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Abstract. Computational Design approaches facilitate the generation
of typographic design, but evaluating these designs remains a challenging
task. In this paper, we propose a set of heuristic metrics for typographic
design evaluation, focusing on their legibility, which assesses the text
visibility, aesthetics, which evaluates the visual quality of the design,
and semantic features, which estimate how effectively the design conveys
the content semantics. We experiment with a constrained evolutionary
approach for generating typographic posters, incorporating the proposed
evaluation metrics with varied setups, and treating the legibility metrics
as constraints. We also integrate emotion recognition to identify text
semantics automatically and analyse the performance of the approach
and the visual characteristics outputs.

Keywords: Computational Creativity · Design Measures · Evolutionary
Design · Graphic Design · Layout· Poster Design

1 Introduction

Computational Design has revealed a significant potential to transform practices
in the field of Graphic Design (GD), including Typography and Layout domains
[7,18]. This potential involves automating typesetting tasks (e.g. applying text
styles, creating tables, etc.) and facilitating design exploration. Nonetheless, as-
sessing the outcomes of these computational processes remains a challenging
task, given that their evaluation relies on subjective design factors.

⋆ This paper is based upon work from a scholarship supported by SPECIES, by the
Foundation for Science and Technology, I.P./MCTES through national funds (PID-
DAC), within the scope of CISUC R&D Unit - UIDB/00326/2020 or project code
UIDP/00326/2020, and by Ministerio español de Economı́a y Competitividad (Span-
ish Ministry of Competitivity and Economy) under project PID2020-115570GB-C22
(DemocratAI::UGR).
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In this paper, we present a set of ten heuristic metrics for evaluating typo-
graphic designs. These metrics consist of the application of design rules that
enable automated assessment of various characteristics of typographic designs,
especially posters. Our motivation behind developing these metrics is to stream-
line and facilitate computational typesetting processes, ultimately leading to
faster and more efficient GD practices. The proposed set of metrics encompasses
the evaluation of designs in terms of their legibility, aesthetic features, and cov-
erage of content semantics. Legibility metrics determine whether all text content
is adequately displayed and readable within the design, including the evaluation
of text legibility and grid appropriateness. Aesthetic metrics assess the visual
quality of the designs, examining aspects like alignment, balance, justification,
regularity, typeface pairing, and negative space fraction. Semantic metrics focus
on assessing how the composed text effectively conveys the semantic meaning of
the content in terms of layout and typography.

We study the practical application of these metrics in guiding the creation
of typographic poster designs by developing an Evolutionary Computation (EC)
approach. In this context, we considered that the primary goal of posters is to
fully display their content. This way, we explored a constrained evolutionary
methodology where legibility metrics are treated as constraints that the gen-
erated outputs must satisfy, while other metrics define the objective value of
designs. This approach is inspired by the workflow of traditional typography
design processes, as conducted in nineteenth-century print houses. Back then,
typographers employed an algorithmic method for typesetting content to fill all
the space in a matrix. They use condensed typefaces for lengthy sentences and
extended typefaces for shorter ones, while also emphasising the most significant
parts of the content typographically [12].

Furthermore, we designed a user interface to support the developed approach,
enabling users to input text content and specify the desired visual features of
the outputs. To facilitate the generative process, we develop procedures to au-
tomatise the text division and to recognise the more semantically significant
parts of the content using emotional recognition. The development of this ap-
proach follows an agile science methodology, structured around potential user
cases and scenarios for the application of the proposed metrics in poster de-
sign [13]. The code repository for this project is accessible at github.com/

sergiomrebelo/evo-poster. Supplementary materials are available at cdv.

