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Abstract

We propose a flexible, co-creative framework bringing together multiple machine
learning techniques to assist human users to efficiently produce effective creative
designs. We demonstrate its potential with a perfume bottle design case study,
including human evaluation and quantitative and qualitative analyses.

Computers can assist creative processes in many ways, from facilitating idea representation and
manipulation to directly collaborating through evaluating, generating, and refining ideas [1]]. Directly
collaborating systems are referred to as co-creative or mixed-initiative co-creative (MI-CC) systems,
as both the human and computer proactively and creatively contribute to a solution (e.g., a design)
[2, 13 4], with a goal of inspiring and facilitating lateral thinking, to surpass individual creative
outcomes [3]]. Most prior MI-CC work focuses on specific, singular applications (e.g., largely video
game level design) and single creative-assistant elements (e.g., only suggesting new candidate designs)
(3L 15016 [7) 181 190 (104 (1114 [12]], which cannot address the diversity of user needs [[1] and may limit
potential and adaption for wider use. Additionally most past work relies on heuristics and evolutionary
or random constrained search [3} [13} [14} [15 [16]]. Only recently has machine learning (ML) been
incorporated in MI-CC, in limited uses of either learning user preference [17] or learning to generate
content (designs) [10]]; however, we argue ML has much greater potential to assist co-creative design.

To address these shortcomings, we propose a general co-creative framework, showing how multiple
ML methods can be incorporated to facilitate creativity in a co-creative system. We illustrate the
framework components with an Al assistant tool for package design, and a case study of perfume
bottle design (leveraging a created dataset of ~24K bottle images). Currently there is a lack of Al
tools for package design, despite the huge impact package design has on product sales [18} 19120, 21].
Although our tool uses images as designs, the ML models are generally applicable to other domains.
Further, under the idea of diagrammatic reasoning [22], i.e., reasoning via visual representations,
creativity systems that operate on images can potentially be applied to non-visual domains [3].
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Figure 1: (A) Framework overview (B-C) Examples of design modification and generation, resp., in case study

Our framework (Figure[TJA) consists of 3 key components, leveraging ML with collected design data.
Creator comprises a set of ML tools for generating designs and variants. Generative modeling, e.g.,
generative adversarial networks (GANs) [23]], is used to capture the constraints or manifold of the
design space, and generate realistic, novel designs for exploration / design proposal, with further
constraint through filtering or score-optimization. Our tool includes this - Figure[T[C shows random,
novel designs generated by a progressive GAN [24] trained on our data. Additionally, conditional
versions [25]] can be used for controlled generation. Generation can be conditioned on category or
user-selected design features, or parts of the design can be fixed, using image-completion style GANs
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[26]. Sketch-to-image (e.g., [27]) can be used to both allow rapid prototyping and refinement with a
designer-provided sketch, or to fix the design structure (e.g., using the edge map) and fill in different
color palettes (part of our tool). Similarly design structure can be fixed while allowing modification of
style (e.g. color and texture) through style transfer [28] 29, [30] - implemented in our tool (Figure[IB).
Furthermore, creativity can be infused in generative models to expand the search space [31}132133].

Evaluator leverages data to predict design modalities like novelty (e.g., [34} 35, 36]), cost, and
consumer appeal, leveraging modern, highly-accurate predictive modeling [37] and transfer learning
(e.g., 38, 39]]) to prime modeling off the existing design set. Each evaluator provides one or more
values or scores that characterize a design, and it is up to the user to decide its influence. In our
case study we only include aesthetic modalities of shape and color. Iterator works with a human
user to evolve design concepts and explore the design space, iteratively proposing candidate designs
(including using Creator components) and learning user preference based on which designs are
selected (and adapting future proposals) - leveraging again transfer learning to speed up the learning
process, and also reinforcement learning [40] techniques. Evaluator modality scores feed into the
user preference model as well and also help guide the user’s feedback to the Iterator.

