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ABSTRACT
We present a comparative study of the productivity and perfor-
mance of four programming languages: Python, Julia, C++, and
DaphneDSL, for the Connected Components graph algorithm from
the GAP benchmark suite. Using various code productivity metrics,
we evaluated the effort of scaling applications from a local parallel
version to a distributed implementation. Experiments carried out
on the Vega EuroHPC system reveal that, with moderate coding
effort, Julia offers the best performance, while DaphneDSL enables
seamless distributed execution with no code changes, albeit at a
small performance cost.

1 INTRODUCTION
Many programming languages require substantial effort to express
parallelism. An exception is DAPHNE [4], where its domain-specific
language (DaphneDSL) requires no code changes to express paral-
lelism, locally or between computing nodes. Hence, it seamlessly
scales and is highly productive for writing parallel programs.

In this work, we evaluate the productivity and performance of
the well-known programming languages Python, Julia, and C++
against DaphneDSL. We consider coding in a programming lan-
guage to be productive when only a few changes are required in
an implementation to express local and distributed parallelism.

This poster builds on own previous work [6] with additional
productivity metrics: (1) the source lines of code [2, 11], (2) tokens
of code [2, 5, 12], (3) Halstead’s effort [2, 5, 12], and (4) cyclomatic
complexity number [2, 5, 12].

We implemented the Connected Components (CC) graph algo-
rithm of the GAP benchmark suite [3] in Python, Julia, C++, and
DaphneDSL. We evaluated the above implementations through
experiments on the Vega EuroHPC system [8] with the Wikipedia-
20070206 [15] sparse matrix as input.

2 METHODOLOGY
2.1 Algorithm implementation
For each language, we implemented CC in two forms: a sequential
and local parallel form (denoted SePa) and a distributed parallel form
that uses MPI (denoted Dist). The exception is DaphneDSL, where
the same code can be executed both locally and distributed without
code changes due to the underlying DAPHNE infrastructure [4].
All implementation details can be found in our recent work [6].

2.2 Quantifying coding productivity
We use four metrics [1] to measure coding productivity. The source
lines of code (SLOC), representing the number of lines of code
excluding comments and blank lines. The tokens of code (TOC) is
defined as the sum of the total number of operators𝑁1 and operands
𝑁2 [1]:

𝑇𝑂𝐶 = 𝑁1 + 𝑁2 . (1)
𝑁1 includes punctuation, arithmetic, comparisons, member access,
control flow, and types. 𝑁2 are variables, objects, object methods,
and classes. Both SLOC and TOC are a measure of program length.

Coding effort can be measured with the Halstead effort metric
(EFF) [7], which requires the total number of operators 𝑁1 and
operands 𝑁2 and the number of distinct operators 𝑛1 and operands
(𝑛2) [13]:

𝐸𝐹𝐹 = 𝐷 ×𝑉 , width (2)
𝐷 = (𝑛1/2) × (𝑁2/𝑛2), and (3)
𝑉 = (𝑁1 + 𝑁2) × 𝑙𝑜𝑔2 (𝑛1 + 𝑛2) (4)

where 𝐷 is a measure of the difficulty of a program and 𝑉 of its
volume.

To understand the complexity of a program, we use the Cyclo-
matic Complexity Number (CCN), which captures the number of
paths through a directed program control graph 𝐺 with 𝑛 nodes, 𝑒
directed edges, and 𝑝 connected components [10]:

𝐶𝐶𝑁 = 𝑣 (𝐺) = 𝑒 − 𝑛 + 2 × 𝑝. (5)
All metrics are automatically obtained with the multimetric [14]

tool. We extended the tool to enable support for DaphneDSL and
adapted the original implementation to collect SLOC instead of
the classical LOC metric. For each language (Pyhon, Julia, C++,
DaphneDSL), code implementation (SePa, Dist), and metric (SLOC,
TOC, EFF, CCN), we report metric values normalized to the respec-
tive SePa value.

2.3 Experimental evaluation
We conducted three sets of experiments to evaluate strong scaling
performance.

(A) Strong scaling performance of exploiting node-level par-
allelism using the SePa form on a single node.

(B) Strong scaling performance of exploiting node-level par-
allelism using the Dist form on a single node.

(C) Strong scaling performance of exploiting cross-node par-
allelism using the Dist form and various MPI process
counts on multiple nodes.
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Table 1: Design of factorial experiments to evaluate the performance of Python, Julia, C++, and DaphneDSL.