dei.uc.pt/projects/evoposter (websites visited: 8 November 2023).
We conducted experiments to examine the influence of the proposed evalua-

tion metrics on the evolutionary generation of typographic poster designs. These
experiments involved the legibility-constrained evolution of typographic posters
using input texts of varying lengths and emotional content. The experiments
consisted of three stages, each focusing on the evolution of posters based on ei-
ther semantic metrics, aesthetic metrics, or a combination of both. The results
demonstrate that the proposed metrics effectively guide an evolutionary pro-
cess, producing finished and legible designs from a variety of text inputs while
considering both aesthetics and semantics.

github.com/sergiomrebelo/evo-poster
github.com/sergiomrebelo/evo-poster
cdv.dei.uc.pt/projects/evoposter
cdv.dei.uc.pt/projects/evoposter
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The primary contribution of this paper is the set of metrics for evaluat-
ing typographic designs. Other prominent contributions include (i) a functional
constrained evolution approach for creating typographic posters; (ii) a multi-
purpose, domain-driven, and easily understandable representation of poster de-
signs; (iii) an investigation into weighted objective function strategies for evalu-
ated designs based on aesthetics and semantics; (iv) an exploration of integrating
computational design into a poster design field.

The remainder of the paper is organised as follows. The next section provides
a review of the related work, specifically focusing on design metrics. The third
section comprehensively describes the metrics. The fourth section explains our
experimental approach, the setup, and the results. The last section summarises
our contributions and outlines potential directions for future research.

2 Related Work

Heuristic metrics and measures for visual assessment are frequently used in the
computational generation of visuals, especially in the context of EC. These met-
rics have been explored to overcome the limitations of cooperative evolutionary
approaches, like Interactive Evolutionary Computation strategies, allowing the
incorporation of subjective human-related data into the evolutionary design pro-
cesses. However, they can lead to user fatigue and inconsistent evaluations [11].

Typography and Layout metrics are employed for either generative or optimi-
sation objectives. Geigel and Loui [5] employed a set of design measures, includ-
ing page balance, spacing, and emphasis, to automatically evolve page layouts
for photography albums. Harrington et al.[6] proposed a non-linear layout eval-
uation measure, combining a set of heuristic metrics for document design, such
as alignment, regularity, separation, balance, white-space fraction, white-space
flow, proportion, uniformity, and page security. Building upon these measures,
Purvis et al [15] and Rebelo et al. [16] developed generative evolutionary ap-
proaches, adapting the proposed measures for the characteristic of the outputs.
Lok et al. [8] introduced a technique for computing visual balance using lightness
weight maps from images. Balinsky et al. [1] presented measures for determin-
ing page alignment and regularity, based on the extraction and quantification
of “alignment lines.” Bylinskii et al. [3] and Xie et al [21] developed Machine
Learning (ML) models which unveiled some potential for auto-completion and
layout retrieval. More recently, Lopes et al. [9] developed a pixel-based approach
to assess the balance of design.

The reviewed related work primarily focuses on visual attributes like balance,
regularity, and alignment while overlooking typographic attributes. Nevertheless,
these typographic attributes are an essential consideration for graphic design-
ers during their creative processes. Factors like typography pairing and content
emphasis significantly contribute to the distinctiveness and effectiveness of the
conveyed message. Recent ML approaches show a promising manner to evaluate
the designs. However, their effectiveness in poster design scenarios is constrained
by the limited availability of poster layout data.
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3 Metrics

We introduced a set of ten metrics to evaluate typographic designs, specifically
posters that feature short text messages. These metrics aim to address the lack of
consideration of typography and representation of content semantics in current
work on computational assessment of visual designs.

The computation of these metrics assumes that designs consist of text boxes,
each representing a single line of text. These text boxes are characterised by
attributes such as size, alignment, and font. They are organised sequentially
within a one-column grid. In addition, typefaces used must provide data related
to the category, e.g. serif, mono-space, sans-serif, etc. Certain metrics require
quantifying the emotional charge of each text line. An optimal poster layout is
also considered, which describes the expected distribution of each text box in
terms of percentages of the poster’s height based on the emotional analysis.