We implemented a version of the framework as a creative assistant tool for perfume bottle design. We
used a simplified Iterator interface that displays a 3x6 grid of 18 design proposals each round. Users
select designs they like, clicking “SUBMIT” when finished, then the Iterator updates its model of
learned user preference and produces a new set of design suggestions. We tested different strategies
for design proposal, balancing between exploring the design space to inspire the user and selecting
results in-line with the current, learned design goal. We evaluated the Iterator quantitatively first by
plugging in an artificial user with fixed, deterministic preference (e.g., for thin bottles as measured by
aspect ratio). We measured the accuracy (in terms of Area Under the Curve - AUC) of the learned
preference model on a held-out test set as well as number of designs selected per round, for the
different proposal methods. Results for the “thin” concept are shown in Figure 2IC. We found the
system was able to efficiently learn these simple fixed concepts, with a combination of proposal
strategies providing efficient learning while still enabling exploration. A purely random proposal
strategy (“ONLY-RAND”), however, led to a much lower rate of user-selection, which could frustrate
a human user, and slightly lower learning rate.

We also performed a user study with 13 non-expert participants, assigning each a random bottle
design task defined by a perfume description (such as “the smell is sweet, fruity, girly, and flirty”)
- as is common in real design specifications. We demoed the design-assistive components of the
tool for each participant, and had each try the Iterator for his/her task (with a combination proposal
strategy). We recorded mean proposal set accuracy (batch AUC) of the learned preference model and
number of proposal designs “liked” per round. We found even for this more realistic, complex case
the preference was able to be learned fairly accurately and the tool quickly increased the number of
proposal the users liked (Figure[2B). We also asked 5 questions about their experiences. On a scale
of 1 to 5 (5 being the most): (Q1) “How useful do you think the whole suite of tools would be to help
in your design process for coming up with a new, creative design?”’; (Q2) “How much did it help you
discover candidate designs related to the task?”; and (Q3) “How much did it help you explore the
wide space of designs and stimulate your creativity?”; (free response) (Q4): “What did you like most
about the tool?” and (QS5): “What would you most want to improve about the tool?”.

Summary statistics of their responses to Q1-3 are given in Figure 2JJA. We received largely positive
responses, users seeming excited about the capabilities. Users felt the sketch-to-design and style
transfer components could be very helpful and time-saving. For the Iterator, users liked its ease-of-use
and felt the exploration aspect was useful, providing unexpected ideas at times. However, users
felt there were sometimes too many similar designs presented - a result of modeling the proposals
per-image (set-based metrics like diversity will be added in future work). Having more capabilities to
control the exploration was a key desire - such as the ability to fix the color theme, or take aspects of
designs they liked, like shape or color only. We plan to add such capabilities as part of future work,
by incorporating more Creator components mentioned, such as conditional models, in our tool.
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Ethical Implications

One might think a tool capable of generating creative designs could take work away from designers.
However, the key point here is that it isa-creativeassistant - it does not replace designers, but
instead works with designers, making their jobs easier and more enjoyable, and stimulating their
creativity to new heights. As such it will make designers more ef cient, spending less time on trivial
tasks and spending more on the creative ones, making it easier to consider other data (such as cost,
sales impact, or competitor data) in their designs, and helping them handle more design tasks without
fatiguing their creativity. Another point is it facilitates cross-company participation in design, helping
others in a company, like marketers and production teams, have a more productive collaboration with
designers and possibly contribute in the design process.

Since the tool is ML-based and requires existing designs to train the model, the use of the design data
could be considered an issue, if such data from one company is used to train models used in a tool
offered to competitors. In some domains, many designs are public (such as publicly sold perfumes),
but each company may have even more non-public designs with various data on them, such as
consumer studies. However, one ethical way of providing such a bene cial tool to all designers is
giving companies the choice to opt-in to a shared-data model. |.e., they could choose to keep their
designs internal - using only their own and public designs for model training, and not leveraging
competitor designs as well. Or they could instead choose to share some set of their internal designs
to aid in general model training, and also bene t from designs supplied from other competitors.
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1 Supplementary Material

1.1 Co-creative assistant for packaging design use-case motivation

Packaging (e.g., bag, box, or bottle) design is an integral part of product and brand identity, which
in uences consumer experience, buying decisions and loyaRBy [In the age of differentiating
consumer experiences, good packaging designs strive to offer unique appeal in terms of aesthetics,
utility, creativity, trendiness and brand impression while keeping costs and environmental impacts at
bay. There are ample examples that indicate the impact of package design on consumer impressions.
For instance, according t@(], the right packaging may boost sales for an average brand by 5.5%.
[21] found aesthetic packaging can boost sales for a new brand4ahid{ind the preferences for
packaging colors are very different between the West and Far East. The consumer industry often
revamps packaging for common-use products frequently to inject new life into sales. For instance,
Pepsico achieved sales growth of 35% to 50% in some countries for its Gatorade brand with new
structural bottle designs [19].

