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Abstract. Strategies for optimisation in design normatively assume an
artefact end-point, disallowing continuous architecture that engages
living systems, dynamic behaviour, and complex systems. In our Flora
Robotica investigations of symbiotic plant-robot bio-hybrids, we require computational tools and strategies that help us evaluate designed
behaviours, rather than discrete ‘things’. In this paper, we present our
strategy of using embodied interaction to facilitate engagement with a
scenario’s full scope of possible states and their continuous changes
over time. We detail the ways in which this approach to timecontinuous optimisation can be broadly impactful for decisionmaking, especially in architectural systems that aspire to effective
dealings with control flows and lifecycle management.
Keywords. Multi-objective; dynamic; visualisation; interaction; optimisation.

1. Introduction
As architectural projects have become more complex and begun to engage
more numerous complex systems, the computational task of assessing a design’s performance according to many disparate objectives has become more
prominent. Computational design teams frequently search for performative
solutions with optimisation algorithms or metaheuristic approaches such as
evolutionary search methods. The prerequisites for utilising these methods,
while well-suited to engineering, are less productive for the full scope of architectural design tasks. They require comprehensive numeric formalization
of objectives and their relative priorities (Deb, 2001). Pre-defined fitness
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functions may be a poor companion to exploring design nuance, discovering
commonalities between quantitative objectives and those without metrics,
and leveraging designer understanding of emergent relationships between
various real-world systems. Therefore, rather than seek a more perfect method of automated optimisation, we propose the investigation of HumanComputer Interaction methods (as an augmentation or extension of automated search methods) for situations when a designer does not already know the
correct fitness function, and needs to explore the commonalities between objectives in order to design appropriate fitness functions. Our approach intends to enhance understanding of objectives and fitness through embodied
interaction (Dourish, 2001). This requires that improvements of visualisations, as tools from which designers can make reliable inference, become a
priority.
It is well established that solution sets with more than three dimensions
cannot readily be understood visually, and that the problem of visual representation becomes increasingly difficult with increased dimensionality
(Coello et al, 2007). Therefore, in the research conducted, we intentionally
construct a case study scenario with more than three dimensions not only in
the objectives, but also in the parameter set.
2. An approach for the problem of multidimensional visualisation
As pointed out by Coello et al (2007), it is readily accepted that legible visualisation of optimisation results is typically limited to three dimensions. It is
with this problem that the key underlying algorithm of our approach deals.
One way to visualise three dimensions is with xyz plots. We assume here
that plots will be used for the parameter space, leaving colour as the visualisation medium for objectives. Gradients are commonly used in optimisation
visualisations, to visualise a single set of values (Figure 1). Our underlying
algorithm therefore deals with visualising more than one set of values, by
combining multiple gradients in a single parameter space. In the examples of
in this section, the combination is first shown with full gradients (distributed
across the value set). It is then also shown with a threshold at the median,
creating a binary colourisation.

Figure 1. KARAMBA3D. An example of one value set visualised with gradient.
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First, we look at the problem of gradient combination with two gradients
(representing value sets) (Figure 2). Both the method of averaging RGB and
of assigning each value set to an individual RGB channel are visually clear.

Figure 2. From left to right, first gradient, second gradient, adding RGB, subtracting RGB,
averaging RGB, assigning value sets to individual RGB channels.

Assigning value sets to RGB channels gives visually clear results not just
with two sets, but with three (Figure 3). It is an approach often used, and is
for example used by the Grasshopper add-on Octopus. However, its limit is
reached at three value sets, when the R, G, and B channels are all occupied.

Figure 3. Assigning three value sets to the R, G, and B channels.

Next, we look at the strategy of averaging the RGB values of multiple
gradients representing value sets. Averaging two gradients (Figure 2) was
visually clear. Averaging three gradients (Figure 4) is still mostly visually
clear, but as we continue to add more gradients, the legibility declines significantly. Averaging six gradients becomes quite illegible when using binary
colourisation, and completely illegible when using full gradients (Figure 4).

Figure 4. Averaging the RGB values of up to six gradients.
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By contrast, when we use our algorithm for gradient interspersion (refer
to Section 4) combining six gradients remains quite legible using full gradients, and highly legible using binary colourisations (Figure 5).

Figure 5. Left to right, averaging RGB, our approach of interspersing full gradients, our approach of interspersing binary colourisations.

When using our strategy of combining many gradients representing value
sets for objectives, on one parameter space, one can visually identify areas of
density. These areas of density occur when there is the most overlap of gradients, and therefore the most commonality between many objectives on
specific individual solutions in the parameter space (Figure 6). In other
words, the simple task of visually identifying density allows the viewer to
intuitively identify optimal solutions.

Figure 6. Areas of density in the interspersed visualisation, indicating commonalities between
objectives, and therefore optimal solutions.
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These results acquired through the user’s visual judgement and inference
can be confirmed algorithmically, by identifying the isoline curves for each
gradient and calculating the intersection areas of those curves (Figure 7).