The metrics are evaluated on a scale ranging from 0 (poor score) to 1 (per-
fect score), and they can be divided into three evaluation objectives: legibility;
aesthetics; and semantics. They have been implemented as a standalone module,
and the source code is available in the project repository.

Legibility metrics evaluate whether the text content on a poster is fully visible
in the design. This objective includes two distinct metrics: (i) the text legibility
and (ii) the grid appropriateness.

The text legibility metric assesses whether all text content is fully visible
within the text boxes that compose the poster. It is calculated by the arithmetic
mean of the legibility score of all text boxes. The legibility score of each text box
is the variance between the width of the text box’s content, as rendered, and the
available width of the design (i.e. the width of the poster without the horizontal
margins). This score is then normalised, gradually prejudicing the cases when
the text exceeds the available width. A score of 0 indicates that the text width
doubles the width of the container, while a value of 1 indicates that the text fits
within the space.

The grid appropriateness metric assesses whether the grid used in the design
is suitable. It does so by comparing the size of the grid (both width and height,
including the margins) with the size of the poster. This metric can only have
two values. A value of 1 indicates that the grid entirely fits within the design
dimensions, while a value of 0 suggests that it does not.

Aestheticmetrics are used to evaluate the visual and typographic features of a
design. These metrics include (iii) alignment, (iv) balance, (v) justification, (vi)
regularity, (vii) typeface pairing, and (viii) negative space fraction. We defined
these metrics based on works of Harrington et al. [6] and typographic principles
outlined by Lupton [10] and Bringhurst [2].

The alignment metric assesses the consistency of the horizontal alignment of
text. The estimation involves two main steps. First, it computes the variance in
text width between neighbouring text boxes. Then, it calculates the arithmetic
mean of these variances (d), using the non-linear A/(A+d) where A is a constant
that controls how fast values fall away from 1 as the distance between entries
increases. Second, the metric checks if the line alignment of the text box is
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uniform. This is determined by the division of 1 (the expected line alignments on
the design) by the count of different line alignments identified on the posters. The
overall alignment score is a weighted average, with width variance contributing
80% and text alignment contributing 20%. This score is subsequently normalised
within a range from 0 (high width variance and different line alignments) to 1
(low width variance and consistent use of a single line alignment).

The estimation of balance metric initially involves the calculation of the visual
weights and the balance centres of each text box which compose it. The visual
weight of a text box (vw) is defined by multiplying its area by its optical density.
The optical density (oD) is calculated by considering the relative Luminance,
which is computed on the average pixel values for the red (r), green (g), and
blue (b) colour channels within the text box, using the formula:

oD = log10

(
1

n

t=1∑
n

0.2126× rt + 0.7152× gt + 0.0722× bt

)
(1)

The balance centre of a text box (xt, yt) is determined based on its line alignment
(xt) and the overall vertical alignment of the poster. For instance, if the text
box is left-aligned and vertically aligned to the top, its balance centre (xt, yt) is
the upper-left corner. When the vertical alignment is set to centre, the vertical
balance centre position is visually adjusted moving one-twelfth towards the top.
Next, it calculates the centre of the visual weight of the entire design (wx, wy),
by considering all text boxes (t) within it as:

wx =

(∑n
t=1 xt × vwt∑n

t=1 vwt

)
and wy =

(∑n
t=1 yt × vwt∑n

t=1 vwt

)
(2)

Subsequently, it estimates the expected balance centre of the design (cx, cy)
employing the same method as used for text boxes, considering the alignment of
the first text box (cx) and the same global vertical alignment (cy), albeit taking
into consideration the full poster size. Finally, the overall balance (B) score is
determined considering the calculated current and expected balance centres and
poster sizes as follows:

B = 1−

[((
wx − cx
width

)2

+

(
wy − cy
height

)2
)
/2

] 1
2

(3)

