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Abstract 

In the light of the constant battle for attention on digital me-
dia, animating digital content plays an increasing role in mod-
ern graphic design. In this study, we use artificial intelligence 
methods to create aesthetic animations along the case of 
brand logos. With scalable vector graphics as the standard 
format in modern graphic design, we develop an autonomous 
end-to-end method using complex machine learning tech-
niques to create brand logo animations as scalable vector 
graphics from scratch. We acquire data and setup a compre-
hensive animation space to create novel animations and eval-
uate them based on their aesthetics. We propose and compare 
two alternative computational models for automated logo an-
imation and carefully weigh up their idiosyncrasies: on the 
one hand, we set up an aesthetics evaluation model to train 
an animation generator and, on the other hand, we combine 
tree ensembles with global optimization. Indeed, our pro-
posed methods are capable of creating aesthetic logo anima-
tions, receiving an average rating of ‘good’ from observers.  

Introduction   
In modern user interface (UI) design, a constant battle for 
attention challenges designers. With UIs being ubiquitous, 
mobile applications and websites need to make their pages 
stand out. A recent trend is to bring graphics to life through 
motion designs, which raises attention and increases conver-
sions in contrast to static content (Bruce, Murthi and Rao 
2017). A logo serves as the “face” of a company and helps 
customers identify the brand (Walsh, Winterich, and Mittal 
2010). Catching users’ attention through enjoyable logos in 
motion has the potential to make the brand more memorable. 
 In modern graphic design, the scalable vector graphic 
(SVG) format, as a vector-based image format for two-di-
mensional graphics, has established as a standard. This is 
mainly due to SVG’s scale invariance, i.e., they can be 
scaled to any sizei, with which they improve upon their ras-
terized counterparts, e.g., PNG and JPG format. SVGs doc-
ument graphic designs in a tree-based structure consisting of 
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multiple elements. Each element represents a shape with its 
own style attributes like color or border. Research on using 
SVGs in Machine Learning (ML) remains scarce.  
 Working directly with SVG data is a core technological 
novelty of AnimateSVG, our proposed artificial intelli-
gence (AI) application. Exemplified along the case of brand 
logos, we propose a model architecture for SVG animation, 
including data acquisition, construction of a comprehensive 
animation space, as well as generation and evaluation of the 
created animations. We implement and compare two com-
putational approaches to SVG animation: First, we integrate 
a neural network evaluation model that approximates human 
ratings of logo animation aesthetics as a loss function into a 
neural network for the generation of novel SVG animations. 
Second, we combine tree-based models with global optimi-
zation to aesthetically animate the SVGs based on existing 
rated animations. AnimateSVG is, to the best of our 
knowledge, the first AI application that creates SVG anima-
tions from scratch, as a creative task that is usually entrusted 
to human designers. Understanding and learning from aes-
thetics ratings in the creation process has likewise seldomly 
been considered in extant research. Further, this is one of 
few studies considering SVG format as a data representation 
despite its significant importance in modern graphic design. 
Figure 1 depicts an exemplified animation of AnimateSVG. 

Related Work 
ML on Vector Graphics. Recent research on the applica-
tion of ML methods to SVGs was successful in generating 
different elements, such as sketches and fonts (Ribeiro et al. 
2020; Ha and Eck, 2018). However, often rasterized images 
are used in the generation and decoded into SVGs after-
wards (Lopes et al. 2019). An essential study on generating 
SVGs directly is DeepSVG (Carlier et al. 2020). They find 
a meaningful embedding for vector graphics, which they ap-
ply to sample new vector graphics and interpolate them.  
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Animating Vector Graphics using ML. ML is applied 
to create naturally looking, predefined character motions 
(Taylor et al. 2017), motion imitation, i.e., retargeting ob-
served motions onto other shapes (Choi & Kim 2019), or 
animating transitions between graphics, e.g., through inter-
polation (Carlier et al. 2020). However, to the best of our 
knowledge, ML methods have not yet been applied to create 
entirely novel, aesthetic animations from an animation 
space. To apply ML for animating SVGs benefits from 
SVG’s native support of graphic animationsi. 

