLVM defines at its center a low-level, assembly-like IR in Static Single Assignment (SSA)
form [68], allowing for a unified code representation of high-level languages. DSLs can
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map their frontends to LLVM IR to benefit from its source- and target-independent opti-
mizer, as well as its code generation support for many popular CPUs. Many programming
languages rely on LLVM for various compilation tasks, namely Ruby, Python, Haskell,
Rust, D, PHP, Pure, Lua, Julia, and Swift. However, the low-level abstractions of LLVM IR
make it potentially unsuitable for high-level compilers, whose target platforms typically re-
quire higher-level paradigms than what LLVM offers. MLIR [69] (multi-level intermediate
representation) is another project under the LLVM umbrella. Recognizing the restrictivity
of LLVM IR’s low-level abstractions, MLIR provides a customizable IR that allows its users
to define the right level of abstraction for their programs. By allowing for multiple levels of
abstraction to freely coexist, MLIR makes it possible to lower part of the representation and
maintain another in a higher-level abstraction more suitable for specific transformations.

The DSL compiler presented by Peng et al. [33] is based on MLIR. Of the graph DSLs
we review, two are implemented using a language workbench: namely Green-Marl and
the PGX Algorithm, which rely on Spoofax. GraphIt, Falcon, and an early version of the
Green-Marl compiler are implemented in C++. Brahmakshatriya et al. introduce their
own solution, BuilDSL [48], an end-to-end framework for building DSLs using multistage
programming in C++, which they use to implement a GraphIt to CUDA compiler. PyGB is
implemented in Python, and it integrates with the NumPy, SciPy, and NetworkX libraries,
for arrays, sparse matrices, and graphs, respectively. PyGB is dynamically compiled to C++.

3.2.4. RQ4. Target Platforms, Scalability, and Computational Performance

All surveyed studies that describe a DSL for algorithmic graph processing (IC1) in-
clude empirical evaluation to validate their results. This generally involves running DSL
implementations of a number of commonly used graph algorithms against large-scale
graphs. Graph algorithms that come up most often in evaluations are SSSP (Single-Source
Shortest Path), PageRank, BFS, Triangle Counting, Connected Components, and Between-
ness Centrality. Performance is validated in one of two ways: either by comparing DSL
running times against those of state-of-the-art solutions or by comparing the performance
of compiler-generated code against hand-tuned implementations and showing the perfor-
mance speedup of applying certain compiler optimizations. DSLs that target more than one
platform will generally run different benchmarks for each target. This heterogeneity of tar-
get platforms may be at the level of the memory architecture (shared-memory/distributed-
memory), target language (Java, C, C++, Python, PL/SQL), or hardware architecture.
Table 3 recapitulates the programming languages generated via the compilers of surveyed
DSLs, as well as the memory architectures they target. While 40% of surveyed DSLs
target both a shared-memory and a distributed-memory runtime, 40% exclusively target
a single-machine environment. Among these, GraphIt targets different hardware archi-
tectures (CPU, GPU, Swarm, and HammerBlade), albeit all in a parallel, shared-memory
context. The remaining 20% are vertex-centric DSLs intended for a distributed environment.
Hardware architectures targeted by each DSL can be found in Table 4.

Table 3. Overview of the target languages and memory architectures supported with surveyed DSLs.

DSL
Target Language Target Memory Architecture

C/C++ CUDA Java PL/SQL Shared-Memory Distributed RDBMS

Elixir ✓ ✓
Green-Marl ✓ ✓ ✓ ✓ ✓ ✓

Falcon ✓ ✓ ✓ ✓
GraphIt ✓ ✓ ✓
StarPlat ✓ ✓ ✓ ✓
PyGB ✓ ✓
[33] ✓ ✓

Palgol ✓ ✓
Fregel ✓ ✓ ✓
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Table 4. Scalability overview of surveyed DSLs.