The justification metric evaluates whether the text fully occupies the avail-
able space. This metric is inspired by the traditional aesthetics of nineteenth-
century letterpress posters where text content was traditionally justified within
the available space, ensuring that text occupies all the available areas when pos-
sible. The calculation of this metric is similar to the text legibility. The overall
justification score is determined as the arithmetic mean of the justification scores
of all text boxes. The justification score of a text box is calculated by considering
the variance between the text width of each text box and the available space.
The variance value is normalised penalising both designs with text overflow and
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with excessive white space. The penalty is lower when text fully fits within the
poster, being divided by a factor. A lower variance results in a higher justifica-
tion score. A justification score of 1 indicates zero width variance, while if the
variance doubles the design width the justification is set to 0.

The regularity metric evaluates how regular is text box heights in the design.
It measures the distances (d) between the vertical positions of the top edges
in neighbouring text boxes using a non-linear function A/(A + d), where A is
a constant that determines the rate at which values decrease as the distance
between entries increases, similar to alignment. The overall regularity score is
the arithmetic mean of the value of all neighbouring pairs is normalised within
a range between 0 (low regularity) and 1 (high regularity).

The typeface pairing metric evaluates the compatibility of the typefaces used
on the poster, considering their categories on typographic classification. It begins
to create a unique list of categories from the typefaces used in the design. The
overall typographic pairing score is determined by the count of categories found
in the design, normalised between 1 (if there is only one category) and 0 (if all
the used typefaces are from different categories).

The negative space fraction metric assesses the appropriateness of the per-
centage of background colour in the design. It calculates the current percentage
of the poster occupied by background colours and computes the deviation from
an optimal value chosen by the user. The differences are then normalised to
a range between 0 (twice the optimal background percentage) and 1 (optimal
background percentage).

Semantic metrics assess whether the placement of the typography in the
designs conveys the semantic meaning of the content. This analysis encompasses
the evaluation of the semantic significance of the (ix) layout, and (x) typography.

The semantic significance of the layout metric evaluates whether text lines
which contain more emotional charge are appropriately highlighted in the lay-
out. The greater the emotional charge on a line, the more height this line of text
should be typeset on the design. This calculation is done at the line (or text
box) level. So, for each text box, it calculates the distance between its height
and the height in the optimal layout, represented as a percentage of the poster’s
total height. This metric can operate in two modes, “Fixed” and “Relative”. In
the “Fixed” mode, it considers that content must fulfil the total poster available
height. In “Relative” mode, it only considers the current height of the compo-
sition, ignoring the empty space. By default, it operates in “Fixed” mode. The
overall score for the semantic significance of the layout is the arithmetic mean of
the normalised distance of all text boxes, ranging from 0 (significant differences
between the actual and optimal layout) to 1 (perfect match between the optimal
and current layout).

The semantic significance of typography metric evaluates if the most emo-
tional parts of the content are typographically emphasised. This involves calcu-
lating variations in weight, stretch, and type design across fonts used in the text
boxes within the design. The score for the variable typographic features (weight
and stretch) is computed as the mean of the distances between the current and
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expected values. These distances are normalised between 0 (maximum distance)
and 1 (no distance). To determine the expected values for each text box, the
range of values used in the design is established. Then, for each text box, an
expected distance is assigned based on the recognised emotional levels in the
content. The text box with the highest emotional context recognised is assigned
the maximum distance value within the range, while the one with lesser emo-
tional charge receives no distance. Ultimately, for each text box, the distance
between the current value and the value of a text box with no expected dif-
ference is calculated, and the current distance is determined by comparing the
results with the assigned expected distance. The type design score is calculated
by counting the number of typefaces that deviate from the expected ones, nor-
malised based on the total number of text boxes. A score of 0 indicates that the
output aligns with type design expectations, whereas a score of 1 signifies that it
does not meet any expectations. To calculate the expected typefaces, typefaces
are initially assigned to emotional levels based on their first use within each
emotional level. Each typeface is uniquely associated with one emotional level.
If a typeface is already assigned to another level, the typeface for this level is
set as undefined. The overall score of the semantic significance of typography is
the highest score among the three types of variations. To prevent excessive em-
phasis on the same content, the score is penalised when multiple features receive
evaluations exceeding a high threshold. In such cases, the score is divided by the
number of features that exceeded this threshold.

