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Architects’ visual behavior during the interpretation of architectural representations 
reflects the “eye-mind link” central to design thinking. This paper proposes a novel dual-
branch neural network framework that captures and utilizes dynamic eye-tracking data to 
embed and recognize design intentions from architectural plan sketches. We introduce a 
learnable “intention vector field” layer within a convolutional neural network (CNN), 
trained on eye-tracking data that records goal-directed gaze patterns corresponding to 
three architectural intentions: shape, composition, and circulation. The data collection 
pipeline enables eye movements mapping of multiple design intentions to one plan sketch. 
We evaluate the model’s performance with and without the vector field layer to assess its 
contribution. Results demonstrate that the learnable layer significantly improves 
classification accuracy and enables the network to internalize intention-specific gaze 
dynamics—mirroring the “eye-mind link” through interpretable learned features. 

Keywords: Architectural Design Intention, Neural Networks, Eye-tracking, Visual Data 
Representation, Eye-mind Link.

INTRODUCTION 
Architects communicate design ideas using visual 
representation from abstract concepts to 
construction details. The “eye-mind link” refers to 
the close correspondence between where one 
looks (eye movements) and what one is thinking 
or attending to (mind processes). A foundational 
work by Yarbus (1967, p.171) demonstrated that 
viewing patterns on a scene vary dramatically with 
the viewer’s goals, suggesting that where we look 
depends critically on our cognitive task. Yarbus 
concluded that the eyes fixate informative 
elements relevant to the ongoing mental task, 
implying top-down cognitive control over visual 
attention.  

Recent explorations in architectural visual 
perception have developed a wide range of 

repertoire to represent links between perception 
and cognition. By combining eye-trackers with 
other biometric sensors such as EEG, GSR, 
researchers have expanded how human visual 
activity data can be recorded and interpreted in 
both built environments and design 
representations, such as "user-center" design 
aspects and spatial usages in understanding 
“visual processing” in design decision-making 
(Wickens, 2008, pp.450-451). Eye-tracking metrics 
such as Area of Interest (AOI), a representation of 
fixation intensity, is used to maps most attractive 
areas from a given photo of a building (Sussman, 
2019, p.55); Gaze Distribution, a spatial-relative 
interpretation of shifting or continuation of visual 
focuses, represents difference between high and 
low informative regions of stimuli (Guo et al, 2024, 
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pp.16-19); and Scanpaths, a linear representation 
of 2D movement of gaze point, identifying 
directionality of eye-movement as unique 
patterns (Yarbus, 1967, p.172). These studies 
suggests that visual activities facilitate 
recognition of “chosen” qualities of spaces and 
images.  

However, architects’ visual activity does not 
stop at cognition. Beyond the initial goal of visual 
cognition of existing objects and environment, 
such as in computational modeling of human 
vision (Itti et al, 2001, p.1255; Marr, 1982, pp.20-
27), this perceived end goal of visual perception 
also serves as a starting point of visual creativity 
and problem-solving, as evidenced by trace of 
visual attention and "reinterpretation" (Yarbus, 
1967, p. 171; Jowers, 2011, p.102). How visual 
behavior is interpreted in design perception, 
especially as an active reflection of what a 
designer thinks during observation for retrieving 
design ideas from abstract representations has 
not been discussed outside design practices. In 
"The Architect's Eye", Porter (1997, p.86) wrote 
“The imagination triggers a concept which is 
imagined ('seen') as a flashing, dimensionless 
image with the mind's eye - images formed from 
a creative leap into the proposed environment”. 
Therefore, an "externalization" of design "concept 
in the mind" is crucial when the concept becomes 
hard to "be contained within the mind"(Porter, 
1997, p.86). Seeing and understanding, or “a 
looking-thinking experience” (Biederman, 1948, 
p.25), in the design and creative process are 
therefore reciprocal (Porter, 1997, p.86,106). For 
example, in an architectural precedent study, a 
student may observe Andrea Palladio’s plan 
sketches and produce their own interpretations as 
diagrams that visually externalize perceived 
design ideas such as axiality and hierarchy.  