Despite packaging's critical role, current packaging design processes lack data- and Al-driven tools
to facilitate and enhance these processes. Based on internal discussion with multiple consumer
industries, in current design work ows for packages, marketers, product developers and designers
often work in silos, wasting time in back-and-forth communication and iterative manual design

re nements. Design evaluations are performed on multiple real trial prototypes with consumer
testing making the entire process excessively expensive and lengthy. There is no data-driven design
evaluator that allows users to estimate how a design would perform along different dimensions, such
as sales, appeal to customer segments, cost, etc. Furthermore, the design process itself could bene t
from assistive tools. Currently a non-designer with some ideas has to rely on a designer to create
visualizations and there is no tool that allows the non-designer to make quick design tweaks and
visualize her ideas. Even an expert designer may get trapped in past design biases or blind spots, and
may miss potential blockbuster new designs.

We developed our ML-based co-creative framework, in part motivated by these challenges, and
speci cally chose the package design use-case as our target one to demonstrate the framework. The
framework, and our realization of it as an Al-assistant tool, assists human designers to rapidly produce
more effective and creative package designs without taking creative control away from the designer.
Akin to these implicit phases in a typical design ow, our framework consists of three broad sets of
tools, namely Creator, Evaluator and Iterator. Creator can take some initial inspiration seeds from
a human designer (e.g., color palette, shape, inspiration images, etc.), enables rapid design space
exploration by learning the latent design manifolds, and generates new designs. Evaluator enables
evaluating generated designs along different dimensions, extracting different modalities of designs
in the form of multi-dimensional metrics, e.g., learning relationships between design aspects and
outcomes, such as aesthetics based on shape and color or novelty compared to competitors. It is able
to ingest or leverage additional data or knowledge, such as consumer studies from marketing, cost
constraints from product development divisions, and knowledge about shape learned from large data
collections. Finally, Iterator uses an interactive Ul to propose candidate designs along with their
metrics to a user and gather feedback on the designer's current preferred choices. Iterator further
learns a model of the designer's preferences for her current design goal and guides the search in
the design space, facilitating the next iteration of creation and evaluation. The framework and tool
are exible in that human users with different skill levels and needs can use parts of it for different
purposes. For instance, an expert designer may use Evaluator to estimate her design's appeal and
Creator or Iterator to get inspiration for out-of-box designs, while, a marketing professional may use
the whole framework to tweak an existing design and visualize the results.

We demonstrate the feasibility and potential of this framework with a use case on designing perfume
bottles. We show that our framework enables facilitating and enhancing the design process and
grounding it in real data so both designers and non-designers can explore design possibilities and
modi cations for designs as desired and get quick mock-ups without long delays. Besides package
design, we believe that our general framework is also applicable to broader design applications such
as logo and website creation, advertisement, and others, as mentioned in the main paper. Even non-
visual domains can use the same underlying machine learning models and framework components
and structure, and diagrammatic reasoning is also an option.



1.2 Model Implementation for Package Design

In this section we will go over the framework again and speci cally how it applies in the context of
package design (and the implementation we used for our tool to demonstrate the framework). We
reproduce some gures with larger size and provide more details from the main paper.

1.2.1 Overview

Our human-Al interactive design framework consists of three key components as illustrated in Figure

3. Creator collectively comprises a set of tools to enable the user to create design realizations from
more primitive components as well as re ne or modify designs, and also includes processes for
generating designs or design variants. Evaluator consists of scorers that can characterize a design
along different dimensions (like shape, color, cost, customer appeal, etc.). The outputs from Creator
and Evaluator feed into Iterator - which enables the user to interactively explore the design space,
by suggesting relevant candidate designs meeting her preference and current design goals along the
multiple modalities, and iteratively improving design suggestions and the learned model of user
preference. The end result of the system is to quickly provide the user with design inspirations and
rough realizations that can be used to base nal designs on.

Figure 3: Overview of proposed interactive Al design framework.

1.3 Data

To show results for each component of our framework, and to evaluate the interactive system, we
created a dataset of 24,126 perfume bottle product images (see Figure 13 for a sample). We rst
collected around 35,000 product images from the internet and ltered this to clean, bottle-only images

using a classi er we trained on a small set of manually labeled images, leveraging transfer learning

with a pre-trained image classi cation network [38, 39].