Figure 7. Left to right, isolines, isolines with intersections, intersections.

3. Setup of case Study and methodology
The case study scenario we construct to detail the implications of this strategy involves a six-dimensional parameter set. The parameters inform the coordinates of a grid of control points defining a NURBS surface, representing
a gridshell. The points are distributed into six groups (Figure 8), and the zcoordinate of each point group becomes a parameter. Because these are
NURBS control points, each parameter’s individual impact on surface topology can only be determined relative to the rest of the parameters. The zvalue of the defined surface, at a given xy position, depends not only on the
z-value of that respective control point, but on the other control points in the
set.

Figure 8. The six groups of NURBS control points (numbered 0-5) in two positions, with the
NURBS surfaces defined (and the gridshell represented).

Each parameter’s variables are continuous and periodic, as is typical in an
optimisation setup. Specifically, each of the six groups of control points can
have a z-value of 0, 2, 4, 6, 8, or 10. However, the possible parameter-based
NURBS surfaces are time-dynamic morphologies, not static objects, undergoing constant geometric change by continuously updating to surrounding
environmental conditions. In this case study, the geometric scaling of the z-

378

M. K. HEINRICH AND P. AYRES

dimension of the defined surface is tied to the real-time solar conditions of
the site. For instance, if parameters A, B, and C were equal to 2, and parameters D, E, and F were equal to 8, and these parameters did not change, the
resultant NURBS surface would still have a different morphology in morning solar conditions than in it would in afternoon.
The following four objectives are applied to the case study: acoustic scattering (black), rain water drainage (blue), wind sheltering (purple), and solar
exposure (red). These objectives are evaluated according to respective geometric abstractions. They are chosen because they do not inherently have
geometric commonality. From now, they will be referred by their assigned
hues.
We first run the scenario through the Evolutionary Solver in Grasshopper’s Galapagos in Rhino3D. The native output of any single run of Galapagos is a single design solution that has been evolved according to a single
fitness function. When optimising for multiple objectives in Galapagos, the
multiple fitness functions must be numerically combined. Weighted combination into a single objective is arguably the most common strategy of optimising for multiple objectives (Deb, 2001). (The Grasshopper add-on Octopus, by contrast, handles multiple fitness functions and outputs multiple
solutions (Figure 9). Our approach could be used in combination with this
tool, by exploring and designing fitness functions that can then be used in
Octopus.) For purposes of comparison, the objectives are given equal
weights to be run in Galapagos, and the resulting solution is a topology similar to a barrel vault (Figure 9).

Figure 9. Left to right, Octopus plot of multiple solutions and objectives, Galapagos interface
in this case study, Galapagos case study output topology.

We then investigate the same scenario with our approach, with the purpose of developing effective visual semantics to facilitate a user’s deductive
evaluation of dynamic design solutions. The possibility for such an interface
is achieved by pre-calculating a comprehensive database of performance
evaluations and then continually referencing that database as the user interacts with the interface. The pre-calculation of the reference database in this
case study, in this early non-optimised prototype, took less than two hours of
runtime. This suggests that an optimised version could be similar to the
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runtime of a Galapagos optimisation (for this case study specifically, which
contains 46,656 solutions; see Section 7 for scaling of the approach).
This aspires to embodied interaction to “help support the process of improvised, situated action by making the immediate circumstances of the
work more visible” (Dourish, 2001), applied to visualisation of multidimensionality. In addition, this approach allows representation and engagement
with both the full scope of possible solutions, and the full scope of environmentally-dependant timesteps that can occur in each solution, in stark contrast to the typical optimisation strategy of summarising.
4. Squarified treemapping and interspersion
The six-dimensional parameter space is visualised as a nested set model,
through the visualisation strategy of squarified treemapping (Bruls et al,
2000). The evaluation criteria, visualised as an alpha-channel gradient on the
objective’s assigned hue, is overlaid onto the structure of the squarified
treemap (Figure 10). Through the interface, the user can browse hierarchical
orders for parameters, allowing the user to choose the hierarchy that makes
trends in the evaluation criteria as visually legible as possible in that bespoke
scenario (Figure 10).

Figure 10. Left to right, squarified treemap, possible hierarchical orders.

The four-dimensional objective space can be visualised in the interface
both as an extension of the squarified treemap enabling side-by-side comparison (Figure 11), and as an interspersed gradient map (Figure 11), loosely
inspired by genotype microarray visualisation strategies (Kincaid et al,
2005). This enables the user to make evaluations not just about the performance of design solutions, but also about the appropriateness of the userspecified objectives to the design problem at hand, a fundamental issue of
multi-objective optimisation (Deb, 2001). For instance, a user can easily ascertain from the side-by-side comparison that the black objective and the
blue are in direct competition with each other, and can never both be fully
optimised in a single design solution. The user might, in that instance, manage one of these competing objectives with a different strategy in order to
achieve them both. Also, a user could ascertain that the distributions of the
purple objective and the red are similar, and could accordingly make more
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informed decisions about the design. Both of these insights, though almost
trivial when viewing a visualisation of the entire evaluation set, could not be
derived from the native output of the Galapagos evolutionary solver in any
design problem that has many diverse local optima.