DSL Target Platform
Graph Types Used Largest Graph Used in Evaluation

Social
Network

Web
Graph

R-MAT Road
Network

Random
Graph

Graph Type #N #E

Elixir single-machine ✓ ✓ ✓ random graph 8.3 M 33.5 M

Green-Marl
single-machine ✓ ✓ social network 41.6 M 1.4 B

distributed ✓ ✓ ✓ web graph 77.7 M 2.9 B

Falcon single-machine ✓ ✓ ✓ R-MAT 80 M 256 M

distributed ✓ ✓ ✓ R-MAT 1.2 B 12 B

GraphIt single-machine ✓ ✓ ✓ social network 65.6 M 3.6 B

StarPlat single-machine ✓ ✓ ✓ ✓ ✓ social network 21.2 M 262 M

PyGB linear algebra ✓ 2048 92682

[33] linear algebra ✓ ✓ ✓ social network 3.9 M 69.3 M

Palgol distributed ✓ ✓ ✓ ✓ social network 59.2 M 185 M

Fregel distributed ✓ random graph 10 M 80 M

Existing surveys identify scalability as a key factor in graph analytics [11,13,14]. As
such, DSL benchmarks validate performance through large input graphs, with a size scale
between 107 and 1010 (the size of a graph being measured by the number of its edges).
Table 4 provides an overview of graphs used for benchmarking. For each DSL and each tar-
get platform, it lists the graph types used and provides the size of the largest one. While the
performance of PGX Algorithm is not directly tackled in the literature, the PGX Algorithm
frontend maps to the Green-Marl compiler and, therefore, has the same implementation.
The following types of graphs are commonly encountered: social networks, web graphs,
road networks, R-MAT graphs, and random graphs. Social networks [70] (such as the
Twitter, LiveJournal, or Friendster graphs) represent relationships between entities. Social
networks typically exhibit small-world [71] and scale-free [72,73] properties, namely high
local clustering, a small diameter, and power-law degree distributions [74]. Another scale-
free network example is web graphs [75], whose vertices correspond to pages and whose
edges correspond to hyperlinks on the World Wide Web. In contrast, road networks (such
as the US road network) have large diameters and bounded degrees. R-MAT graphs are
scale-free networks that are synthetically generated, based on the Recursive Matrix (R-MAT)
method [76]. Finally, random graphs are created by randomly connecting a set of isolated
vertices following a given model (e.g., the Erdős-Réyni model [77]). These graphs usually
have a Poisson-like degree distribution and lack the clustering or community structures
seen in real-world networks.

Typically, an experimental evaluation of a given DSL’s performance will use more
than one input graph, varying in size, to assess how scaling up affects performance. Graph
topology and the nature of the graph algorithm are also factors with an impact on running
times. For example, Zhang et al. [29] provide performance numbers for GraphIt on up
to seven graphs and seven graph algorithms. The input graphs include social networks,
road networks, and the Netflix rating dataset. The GraphIt implementation of PageRank
outperforms state-of-the-art solutions on four out of five graphs, but it is outperformed by
Gazelle on the road network, where the latter benefits from Vector-Sparse vectorization,
which works well on graphs with low degrees. Because of this, it may be challenging to
assess which solution performs best in the absolute: competitive analyses must consider
the same algorithms and the same input graphs. Moreover, surveyed DSLs target different
execution platforms with different data representations (graph, adjacency matrix, relational
data), target languages, computing paradigms, and hardware architectures. Even for two
DSLs targeting the same platform, running times must be obtained on the same machine
to allow a meaningful and reliable comparison. These benchmarking difficulties have
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been raised in existing surveys and related work [78,79]. That being said, some articles
provide their own performance comparison against state-of-the-art DSLs. GraphIt reports
superior performance to Green-Marl’s shared-memory back end on different input graphs
(between a web graph, a road network, and social networks) for five graph algorithms,
namely PageRank, connected components, Bellmann–Ford, SSSP, and betweenness cen-
trality. Falcon’s collection-based ∆-stepping optimization [80] allows it to outperform
Green-Marl on road networks. StarPlat also compares its performance against Green-Marl
and other non-DSL-based solutions, and it finds that Green-Marl achieves the fastest times
on most inputs.