4 Experiments

We conduct evolutionary experiments using the proposed metrics and a Genetic
Algorithm to automatically evolve typographic posters using different texts. We
experiment with a constrained evolution approach employing a stochastic rank-
ing method [19] to fitness assignment the designs. Legibility metrics serve as
constraints that the generated outputs must adhere to. Aesthetic and semantic
metrics determine the design value of the outputs, through a weighted multi-
criteria objective evaluation function. In addition, we implement a constraint
penalty approach to facilitate the sorting and visualisation of population and
elitism. The penalty is calculated as the inverted weighted arithmetic mean of
the two legibility metrics.

We adopted a Domain-Driven Design [4] approach to define the represen-
tation of posters. Each genotype is encoded in the JSON format, with each
representational attribute identified by a key term commonly used in the GD
domain. The genotype comprises two parts: (i) text boxes data and character-
istics, namely content, typeface, weight, stretch, size, and alignment; and (ii)
poster characteristics, specifying the size (width and height), margins (in per-
centages of size), and vertical alignment. The grid of the poster is inferred based
on the text box size and the poster characteristics. One descriptive example of
a genotype is provided in supplementary materials.
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The generative process starts with the random initialisation of a poster pop-
ulation. For each line of text, a text box is assigned, and its characteristics are
randomly determined from available choices. This process involves randomly
selecting a typeface, along with the weight and stretch based on its available
options. The font size is defined within a predefined range, while alignment is
randomly set to left, centre, or right. The vertical alignment of the poster is also
randomly defined as top, middle, or bottom.

Tournament selection is used to choose individuals for breeding based on
their fitness, and variation operators (mutation and crossover) are applied to the
selected individuals, with a certain probability, to generate new offspring. We
use a uniform crossover method [20], which randomly determines which parent
will pass down genetic material to the descendant. It flips the vertical alignment
gene and all text boxes on the new individual to determine which parent will
pass down its characteristics to the offspring. The text boxes are passed to the
descendants with all of their characteristics.

The mutation variation operator determines if an attribute of the individ-
ual in new offspring will undergo change, based on a certain probability. The
mutation method employed varies depending on the selected attribute. When
poster vertical alignment or the alignment, weight, and stretch attributes of a
text box are selected for mutation, the current value is modified by one of the
available options. If the typeface attribute of the text box is selected, it replaces
the current typeface with one of the available options, and it adjusts the weight
and stretch attributes if needed, selecting values close to the current ones. In the
case of the font size of the text box, it adjusts the size based on random values
within a specific range, typically between -5 and 5.

We employ an elitist process, where the best individuals from the current
generation are combined with the new offspring. To select these individuals, it
sorts the population using a penalty constraint approach.

Before the evolution, the system emotionally analyses input content to deter-
mine the parts that must be emphasised on the layout. The analysis starts with
the preprocessing of the text by (i) handling contracted word forms, (ii) replac-
ing abbreviations and slang expressions with formal equivalents, (iii) substitut-
ing emojis with their actual meanings, (iv) changing negations to antonyms, (v)
eliminating stop words and URLs, and (vi) tokenising the text. Subsequently, it
conducts a lexicon-based analysis using a word-emotion association lexicon [14].
Based on the result, emotional scores are assigned to individual words. The emo-
tional scores for each line are calculated by summing the scores of words on it.