Capturing Aesthetics with ML. With the advent of gen-
erative ML methods (e.g., Goodfellow et al. 2014; 2016) the 
question arises to which extent they can create artefacts that 
are perceived as aesthetically pleasing. Aesthetics refers to 
visual beauty, which has immediate and far-reaching effects 
on human perceptions (Maquet 1989; Lavie and Tractinsky 
2004) and is thus essential for successful design. While there 
is much research dealing with explicating the rules of aes-
thetics and finding ways to statically evaluate it (Ngo et al. 
2002; Tractinsky et al. 2000; 2006), such approaches are 
context-specific and cannot be applied to just any object in 
an observer-independent way. As a remedy, ML methods 
were experimented and found successful in capturing im-
plicit and subjective phenomena like aesthetics from hu-
man-rated examples of a target class (Bansal and Bhatt-
acharya 2013, Dhengre et al. 2020, Mateja and Heinzl 2021, 
Murray et al. 2012, Ramesh et al. 2022, Wang et al. 2016).  

Data Acquisition and Preprocessing  
To develop our envisioned AI animation application, there 
is no dataset available that contains animated SVGs in a 
standardized format. Thus, we acquire and preprocess a 
comprehensive dataset of logos and define a space of possi-
ble animations, which can be embedded in the SVGs. 

Data and Data Preprocessing 
To create a dataset for the purpose of this study, we source 
a set of 406 diverse SVG logos1. As SVG representations of 
logos heavily vary depending on the designer’s style, the 
logos were preprocessed to a canonical form: All SVGs are 
scaled to a normalized viewbox. Commands were oriented 

 
1 We greatly appreciate the graphic design studio Bleil + Grimm GmbH for 
providing logos for the purpose of this study. 

clockwise and the topmost, leftmost point was selected as 
the element’s starting position. All basic elements (rectan-
gle, circle, ellipse, line, polyline and polygon) were con-
verted to SVG paths, so that the resulting SVG logo 𝐿 =
{𝑃!, … , 𝑃"} is a set of 𝑛 SVG paths 𝑃#, describing all ele-
ments and their style features.  
 The logos are decomposed to path-level for the subse-
quent steps. A numerical representation for the normalized 
SVGs on path-level is obtained by applying the pretrained 
DeepSVG model (Carlier et al. 2020). DeepSVG represents 
and generates arbitrarily complex vector graphics. It en-
codes every shape separately into a tensor representation to 
create a latent vector thereof by relating the coded shapes to 
one another. An embedding 𝑒# ∈ ℝ$%&'! for each path 𝑃# is 
obtained. To reduce this, we apply Principle Component 
Analysis (PCA) with a threshold to explain 99% of the var-
iance in the observed data, yielding a reduced embedding 
𝑒()*,# ∈ ℝ!,'!. Depending on the designer, an SVG logo can 
consist of many small, possibly irrelevant element paths. 
Thus, an algorithm is implemented to derive the eight most 
important paths of an SVG logo. For each path, the mean-
squared error (MSE) is computed between the original im-
age (in PNG format) and the original image reduced by the 
respective path – the higher the MSE, the higher the rele-
vance of said path for the logo. As DeepSVG neglects style 
information, which are essential for the task of aesthetically 
animating logos, we engineer 16 additional features to in-
corporate contextual style information about the entire logo: 
most common color of an SVG, color of the path at hand, 
difference between mean and path color, position and size 
of elements (implicitly also used in DeepSVG), as well as 
the number of paths in total. These additional features are 
used as a style vector  𝑠# ∈ ℝ!&'! per path 𝑃#. These style 
features are appended to our path-level embeddings. This 
SVG logo dataset was enhanced with human annotations for 
the purpose of animating the SVG logos in two ways: 
• Path Selection: The eight most important paths of a logo 

are displayed and those paths, that should be animated, 
are selected by the annotators. 

• Path Animation Rating: For every path in a logo, mul-
tiple randomly-generated animations are displayed and 
rated on a scale from 1 - very bad - to 5 – very good.  

Figure 1. Exemplified Animation Created by the Proposed AnimateSVG Application. 
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A handcrafted labelling website2 was used to get a diverse 
perspective on aesthetics perception, yielding a total of ∼ 
15.000 annotations. 