3.2.5. RQ5. Third-Party Integration

DSLs for algorithmic graph processing are not standalone: they are typically building
blocks of larger data analytics pipelines, and they are integrated into larger toolkits for
large-scale graph analytics. Furthermore, some use cases require DSLs or their processors
to integrate with other DSLs: for example, the same graph analytics product may combine
two DSLs, or a DSL front end can map to another DSL in order to reuse its compiler. We
survey the different levels of this third-party integration below.

Integration into Larger Toolkits for Graph Analytics

When used industrially, DSLs for algorithmic graph processing—such as Green-Marl,
PGX Algorithm, or Gremlin—are integrated into larger software for graph analytics as part
of a client-server architecture. Users can express their graph analytics logic in a dedicated
DSL through interactions with a client, while the actual graph data is processed on a server.
This has implications on security: the DSL compiler running on the server constitutes a
potential target for attacks (e.g., denial-of-service), especially if it introduces vulnerabilities
through transitive dependencies [81,82]. The academic DSLs we review are generally
standalone, though this is a recognized limitation [30].

Integration into Larger Data Processing Pipelines

Graph analytics application scenarios typically combine graph querying and algorith-
mic graph processing. Generally, the different graph data processing operations can be
categorized according to the pipeline shown in Figure 3. The first step is OLTP (online
transactional processing), which refers to the real-time processing of graph data using a
graph query DSL (such as PGQL or Cypher). After OLTP, data can undergo more com-
plex analyses through OLAP (Online Analytical Processing) operations. This is the step
where DSLs for algorithmic graph processing can be utilized either to implement graph
algorithms available to users off-the-shelf or to allow users to express their own custom
graph algorithm logic. Finally, graph data feed into various applications, including RAG
(retrieval-augmented generation) for large language models (LLMs), or ML-based tasks,
for example, to train or further tune a model. Such a model can then be used to provide
more sophisticated insights or predictions on analyzed data [83]. Several graph analytics
solutions that use a DSL approach provide utilities for both OLTP and OLAP and, therefore,
integrate graph query DSLs, as well as DSLs for algorithmic graph processing. Oracle’s
PGX integrates PGQL, PGX Algorithm, and Green-Marl. Neo4j allows querying graph data
using Cypher, and it provides a library of prebuilt graph algorithms that can be invoked
via Cypher statements.
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Figure 3. A typical graph data processing pipeline.

Integration into General-Purpose Languages

As explained in Section 3.2.3 (RQ3), some DSLs for algorithmic graph processing are
syntactically a subset of a general-purpose language and/or are implemented in a general-
purpose language. This serves two purposes. First, users are exposed to a general-purpose
syntax they are familiar with (though some DSL developers prefer to design their own
domain-specific abstractions). Second, DSLs embedded in a general-purpose language
may reuse the tooling provided for this language, which aids both the DSL developer
and the DSL users. PGX Algorithm is a subset of Java: a PGX Algorithm program is
a syntactically valid Java program. Fregel is a subset of Haskell, and both the Haskell
interpreter and compiler are implemented in Haskell. PyGB uses Python syntax and is itself
implemented in the Python language. GraphIt opts against an embedded DSL approach,
citing as motivations a customized domain-specific syntax and optimizations involving
global transformations across different data structures and functions [30]. However, the
author recognizes that DSLs for algorithmic graph processing are only part of larger data
analytics and ML pipelines and lists the embedding of GraphIt into Python or C++ as
future work that can ease this integration.