We designed a user interface that allows users to input the text and config-
ure the desired visual features of the outputs and the evolutionary approach.
Furthermore, new typefaces, options, and default evolution parameters through
a dedicated configuration file. Typefaces are incorporated into the system in the
OpenType Variable Font format. Users can input content either divided into
lines or choose to let the system automatically divide the text. Text division is
performed using a Sentence Boundary Detection algorithm [17] to split the text
into sentences and then divide the longer sentences based on a random factor
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Table 1: Metrics weights in the respective evaluation objective.
Aesthetic metrics Semantic metrics

Alignment 10% Layout 50%
Regularity 10% Typography 50%
Balance 20%
Negative Space Fraction 20%
Justification 30%
Typeface Pairing 10%

Table 2: Experimental Parameters.
Type Parameter Value

Evolutionary

Generations 400
Population size 30
Elite size 1
Crossover probability 90%
Mutation probability 10%
Tournament size 10

Posters’ features
Poster size (px) 141× 100
Default margins (ltrb) 5% 5% 5% 5%
Min colour contrast 2.5

Aesthetic metrics
Alignment/regularity A constant 10
Justification factor 3
Optimal negative space factor 50%

Semantic metrics
Significance of layout mode Fixed
Significance of typography threshold 0.2

within a predetermined line size range. Screenshots of the developed interface
are available in the supplementary material.

4.1 Experimental Setup

The conducted experiments are divided into three different stages: (S1) evolv-
ing only considering semantic objective; (S2) evolving only considering aesthetic
objective; and (S3) evolving considering both objectives, with equal weight on
objective evaluation. The score of each evaluation objective is determined as the
weighted arithmetic mean of the score of metrics that compose it. The weight
of each metric on the objective function is defined empirically, with the goal of
creating poster designs inspired by the aesthetics of nineteenth-century letter-
press posters, which was one of the main motivations for the development of this
work. Table 1 displays the weight assigned to each metric in both the semantic
and aesthetic groups.

The conducted experiments occur on the client side of a Chromium web
browser. We loaded 8 OpenType Variable Font, all of which have weight and
stretch axes available. The experimental parameters for these experiments were
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Fig. 1: Progression of constraint penalty and legibility metrics across generations.
Visualised results present the average of three stages, totalling 1,800 runs. Black
lines depict penalty constraint values, while pink and blue lines show the scores of
text legibility and grid appropriateness metrics, respectively. Fittest individuals
are depicted with solid lines, and the average population with shaded lines.

empirically defined and are summarised in Table 2. In the three evaluation stages,
we generated typographic posters for 20 different texts in three languages (En-
glish, Portuguese, and French). These texts expressed various purposes, emo-
tional contexts, and lengths. On average, each input text contained 39.55 char-
acters, divided into 7.15 words, with a maximum of 83 characters and a minimum
of 17. The average text line length was 4.15 lines. The selected texts, apart from
being neutral, were classified by representing emotions such as anticipation, dis-
gust, joy, sadness, surprise, and trust. Further description of the text and the
typographic available options are provided in the supplementary material.

4.2 Experimental Results

The experimental results demonstrate that the proposed metrics and approach
enable the evolution of legible designs for various types of text inputs. Analysing
the progression of constraint penalty in the population (see Fig. 1), we observed
that the proposed approach leads to a faster reduction in the number of indi-
viduals that do not comply with the legibility constraints, either in the best
individuals or the population average. Individuals evaluated with maximum fit-
ness are present in the population but do not are legible. A detailed analysis
of grid appropriateness metric reveals that the proposed approach can consis-
tently generate and maintain individuals that use valid grids. On the other hand,
the evolution of text legibility is inversely proportional to the constraint penalty
value. The results also reveal that the fittest individuals at the end of evolution
are always individuals with all text legible.