Figure 11. Left to right, extended squarified treemap for side-by-side comparison, and interspersion of that extended treemap.

5. Dynamic fitness thresholds
In this interface, the user has the option to change the weights of the objectives with real-time updates to the squarified treemaps and interspersed
treemaps, through the manipulation of evaluation thresholds (Figure 12).
This allows the user to interrogate his or her design of objective fitness,
thresholds, and weights, a task that can be very problematic in typical evolutionary solver setups. For instance, the treemap in Figure 11 (equal weights
for all objectives), shows that under the current thresholds, no solution can
be fit for all objectives, and the most advantageous solutions are those in the
bottom right (where there is low black, but high blue, purple, and red). After
viewing this, a user could decide to make a trade-off (Deb, 2001) to be more
lenient on the black objective and change the threshold to be more inclusive
(Figure 12), making solutions in the bottom right corner fit for all objectives.
Conversely, a user may look at the Figure 11 treemap and realise that the initial objective weights is a poor reflection of the design problem at hand, and
needs to be modified substantially. If the user were to increase the importance of the black objective, and decrease the importance of all others
(Figure 12), those in the centre of the map would surpass those in the bottom
right and become the most fit.
If a user wished to modify the weights and thresholds using evolutionary
optimisation, the solver would have to be re-run for each change in objective
weighting, and it would be difficult and unintuitive to begin to understand
the trends present in the dependencies of weights, fitness, and solutions.
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Figure 12. Left to right, treemap with thresholds lenient for the black objective, treemap with
thresholds that prioritise black objective.

6. Mapping local evaluations onto solution topologies

Figure 13. Solutions’ treemap locations and topologically mapped evaluations.

The interface allows the user to select a single solution from the treemap (either by defining the parameter variables or by defining the position on the
treemap), and to simultaneously view the local evaluations of that solution’s
geometric topology, according to each objective (Figure 13).
This visualisation, like the treemap, allows the user to toggle between
side-by-side comparison and gradient interspersion. As solution browsing
has real-time feedback both on the treemap and the topology, the user can
internalise an intuitive understanding of which topological features spur
which fitness results. This could empower the user to make a non-optimal
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selection from the solution set, with the knowledge that a certain objective
could be achieved by making other changes to discrete problematic spots.
The user can also run time scenarios, with assessment interfaces similar to
that of simulation. The user can simultaneously view the treemap and an individual solution topology as they undergo their time-based changes and
continuous re-evaluation.
7. Conclusions and future work
This capability is the most significant distinguishing factor from typical multi-objective optimisation strategies, alone. In typical optimisation, behaviours would be summarised. Here, the user can engage with the full set of
behavioural states, enabling inferences as from a simulation. It also enables
understanding of a timeline of performance timesteps within the dynamics of
a system. The user can understand, in a reliable, reproducible, and accountable way, the solution’s changes over time, and evaluate how it is influenced
by its context, influences its context, and performs according to objectives.
Future work should include placing the approach in pipeline with existing
tools, like Octopus. It should also include the following within the Flora Robotica project: algorithmic identification of isoline intersections for system
boundaries or phase changes, limits of universal legibility of interspersed
gradients, scaling approach through sampling, and appropriateness of approach against various complexities of systems and scales of rates of change.
Acknowledgements
Flora Robotica has received funding from the European Union’s Horizon 2020 research and
innovation programme under the FET grant agreement no. 640959.

References
Bruls, M., Huizing, K., and van Wijk, J.J.: 2000, Squarified Treemaps, in W. C. de Leeuw
and R. van Liere (eds.), Data Visualization 2000: Proceedings of the Joint EUROGRAPHICS and IEEE TCVG Symposium on Visualization, Eurographics, Amsterdam,
33–42.
Coello, C., Lamont, G.B. and van Veldhuizen, D.A.: 2007, Evolutionary Algorithms for Solving Multi-Objective Problems, Springer, New York.
Deb, K.: 2001, Multi-Objective Optimization Using Evolutionary Algorithms, Wiley, New
York.
Dourish, P: 2001, Where the Action Is: the Foundations of Embodied Interaction, MIT Press,
Cambridge.
Kincaid, R., Ben-Dor, A. and Yakhini Z.: 2005, Exploratory Visualization of Array-Based
Comparative Genomic Hybridization, Information Visualization, 4, 176–190.
Thackara, J.: 2005, In the Bubble: Designing in a Complex World, MIT Press, Cambridge.
Wood, J.: 2007, Design for Micro-Utopias: Making the Unthinkable Possible, Gower, Aldershot.