DSL Interoperability and Reuse

All DSLs we review map to a general-purpose language compiler at one level or
another of the compilation process. DSL compilers are typically high-level source-to-source
compilers: i.e., they generate code in a high-level general-purpose language, which is
then further compiled. Some DSLs map to another DSL to partially or globally reuse its
compiler or to provide users with a more accessible syntax than the DSL it maps to. For
example, PGX Algorithm maps to the Green-Marl compiler in order to provide a Java-
based syntax for graph algorithms. Emoto et al. [33] map a “global view style” DSL to the
vertex-centric Fregel in order to provide users with a more natural syntax for writing graph
algorithms. DH-Falcon [24] maps to the Falcon compiler in order to extend it with support
for distributed graph processing.

3.2.6. RQ6. Usability and Real-Life Adoption

DSLs for algorithmic graph processing are developed in an academic context, an
industrial context, or as part of an industrial-academic collaboration. Figure 4 gives the
development context distribution of surveyed DSLs and shows the availability of online
documentation for each context. Interestingly, all the DSLs for which we were able to find
documentation with a language specification (Green-Marl, GraphIt, and PGX Algorithm)
are developed in a fully or partially industrial context. Green-Marl was developed at
Standford University in collaboration with Oracle, and it is used internally by the latter
to implement over 60 graph algorithms available off the shelf in Oracle products. PGX
Algorithm is developed at Oracle Labs as a DSL for writing graph algorithms using Java
syntax. PGX Algorithm maps to the Green-Marl compiler and is used in several Oracle
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products for large-scale graph analytics. The authorship affiliations for papers on GraphIt
include both MIT (Massachusetts Institute of Technology) and Adobe Research, which
hints at an industrial-academic collaboration. The vertex-centric DSLs we survey, as well as
early work on Green-Marl, target execution platforms based on Pregel, a distributed graph
processing framework developed at Google. None of the publications we review explicitly
study the usability of their DSL solutions, though the intuitive and concise syntax is often
mentioned as a benefit. Hong et al. [38] report on their early experiences using Green-Marl
for industrial graph analytics, citing an intuitive programming model as a key benefit and
identifying the learning curve and DSL documentation as areas for improvement.

Figure 4. Availability of DSL documentation per development context.

3.3. Reporting Biases

We now discuss the potential bias risks in our study findings. The first risk is selection
bias, as the databases we search archive research publications and thus may overlook
industry sources. We counter this risk by expanding our search coverage to include a cross-
reference checking of relevant publications, PhD theses, white papers, industry reports,
and websites of industrial graph analytics vendors. The second risk concerns the sources
we rely on in data collection (specifically with regard to DSL syntax, features, supported
platforms, and performance), which may not be up to date. We limit this risk by referring
to the most recent publications and online documentation when available.

4. Discussion
In this section, we recapitulate our main review findings, and we discuss the opportu-

nities and challenges of adopting a DSL approach in large-scale graph analytics. Based on
this, we offer our insights and recommendations for future research.

4.1. Our Findings’ Highlights
4.1.1. Prevalence of the Property Graph Model

Our review of existing DSLs for algorithmic graph processing revealed a predominant
reliance on the property graph model. This model is also notably preferred in industry
(Amazon, DataStax, IBM, Microsoft, Neo4j, Oracle, and TigerGraph) [84], and it is the
subject of recent ISO standards [85].

4.1.2. Common Domain-Abstractions for Graph Algorithms

DSLs adhering to the property graph model exhibit a notable overlap in features and
close similarities in the domain-specific abstractions they provide. They all allow users
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to express graph algorithms through statements that interact with graph data by reading
or writing to properties. There is also a noted overlap in terms of targeted platforms
(single-memory, distributed), with the PGX Algorithm compiler additionally targeting
relational databases. These shared features make it possible to have a unified template for
algorithmic graph processing.

4.1.3. Performance and Scalability as Key Factors for DSL Validation

DSLs for algorithmic graph processing are intended for large-scale graph analytics.
It is, therefore, vital that they are able to efficiently process large real-world graphs going
up to 1010 in scale (i.e., tens of billions). DSLs for algorithmic graph processing typically
validate their performance in experimental evaluations run on real-life graphs (such as
social networks, web graphs, or road networks) or synthetic graphs.