We also generated masks of the bottles to separate bottles from background by performing Canny
edge detection, followed by Gaussian Iter blurring and ood lling the image up to the blurred edge
boundaries. This is used to determine characteristics of images like dimensions, and mask results
after image operations like style transfer.

1.3.1 Creator

In many domains, a typical design process begins with a design brief which is a document that
outlines the deliverables and information of the project including background, marketing message,
target audience etc. It provides a designer with inspirations, directions, and constraints for the design.
For example, in packaging design, a brief can indicate a primary color for a packggéThe
handsome deep blue was chosen because it conveys a sense of tradition and strength, which is right
for XYZ" (XYZ is a cologne for men).

Creator consists of several tools to suit different scenarios in this design phase. It can start from
some initial inspiration seed (e.g., color palette or shape), explore through the design space rapidly
by leveraging learned latent design manifolds, and generate new designs.

Rapid concept exploration with sketches:Many designers start with sketches to capture their
initial ideas and spend a signi cant amount of time to re ne, detail, and explore variants of those
designs. It is time-consuming but often the only way for a designer to determine if concepts are worth
exploring further. One tool in Creator assists the human designer to explore through the design space



rapidly with sketches. The tool takes sketches and/or color palettes as input, and renders realistic
designs. While those designs are still semi- nished, they give the designer the look and feel of
different concepts, and enable him to focus more on rapid formulation of ideas.

@) (b)
Figure 4: (a) An example of Creator on perfume bottle designs based on inspiration images. (b): Color palettes
generated from an inspiration image for different number of clusters. These feed into the conditional GAN to
guide the bottle sketch completion

The framework behind this tool is adapted from Pix2Ri¥][ which uses a conditional generative
adversarial network (cGAN) to learn a mapping from an input image (corresponding to the image
edge map) to an output image (corresponding to the complete image). Differentiating our approach,
we make a key modi cation to the model for our application: our tool takes additional images as
input from which a color palette is extracted and fed into the generator to in uence the color in the
generated result (see Fig 4(a) for an example of some results). This additional input is crucial for
package design as clients often specify a color palette or provide color inspirations in the design brief.
In addition this approach could be used to enable constrained generation for exploration while xing
the structure, but exploring different sample colored palettes - and could also be extended to have
multiple color palettes corresponding to different parts of the design.

To obtain the color palette, we rst run K-means to cluster the pixel intensities of an RGB image,
then create a histogram which depicts the dominant colors represented by each centroid, where the
width for each color is proportional to the number of pixels in that cluster. Fig 4(b) shows various
color palettes generated from the same image with respect to different cluster sizes. Each centroid
represents a dominant color in the inspiration image. Pixels that belong to a given cluster will be
more similar in color than pixels belonging to a separate cluster, and the number of dominant colors
is determined by the cluster size which is an input parameter of K-means. The color palette of each
training bottle image is fed into the conditional GAN model as part of the conditional input, along
with the edge map of the image, during training, and when applying the model with a bottle sketch
the extracted color palette from inspiration images are used.

Figure 5 shows two more examples to showcase the robustness of this creation tool. Instead of a
sketch of a bottle, the “inspirational shapes” are given by an assembly of an apple and a glass cap in
the rst example, and a lemon slice clipart and a rectangle in the second. These examples demonstrate
that even without a formal sketch, the tool is capable of producing realistic-looking designs from
quick and rough shape input given by a designer.

Style transfer and anker design: Borrowing a perfumery concept, a anker refers to a newly
created perfume that shares some attributes (e.g., packaging or notes) of an already existing perfume.
These attributes may be the name, packaging or notes of the existing fragrance. For example, Dior's
1985 fragrance Poison was followed by Tendre Poison (1994), Hypnotic Poison (1998), Pure Poison
(2004), Midnight Poison (2007) and Poison Girl (2016), all with roughyl the same packaging in
different syles. In terms of ankers' packaging, they tend to share very similar bottle designs, but
differ in terms of colors, texture and potentially material. For this task, we utilize the approach

of neural style transfer2B] to copy the style from a style image and apply it to a content image
representing the design we want to modify the style of. When it is applied to anker package design,
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