Factor Value Properties

Set of Strong Scaling
Experiments

(A) Exploiting node-level parallelism on a single node
Language: Python, Julia, C++, DaphneDSL;
Number of computing nodes: 1;
Number of Threads: 1, 2, 4, 8, 16, 32;

(B) Exploiting node-level parallelism with MPI on a
single node

Language: Python, Julia, C++, DaphneDSL;
Number of computing nodes: 1;
Number of MPI ranks per node: 1, 2, 4, 8, 16;
Number of threads per rank: 1;

(C) Exploiting cross-node parallelism with MPI on
multiple nodes

Language: Python, Julia, C++, DaphneDSL;
Number of computing nodes: 1, 2, 3, 4, 5;
Python, Julia, C++: Number of MPI ranks per node: 16; Number of threads per rank: 1;
DaphneDSL: Number of MPI ranks per node: 1; Number of threads per rank: 16;

Benchmark Suite GAP suite of graph algorithms Connected Components algorithm

Input Sparse matrix representing a graph wikipedia-20070206: [15]
Size (rows×cols): 3’566’907×3’566’907; Density (%): 3.54 ×10−4

Computing system Vega EuroHPC [8] CPU standard partition node
2× AMD Rome 7H12 (64 cores, 4 NUMA domains, 2.6 GHz, 280 W) 256 GB RAM,
1× HDR100 single port mezzanine,
1× 1.92 TB M.2 SSD

Experiment Repetitions 5

Metric Execution time End-to-end, data reading, and compute time (seconds)

Table 2: Normalized and absolute coding productivity metrics for the sequential and local parallel form (SePa) and distributed
parallel form (Dist) of the connected components algorithm: source lines of code (SLOC), tokens of code (TOC), Halstead’s
effort (EFF), and cyclomatic complexity number (CCN). The colors in the table cells indicate productivity from high, to less
high, to medium, and to low.

Language
(abbrv.)

External
dependencies

SLOC TOC EFF CCN

SePa Dist SePa Dist SePa Dist SePa Dist

Python
(py)

Numpy, Scipy 1.0
23

4.3
99

1.0
178

5.6
988

1.0
12’884

23.2
298’492

1.0
3

4.7
14

Julia
(jl)

MatrixMarket 1.0
67

1.5
99

1.0
358

2.2
779

1.0
55’852

3.8
210’888

1.0
13

1.0
13

C++
(cpp)

Eigen 1.0
60

2.5
151

1.0
518

2.7
1’392

1.0
111’054

5.3
588’888

1.0
7

2.3
16

DaphneDSL
(daph)

∅ 1.0
12

1.0
12

1.0
117

1.0
117

1.0
6’884

1.0
6’884

1.0
3

1.0
3

The work is equally distributed among the workers. The DAPHNE
runtime system allows for various scheduling settings [6].

To arrive at comparability between languages in terms of work
distribution and scheduling, we used the default (static)scheduling
configuration for each language. By design, rank 0 in DAPHNE is
only a coordinator and not a worker. Therefore, all DAPHNE exper-
iments include an additional MPI process. The exact specification
for each set of experiments is shown in Table 1.

3 RESULTS AND DISCUSSION
3.1 Normalized and absolute metric values
The normalized and the absolute metrics values are shown in Ta-
ble 2. As expected, no coding effort is required to use DaphneDSL
in distributed environments. When adapting code for distributed
execution, Python is the least productive of the studied languages.
Python has the highest normalized values across all metrics (SLOC,
TOC, CCN, EFF), with EFF being the most pronounced.

Writing MPI-aware Python code requires more than 23× the
effort needed to write the local parallel version. Julia has lower

normalized values than C++ and is, therefore, considered more
productive.

3.2 Performance
The results of the experiment set (A) in Figure 1a show that there
is some strong scaling benefit from using multiple threads, with
DAPHNE profiting the most. Python does not exhibit scaling bene-
fit because certain functionality from external dependencies (e.g.,
Numpy’s maximum) are serialized by the Global Interpreter Lock,
and only a single Python thread can run at a time. Interestingly,
even though DAPHNE is the slowest when employing a few threads,
it outperforms Python and C++ with an increased thread count.
Julia exhibits the highest performance, while Python is faster than
C++.

Similar results can be observed in the experiment set (B), but
with Python and C++ performing in the same way (Figure 1b).

The results of the experiment set (C) in Figure 1c reveal that
there is no strong scaling benefit from additional compute nodes
for Python, Julia, and C++. DAPHNE is outperformed again, despite
showing benefits from strong scaling. In summary: (1) Julia clearly
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(a) End-to-End execution time for experiment set (A)

(b) End-to-End execution time for experiment set (B)

(c) End-to-End execution time for experiment set (C)

Figure 1: Results over 5 repetitions with various levels of
parallelism for connected components benchmark with the
wikipedia-20070206 matrix. Error bars show minimum and
maximum over the 5 repetitions. Executed on Vega EuroHPC
CPU standard partition, each node with 2× AMD Rome 7H12
(64 cores, 4 NUMA domains, 2.6 GHz, 280 W) 256 GB RAM.

shows the best performance. (2) Python outperforms C++ when
executed with threads and equals the performance of C++ with
MPI processes. (3) C++ outperforms DAPHNE in most cases.

4 CONCLUSION AND FUTUREWORK
In this study, we evaluated the productivity and performance of the
Connected Components graph algorithm implemented in Python,
Julia, C++, and DaphneDSL. Julia is the language with the highest
performance and decent productivity. In contrast, DAPHNE with
DaphneDSL has high productivity but lower performance in most
cases. Work is currently ongoing to implement other graph algo-
rithms from the GAP benchmark suite (e.g., PageRank, Breadth First
Search) and evaluate their coding productivity and performance on
other input data and HPC systems.
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