4.1.4. Between Research Prototypes and Real-Life Adoption

The majority of the DSLs we review are developed in an academic context. These DSLs
generally lack dedicated websites, documentation, and user communities, which points
to unclear or inexistent real-life adoption. They also tend to be presented as standalone
solutions that generate high-performance programs, and it is not always clear to what
extent these solutions can be integrated into existing third-party software or larger data
analytics pipelines. This is problematic, as DSLs for graph analytics are not standalone, and
their real-life adoption likely requires them to be integrated into larger software. That being
said, some DSLs (either originating from or later picked up by industry) are integrated into
commercial solutions for large-scale analytics and, therefore, see real-life use.

4.2. DSLs for Industrial Large-Scale Graph Analytics: Opportunities and Open Challenges

Our review findings highlighted several opportunities presented via the DSL approach,
specifically in the algorithmic graph processing domain. However, despite this potential,
the majority of DSLs developed in academic contexts do not see real-life adoption. In this
section, we reflect on the potential of using DSLs for large-scale graph analytics, and we
highlight the challenges they face as areas for improvement.

4.2.1. Potential of the DSL Approach
Productivity

Concisely expressing a graph algorithm in a non-graph-specific language can be a te-
dious task, a fortiori for novice or unaccustomed programmers. DSLs for algorithmic graph
processing help manage this complexity through tailored semantics that allow program-
mers to encapsulate their graph algorithm logic while abstracting over implementation
concerns. DSL implementations of graph algorithms are free of the boilerplate code that
would otherwise be required for an API-based approach [21]. The reluctance to learn yet
another language can be countered with fewer language constructs and a generally smaller
grammar than what one might expect from a general-purpose language. Moreover, many
DSL developers take this factor into account and strive for a familiar syntax that either
mirrors an existing, commonly familiar language (e.g., Green-Marl, Falcon, GraphIt. . .) or
is a subset of one (e.g., PGX Algorithm, PyGB).

Proven Benefit Gains

The DSL approach enables substantial performance gains, as DSL compilers leverage
their precise knowledge of domain semantics to encode specific optimizations and produce
high-performance programs. Several DSLs for algorithmic graph processing report superior
performance to non-DSL-based state-of-the-art solutions.
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Tools for Cost-Efficient DSL Implementation

Emerging DSLs for algorithmic graph processing can reuse existing DSL processors
to save up on implementation efforts or extend existing DSL compilers with support for
new frontends or new target platforms. Recent advancements in language workbenches
and DSL tooling have lowered development costs and improved the DSL experience for
users, as well as developers of the language. This addresses the issue of a lack of the
DSL tool and support raised in existing literature [86]. Multiple case studies in industry
and beyond report on a positive experience using these tools for domain-specific software
language engineering [87]. DSL users can also benefit from state-of-the-art IDE tooling at
minimal cost [88], which somewhat helps close the gap between DSLs and more widely
used general-purpose languages.

4.2.2. Usability and Adoption Challenges
Uncertain Futures

Compared to general-purpose languages, DSLs have a short lifespan, and it is not
uncommon that a DSL project gets abandoned or deprecated despite a non-negligible
investment in the development and maintenance efforts. This notably (but not exclusively)
happens in academic settings, where frequent changes of personnel (for example, due to
PhD students graduating) or limited funding can cut short the future of a given project.
This same risk extends to the tools that these DSLs are developed with and rely on.

Lack of Documentation and User Support

Limited or uncertain resources also impact the level of support that a DSL may be
backed with, such as documentation, user support, and maintenance. Granted, not all DSLs
are intended for wide adoption: some only serve as an exploratory prototype to answer
some research question or lay the foundation for a more extensive and mature solution.
Additionally, 73% of the DSLs we reviewed do not have, to the best of our knowledge,
online documentation available. However, some DSLs do see real-life adoption, either by
the domain community or specifically by a commercial graph analytics solution. There,
having proper documentation and user guides is crucial.