The evolution based on semantic metrics (S1) reveals that the proposed se-
mantic metrics can guide the evolution of posters towards designs where the
more emotional parts of the content are highlighted. The experimental results
(see Fig. 2) unveil that the best individual in the population achieves high fitness
values as well as high scores in both metrics. However, the metrics values sta-
bilise after a dozen generations, primarily due to the legibility constraints. These



Evaluation Metrics for Automated Typographic Poster Generation 11

0 100 200 300 400

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

Generations

S
co

re
 / 

P
en

al
ty

0 100 200 300 400

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

Generations

S
co

re

Fig. 2: Evolutionary progress in the S1 experiment. The results are averages from
600 runs, considering varied text inputs. The chart on the left illustrates best
individual fitness (solid lines), constraint penalty (dashed lines) and maximum
fitness (dotted). On the right, the chart shows score metrics related to the signif-
icance of semantics in layout (green lines) and typography (orange lines). Solid
lines represent the average of the fittest individuals, while shaded lines represent
the average of the entire population.

constraints restrict the semantic evolution of certain individuals, as they com-
promise legibility. In this sense, some individuals with high semantic scores are
also not fully legible designs. It is also noted that the evolution of the semantic
significance of layout is slightly faster than the typography.

The generated outputs exhibit certain parts of the content that are empha-
sised in terms of layout, typography, or both (see Fig. 3a). This emphasis is
primarily directed toward the more emotional sections of the content. However,
when the emphasis affects both layout and typography, it can sometimes become
excessive, leading to a visually heavy impact, particularly in designs with fewer
emotional variations. Additionally, certain design issues were observed in the
outputs, including non-uniform alignment, unbalanced layout, or excessive use
of different typefaces.

The outcomes of the aesthetics evolution (S2) indicate that it is possible
to evolve designs complying with the proposed aesthetic metrics. Nonetheless,
these results also reveal the challenge of evolving designs that fulfil all the metrics
simultaneously. The performance of metrics depends on the text content, and
the necessity for legibility limits the range of aesthetic design possibilities.

Experimental results (see Fig. 4) reveal that global fitness increases faster
in the initial generations but slows down as the constraint penalty decreases.
We noted that some individuals in the population achieve higher than the best
individuals in the population, but they are not legible posters. When examining
the score of each metric individually, regularity, alignment, and typographic pair-
ing progressively increase over the generation both in the fittest individuals and
population average. This suggests that enhancing these metrics does not com-
promise the legibility of the posters. On the other hand, balance, justification,
and negative space fraction maintain relatively stable scores over the genera-
tions, with slight decreases in scores on the best individuals, while legibility and
other aesthetic metrics increase. The justification score of the best individual
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(a) S1 Stage

(b) S2 Stage

(c) S3 Stage

Fig. 3: Examples of designs evolved during the three experimental stages. More
results can be found in the supplementary material folder.

was even, on average, below the population average. Further experimentation is
necessary to understand how other metrics and experimental parameters impact
their evaluation. However, high scores on these metrics result in the creation of
invalid individuals, even in more advanced generations, who are subsequently
removed from the population. Due to this, legibility metrics had worse scores
than in the S1 stage.

The visual analysis of the outputs (see Fig. 3b) unveils that, even though they
are created with the same input texts, the generated posters are more balanced
and regular in typographical terms compared with S1 outputs. Nonetheless, we
noticed that in some outputs less meaningful parts of the content are typograph-
ically highlighted (e.g. conjunctions), making the content more difficult to read.

The results of the evolution combining both aesthetic and semantic metrics
(S3) indicate that optimising all the metrics simultaneously is a challenge, be-
ing the design possibilities influenced by the text content and the recognised
emotional charge. The experimental results (see Fig. 5) exhibit an evolutionary
pattern akin to the two other experiments: faster evolution in early genera-
tions followed by gradual stabilisation as the constraint penalty values decrease.
However, we noted that there are individuals with higher fitness values in the
population, yet they are not legible.