Animation Space 
To enable the autonomous creation of new artefacts through 
computational methods, a structured conceptual space of 
possible solutions is required, which can be explored by the 
computational method (Boden 1998). In our study, we refer 
to this as the animation space. A logo animation arises from 
the combination of its animated paths, where each animation 
transforms certain path characteristics. To steer animations 
of vector graphics, SVG’s native animation language, called 
Synchronized Multimedia Integration Language (SMIL), al-
lows for time-based manipulations of target paths. To con-
struct the animation space, SMIL’s animate and ani-
mateTransform class are selected, where the former encom-
passes manipulations of style characteristics, while the latter 
provides manipulations for position and movement over 
time. We select six animation types from these two classes 
for our study, namely translate, scale, rotate, skew, fill, and 
opacity. Each animation is defined by a ‘from’ and a ‘to’ 
statement, i.e., the animation beginning and the final state of 
the logo after the animation. As the logos must return to their 
original state, the ‘to’ statement always encompasses the 
original logo. The parameters of the ‘from’ statement follow 
from the animation type, e.g., a rotation requires one param-
eter specifying its degree. A summary specifying the anima-
tion statements with pre-specified ranges for each possible 
parameter is provided in Table 1. 

The 12-dimensional animation statement is constructed as 
follows: the animation types are one-hot encoded, i.e., each 
element can be associated with one animation type, and the 
appropriate parameters are specified. This is exemplified for 
a rotate animation in Figure 2. These animation statements  

 
2  Labeling Website: animate-logos.web.app 

can be inserted into XML statements to animate the logo, 
using a handcrafted transfer function. Some additional rules 
are required to generate the XML statements: 
• Duration: Each animation is 4 seconds long. 
• Begin: The starting time of an animation is assigned from 

the left-most to the right-most animated element, every 
0.5 seconds. Color animations start at 0 for values < 2. 
For values >= 2, two animation statements are set up, such 
that we initialize the characteristic with the original color 
and transform it over the most common color back to the 
original color. This way, color animations are smooth. 

• Fill: The color is selected by determining the most com-
mon one (or if equal to the original color, the second most 
common color) in an SVG (neglecting black and white). 

Animating SVG Logos 
Our SVG logo animation application3 encompasses two 
steps: First, a path selection model is trained to determine 
suitable logo elements to be animated. Second, novel ani-
mations are created for the selected paths. 

Step 1: Path Selection 
In practice, not every element of an SVG logo should be an-
imated to detain from overloaded animations. Thus, Ani-
mateSVG decides which of the SVG paths to animate. A bi-
nary classifier is trained using ∼ 3500 labeled logo paths. 
The 10-dimensional path embeddings together with the ad-
ditional style features per logo, yielding a 26-dimensional 
vector per path, are used to predict which paths to animate 
in new logos. Multiple classification models are imple-
mented and optimized, including logistic regression, ran-
dom forest, and XGBoost, and finally an ExtraTrees classi-
fier with 94.36% accuracy on a separate test set is selected.  

3 Implementation: github.com/AnimateSVG/AnimateSVG.git 

TYPE DESCRIPTION PARAMETERS 
trans-
late  

Moves an element from one point to another along a connecting line 𝑡 ∈ [0,1] indicating the movement along the x- and 
y-axis when considered as a grid along which to 
move from left to right and top to bottom 

scale In- or decreases the size in relation to the original size 𝑠 ∈ [0,1] if s < 0.5, the size of the element is in-
creased from small to its initial size; else, the size is 
decreased from big to its initial size 

rotate Rotates an element from its original position over a specified rotation 
angle back to that position 

𝑟 ∈ [0,1] is scaled to a value between −360 and 360 
to indicate the rotation angle 

skew Skews the element horizontally or vertically *𝑠𝑘!, 𝑠𝑘", ∈ 	 [0,1]	#. If 𝑠𝑘! < 0.5, the element is 
skewed along the x-axis; else, the element is 
skewed along the y-axis. 𝑠𝑘" determines the magni-
tude and ranges between -width/20 (height/20) and 
width/20 (-height/20) 

fill Changes the color over time Set to the most common color 
opacity Changes the opacity over time Set to 0 