Redundant Effort

A large portion of the DSLs we review are implemented manually, which may work
for research-level prototypes. However, a fully manual language implementation involves
redundant effort that could be avoided by utilizing existing tools for software language
engineering. Moreover, the reviewed DSLs show an obvious overlap both in language
features and in target platforms, with none acquiring a significant user base. This issue
is not specific to the graph algorithms domain and can extend to DSLs in general. On
average, DSLs have a shorter lifespan than their general-purpose counterparts and are
more likely to be abandoned or deprecated, which, on top of being a waste of investment,
is potentially problematic to parties that depend on these DSLs and might discourage
adoption. Developing new DSLs for one’s specific needs instead of picking up an existing
one results in what Voelter calls “DSL Hell”, in which we end up with a myriad of half-
baked DSLs that never fully emerge.

4.3. Insights and Recommendations for Future Research

Based on patterns observed throughout our literature review, we identify several
areas where further research and community effort could significantly benefit the devel-
opment and adoption of DSLs for algorithmic graph processing. Below, we offer our key
recommendations for future research.
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4.3.1. Academia/Industry Collaboration

Collaboration with industry provides academically developed DSLs with ground for
empirical case studies. This allows DSLs for algorithmic graph processing to progress past
the prototype stage into active, real-life use, potentially acquiring a user community. Such a
collaboration also increases development resources that can be invested in documentation
or more future-proof implementations, thus solving at least a subset of challenges faced
by DSLs.

4.3.2. A Standard for Algorithmic Graph Processing

Standardization is another effort where collaboration between academia and industry
benefits both communities [89]. In the last two years, the International Organization for
Standardization (ISO) and International Electrotechnical Commission (IEC) have published
two standards relating to property graphs. As of June 2023, the standard for SQL (ISO/IEC
9075-16:2023) includes SQL/PGQ [90], which standardizes ways to define property graph
views over relational data. In April 2024, GQL (ISO/IEC 39075:2024) was published as a
standard for graph query languages [91]. These standards have been developed with input
from various national bodies, with participating organizations across academia, industry,
and beyond. GQL itself builds on two industrial graph query DSLs: Neo4j’s Cypher and
Oracle’s PGQL. However, a similar standardization effort has yet to be undertaken for graph
algorithms. Standards increase confidence in a given solution, normalize implementation
best practices, and encourage real-life adoption. Moreover, having a lingua franca for
graph algorithms (similar to SQL for relational databases or the now emerging GQL for
graph queries) enables the transportability of knowledge across different platforms and
helps build a large user community for the language. The recent literature has already
identified the standardization of graph algorithms as a worthwhile future direction in the
roadmap of graph analytics [92–94].

4.3.3. Graphs for Machine Learning

The intersection of algorithmic graph processing and machine learning presents a lot
of potential for future research and frontier innovation [95]. One direction is to explore
how DSLs can enable algorithmic graph processing for ML and LLM tasks [96]. The
seamless integration of DSLs with ML and GenAI stacks paves the way for end-to-end
graph analytics. A different but thematically related research direction is to utilize ML
for compiler construction [97], particularly in compiler optimizations [98,99], in order to
unlock the full potential of high-performance computing in graph analytics.

5. Conclusions
In this paper, we conducted a systematic review of DSLs for algorithmic graph pro-

cessing. We found that the predominant graph model across graph algorithm DSLs in the
literature is the property graph model, which associates the vertices and edges of a graph
with arbitrary values, said properties. Our observation is that DSLs for the algorithmic
processing of property graphs follow a common template: they all interact with graph
data through the property read and property write operations. In principle, this makes it
possible to work towards a common standard for graph algorithms that different DSLs can
adhere to. While DSLs for algorithmic graph processing live up to their promise of efficient
and scalable implementations of graph algorithms, some never move past the research
prototype stage into active real-life use, nor do they provide suitable documentation and
support to promote adoption. Industry collaboration could help bridge this gap and drive
concrete efforts to achieve a standard for graph algorithms.
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