The analysis of the evolution of semantic metrics separately reveals that their
combined evaluation with aesthetic metrics presents challenges to evolving se-
mantic metrics, being constrained by the other aesthetic metrics. In terms of the
significance of layout, this experiment indicates that it is restricted by aesthetic



Evaluation Metrics for Automated Typographic Poster Generation 13

0 100 200 300 400

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

Generations

S
co

re
 / 

P
en

al
ty

0 100 200 300 400

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

Generations

S
co

re

Fig. 4: Evolutionary progress in the S2 experiment. The results are averages from
600 runs, considering multiple text inputs. The chart on the left illustrates best
individual fitness (solid lines), constraint penalty (dashed lines) and maximum
fitness (dotted). On the right, the chart shows score metrics related to aesthetics,
including alignment (navy), regularity (green), justification (violet), typography
pairing (pink), balance (turquoise), and negative space fraction (orange). Solid
lines represent the average of the fittest individuals, while shaded lines represent
the average of the entire population.

metrics, showing a relatively flat trajectory, with the fittest individuals and the
population average achieving similar values. The evolution of the significance of
typography, although exhibiting some improvement in the early generations, it
faster stabilises and remains below the scores achieved in the S1 experiment. The
results of aesthetic metrics resemble the results of S2. Alignment, regularity, and
typographic pairing progressively increase over the generations, while balance,
justification, and negative space fraction maintain relatively stable scores, seem-
ingly constrained in their progress by legibility metrics. We observed a slight
evolution of justification scores, which appear to be related to the inclusion of
semantic metrics and the exploration of layouts that are not highly valued by
other aesthetic metrics but, from a semantic perspective, are considered superior
and enable improved content justification.

The empirical visual analysis of the outputs (see Fig. 3c) reveals an increase
in aesthetic features value present, compared to S1. Simultaneously, it is possible
to observe the emphasis of parts with more emotional weight, whether through
layout or font selection, in comparison to S2. However, this emphasis in certain
designs should be more pronounced in some posters.

5 Conclusions and Future Work

Computational approaches in GD unveil potential, but evaluating outcomes
remains challenging due to reliance on subjective factors. We introduced ten
heuristic metrics for autonomously evaluating typographic designs, addressing
both visual and semantic aspects. These metrics are categorised into three eval-
uation objectives: Legibility metrics assess text display effectiveness, including
text legibility and grid appropriateness. Aesthetic metrics evaluate visual qual-
ity, considering alignment, balance, justification, regularity, typeface pairing, and
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Fig. 5: Progression of evolution in the S3 experiment. The results are averages
from 600 runs, considering various text inputs. The top-left chart presents the
progression of the best individual fitness (solid lines), constraint penalty (dashed
lines) and maximum fitness (dotted). The top-right and bottom charts illustrated
the scores of metrics related to semantics and aesthetics, respectively. Semantic
metrics include the significance of semantics in layout (green) and typography
(orange). Aesthetic metrics include alignment (navy), regularity (green), jus-
tification (violet), typography pairing (pink), balance (turquoise), and negative
space fraction (orange). Solid lines represent the average of the fittest individu-
als, while shaded lines represent the average of the entire population.

negative space fraction. Semantic metrics focus on typographic content repre-
sentation for layout and typography. We applied these metrics in a constrained
evolution approach to generate typographic poster designs for various texts, with
legibility metrics as constraints and other metrics in a weighted multi-criteria
objective evaluation function. Our preliminary experiments covered three stages,
evaluating posters using semantic, aesthetic, and both metrics.

The main motivation behind developing these metrics is to streamline com-
putational typesetting processes. Despite their preliminary nature, evaluation
experiments reveal their effectiveness in guiding typographic poster design gen-
eration for diverse text contents, highlighting their potential for automation in
GD practices. However, evolving multiple metrics simultaneously, in this con-
strained setting, restricts metrics’ progression, necessitating further research to
understand the individual metrics’ progression and their interaction with con-
straints. Future work also includes less constrained evolutionary experiments
with different parameters. Moreover, we intend to conduct further evaluation
studies with human participants, aiming to assess the visual impact of the pro-
posed metrics in output designs.
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