Table 1. Animation Space. 
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Step 2: Logo Animation Generation 
In the following, we present two alternative computational 
approaches to autonomously create logo animations. 
Pretraining an Aesthetics Loss Function 
The aesthetics of a logo animation can hardly be grasped 
with an explicit set of rules but rather emerges from the in-
terplay of the animation with the composition of the logo. 
To capture these implicit aspects, we train an ML model to 
approximate human animation aesthetics to be used as an 
aesthetics loss function in the generation. The collected 
path-level animation ratings are used for training and each 
path is represented by its ten-dimensional path embedding, 
together with the 16 additional style features of the logo and 
the 12-dimensional numerical representation of path anima-
tions, yielding a 38-dimensional input space. This allows the 
loss model to predict the aesthetics quality of an animation 
on path-level in the context of the logo. A neural network 
with one 28-dimensional hidden layer and ReLU activation 
is set up. The model architecture is kept simple to accom-
modate for the limited training data. Aesthetics quality, as 
the target variable, is encoded on an ordinal scale. To facil-
itate that, an approach to encode an ordinal scale as a binary 
target vector for training neural networks is followed (Cao 
et al. 2020; Cheng, Wang, and Pollastri 2008): the Con-
sistent Rank Logits (CORAL) framework guarantees rank-
monotonicity. The rating categories are extended into binary 
variables, transforming the learning problem into four bi-
nary classification problems, which share the same weight 
parameters but have independent bias units. The summed 
cross-entropy of the binary classifiers is minimized using 
Adam (Kingma and Ba 2015). 

With the optimized and fixed parameters of the aesthetics 
evaluation model in place, a generator network is proposed. 
It creates animations from scratch and gets feedback from 
the pretrained aesthetics evaluation model during training. 
The generator applies a discriminative learning approach 

that takes as input the logo as context of each path to mean-
ingfully animate it. The 26-dimensional combination of the 
path embedding and style features of the logo are used as an 
input structure to determine the animation type as a first 
step. This way, each path can be animated in the context of 
the logo, even if the logo itself has been unseen by the ani-
mation generation network. Using a fully connected 15-di-
mensional hidden layer with ReLU activation, this input is 
transformed into a 6-element interim output layer, which re-
turns the probabilities for each animation type after applying 
softmax function. The output vector of this layer is concate-
nated with the original input vector, such that a 32-element 
representation of the paths is obtained, which holds infor-
mation about the predicted animation type. This vector is 
used as input to a 20-dimensional fully connected hidden 
layer to determine animation parameters. Again, ReLU ac-
tivation is applied before going over to a 6-element output 
layer encompassing the animation parameters. The output of 
this discriminative generation model is the 12-element con-
catenation of the two interim output layers, where the first 
six elements capture the animation type and the last six ele-
ments capture animation parameters as shown in Figure 3.  

Input (26-dim)

1st Interim Output
Animation Type (6-dim)

2nd Interim Output
Animation Parameter (6-dim)

Input (26-dim)

+

+

Animation Type (6-dim)

Figure 3. Dependent Generation of Animation Types and Parame-
ters in Neural Network Trained with an Aesthetics Loss. 
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Figure 2. Animation Statement and XML Code Derived from Animation Statement. 
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Tree Ensembles with Global Optimization 
Many ML applications yet suffer from limited data availa-
bility. While we obtained successful results with our own 
dataset, oftentimes neither time nor resources are available 
for such costly data acquisition. To bridge this gap, we im-
plement a second computational method for logo animation 
that significantly reduces the demands on data availability. 
It combines gradient boosted trees and other regression tree 
models in tree ensembles with global optimization. We use 
the ENTMOOT (ENsemble Tree MOdel Optimization 
Tool) framework (Thebelt et al. 2021), which leverages the 
strengths of tree models to effectively manage sparse data 
and their excellent prediction capabilities. It incorporates an 
uncertainty measure that is compatible with tree models to 
solve larger optimization problems in an uncertainty-aware 
manner, which tree models alone fail to do. Specifically, 
ENTMOOT encodes tree-based machine learning models, 
uncertainty estimates, and applicable constraints as a math-
ematical problem and uses deterministic global optimization 
to solve it. We select a representative subset of 100 logo an-
imations with their ratings as input samples. ENTMOOT 
then performs the following steps: 
 • Tree ensemble learning: First, a tree ensemble model is 

trained for approximating an animation evaluation func-
tion. These tree models effectively manage sparse data 
and categorical or conditional feature spaces, and do not 
require variable scaling. They work well as interpolators, 
i.e., they have good prediction performance within the 
training data. A random forest is used for the tree ensem-
ble model as it outperformed gradient boosting classifiers.  

• Uncertainty estimation: For unexplored regions of the in-
put space not covered by the training data, tree-based 
models have decreasing prediction performance (Thebelt 
et al. 2021). Thus, an uncertainty measure 𝑢 is introduced, 
which penalizes data points that lie far away from the 
training data 𝐷, and is defined as 𝑢(𝑥) = 𝑚𝑖𝑛'!∈#‖𝑥* −
𝑥‖	!, where ‖∙‖! denotes the 𝐿1-norm.  

• Acquisition formulation: Both the random forest model 
prediction 𝑦; and the uncertainty measure 𝑢 are combined 
in an acquisition function. Animations are desired that 
maximize the model’s predicted rating. However, as tree-
based models have decreasing prediction performance in 
unexplored regions, the uncertainty term is weighted with 
a hyperparameter 𝜅, which we set to 1.96 similar to 
Thebelt et al. (2021), resulting in an acquisition formula-
tion of 𝑚𝑖𝑛' −	𝑦; + 1.96 ∗ 𝑢(𝑥). In our optimization 
problem, the objective is represented by this acquisition 
function and is fixed after the training phase. 

At inference, a mixed-integer problem is solved in a deter-
ministic manner for each path individually, with the trained 
acquisition as a common objective function. The constraints 
to the optimization problem are defined by the respective 
path itself: Given a certain path, its numerical representation 
is extracted and fixed in the input space. Thus, only the vec-
tor that defines the animation is free to be optimized and 

chosen in the process, where further constraints are imple-
mented to ensure that it has a feasible format. The resulting 
highly complex mixed-integer problems were solved using 
Gurobi, a state-of-the-art global optimization software. 

Results and Discussion 
For step 1, the path selection, we reported a test accuracy of 
94.36%. For step 2, the animation generation, two alterna-
tive approaches were suggested. For the aesthetics genera-
tion network, we first consider the aesthetics evaluation 
model. CORAL loss (Cao et al. 2020) as an indicator for 
training success is reported in Figure 3. Train and validation 
loss steadily decrease and saturate eventually. Figure 4 fur-
ther reports label mean absolute error (MAE) as an evalua-
tion measure in comparison to a baseline majority classifier 
indicated by the red lines. We achieve an MAE of 0.8149 on 
test data (compare: 0.6977 on validation data), i.e., we can 
approximate human aesthetics evaluations successfully. The 
generator loss is determined using the aesthetics evaluation 
model. Figure 4 displays the train and validation loss of the 
animation generator. Early stopping is applied after epoch 
30 as validation and train loss only minimally improve be-
yond this point, but a severe loss in the diversity of the cre-
ated animations was observed. Indeed, the model started to 
 
CORAL Loss of 
Aesthetics Evalu-
ation Model 

 

 
Mean Absolute 
Error of Aesthet-
ics Evaluation 
Model 

 
Aesthetics Loss of 
Animation Gener-
ation Model  

 
 

Figure 4. Performance of Aesthetics Generator and Evaluation. 
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overfit to a few animation types, which often receive good 
ratings from the aesthetics evaluation model. To retain the 
diversity in the animations, early stopping was necessary.  
 To compare the proposed computational methods, human 
subject evaluations build ground to evaluate the results and 
account for the observer-dependent nature of aesthetics. A 
separate hold-out test set is used to generate SVG anima-
tions with our two proposed computational approaches. 
~1900 logo animations are rated by independent observers 
along a 1-5 ordinal scale. The animation generator network 
with a pretrained aesthetics loss, achieves an average rating 
of 3.6. This is slightly improved by the tree ensemble with 
global optimization, i.e., ENTMOOT, to an average rating 
of 3.7, i.e., both model’s logo animations receive ratings of 
‘good’. There is no major malfunctioning observable as only 
1% of the animated paths received a rating of ‘very bad’.  
 To demonstrate the effectiveness of our proposed archi-
tecture, an ablation study is conducted for three core com-
ponents of our approach: (1) Without path selection, the 
model can predict animation types and parameters but ig-
nores whether a path should be animated at all. Thus, all 
paths are animated, resulting in cluttered animations; (2) 
Without animation type prediction, the model predicts pa-
rameters for a randomly sampled animation type. While pa-
rameters can be found to match the given types, the missing 
alignment of types and logos results in reduced aesthetic 
quality; (3) Without animation parameter prediction, the 
model assigns random parameters after the prediction of the 
animation type. The model receives ambiguous evaluations 
as feedback, impeding the learning process altogether. We 
rerun our user study on a smaller sample (30 logos for each 
of the left-out components, annotated by 8 users) for each 
ablation. From this, we find every component of our archi-
tecture to be essential in the process of animating SVGs as 
depicted in Table 2. All ablations perform significantly 
worse then the full models in our AnimateSVG prototype.  
 Examples of our generated animations can be found in the 
provided Git repository. We conclude that our proposed An-
imateSVG application can indeed generate aesthetic logo 
animations. It can meaningfully animate multiple paths in 
the context of the logo.  
 

ABLATION RATING 
(1) No path selection 2.2 
(2) No animation type prediction 2.6 
(3) No animation parameter prediction 2.5 
AnimateSVG 
(Full Model) 

ENTMOOT Aesthetics Generator  
3.7* 3.6** 

(Paired t-test: AnimateSVG significantly outperforms all ablations 
with *p-value 0.0089 and **p-value 0.0104) 

 
4 Link to Application: animate-svgs.com 

Path Forward for Deployment 
This work assesses the potential of applying AI for SVG 
logo animation. We developed an end-to-end solution that 
generates animations from SVG data, using human-per-
ceived aesthetics as the primary target. To the best of our 
knowledge, we are the first to propose an AI application that 
comes up with entirely new SVG animations from a concep-
tual animation space. From a technical perspective, we 
achieve this by employing a novel network architecture that 
allows a dependent prediction of animation types and pa-
rameters. Despite SVG being the standard in modern 
graphic design, our study is one of the few to enable ML 
methods to use SVG and, hereby, interact with the systems 
that the world is actually made of.  

We provide the application as a web service4, which ena-
bles users to upload an SVG logo and receive its animation. 
Both graphic design amateurs and experts can use the cre-
ated animations to optionally postprocess and eventually 
embed them in their digital content. As a path forward in 
deployment, we envision to increase the compositional har-
mony, diversity, and resultingly the aesthetics in the created 
SVG animations. We believe that we can generate more har-
monious animations by considering the overall logo anima-
tion rather than evaluating each path individually. For the 
diversity and aesthetics of the animations, the two proposed 
approaches go hand in hand in facilitating this: By leverag-
ing the different demands on data and resulting animation 
characteristics, the two computational approaches can be 
used in different phases of deployment: The tree ensembles 
work with sparse data while still generating satisfying re-
sults, hereby, offering a solid starting point to reliably pro-
vide users with ‘good’ animations. However, ENTMOOT 
inherently limits the variety of animations as it interpolates 
within 100 data points, which cannot capture a broad variety 
in animation alternatives. Instead, the data-intensive aesthet-
ics generator network can be continuously enhanced by 
probing new animation types and parameters and receiving 
immediate user feedback via the application. This way, us-
ers can be sure to at least receive a low diversity but satisfy-
ing animation and we can continue to collect labels for gen-
erated animations and enhance the animation space. To fa-
cilitate this continuous learning approach of the generator 
network, the application contains the possibility for users to 
rate the generated animations. These ratings can eventually 
be integrated into subsequent training processes. As a result, 
we expect a significant increase in the variety of animation 
types and the aesthetics of the animations. We consider this 
staged deployment approach with continuous feedback 
loops leverageable to other generative scenarios with a fix-
able conceptual space, that are often restricted by limited 
data availability. 

Table 2. Results of Human Subject Ablation Study. 
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