 To explore what visual behavior means at this 
starting point of visual creativity as an "invaluable 
design tool" (Porter, 1997, p. 87), our study 
explores a possibility of integrating measurable 
visual behavior into the externalized design 

concept, or “architectural intentions” such as 
shape, composition, and circulation. These 
“intentions” are examples of abstract concepts 
that architecture students learn and apply when 
studying and practicing designs (Ching, 2010, 
p.16) and investigate their capability in 
information delivery in statistically evaluable 
machine learning environment. Can a willful 
perception by the eyes and of the mind be 
represented using biometric data and then 
embedded in machine learning? Inspired by the 
modeling of light transmittance in opaque solids, 
where property of object particles can be 
expressed as a dynamic effect of light rays 
traveling through the object (Miller et al, 2024, p. 
88), we adapted eye-tracking results into an 
image-like data format to embed three aspects of 
eye-movement into plan sketch stimuli: spatial 
information as the stimuli and 2D coordinates of 
recorded gaze points, temporal information as 
the time stamps corresponding to individual gaze 
point, and motion information as speed vectors 
that contain magnitude and direction between 
each consecutive gaze point. Then, we designed a 
dual-branch Convolutional Neural Network 
(CNN) which utilizes these embedded visual data 
to learn from architects’ visual search pattern and 
predicts which “intention” they might think of 
when observing a plan sketch. 

Our results suggest that by integrating goal-
directed visual dynamics as a coherent part of 
image representation for architectural sketches, it 
allows a simple machine learning model to quickly 
learn to generalize gaze behaviors and 
corresponding “intentions” withheld in an 
observer’s mind.  

RESEARCH QUESTIONS 
In this chapter, we provide examples in theoretical 
and applicational approaches that ruminate on 
the interactive dynamics between the observer 
and the observed. Expanding on our discussion 
on visual perception in creative efforts such as 
architecture precedent studies, we form the 
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question by assessing the observer and the 
observed by answering the following questions 
for both end of the interaction: what are the goals 
of observation, and what are the outcomes of 
observation? Eventually, how do we represent the 
observer’s influence on the observed? 

We argue that revealing underlying 
“architectural intentions” is one of the goals of 
observation in architectural design. By actively 
looking at a visual representation of built forms, 
architects learn how to navigate and select their 
visual focus to reinterpret what they see as either 
emergent or structured ideas to store in their 
minds. These retrieved “intentions” comprise 
understanding spatial qualities, recognizing 
shapes, aligning forms to functions and beauty, 
etc. Voluntary visual search, as proposed by 
Yarbus (1967, p.16), fulfills perceptions of 
distinctive visual information by different goals or 
“intentions” of an observer. Reciprocally, resulted 
visual search patterns, when recorded, are 
particularly meaningful reflecting “intentions” of 
an observer, even if visual intake consists of a few 
seconds. For instance, if we compare a “tentative 
pencil development” of Palladio’s drawing (Lewis, 
1981, p.39) of the archeological site of the Palace 
of Diocletian in Spalato with a precedent study 
drawing of an architectural graduate on a field 
trip in Rome (Figure 1), we can recognize the 
“intentions” behind the creation of both. One is to 
speculate possible lost structure forms based on 
the remains’ shapes and axiality, and the other is 
to interpret spatial hierarchies and shapes of the 
urban environment. Architects farther these 
learned “concepts” or “intentions” to stem new 
design ideas. 

 
 
 
 
 
 
 
 

    The outcomes from observing such analytical 
and emergent sketches are distinguished from 
those found in natural images. Rather than 
faithful recreation of existing objects, design 
diagrams and sketches distill and magnify 
abstract properties that require visual attention 
for communicating ideas and concepts, forming a 
visual problem for careful, goal-oriented eye 
movements. Different areas of a stimulus require 
visual inquiry of the “materialization of a concept” 
(Porter, 1997, p.87). Even in the case of simple 
geometric forms like a field of overlapping 
triangles and rectangles, one observer’s selective 
focuses alter the “emerged dominate pattern” 
(Jowers, 2011, p.102). Put simply, when viewed 
differently, the patterns convey different 
geometric meanings. The outcomes therefore 
allow multiple reinterpretations from simply a 
variation of shapes to a juxtaposition between the 
built and the imagines. In the examples above, the 
image functions as an environment for 
exploration, in addition to its schematic qualities 
such as identifiable doors, windows, and walls. 
Concept within the image is obtained through 
observation, not from itself as a predefined salient 
object.  

When meaningful visual content in an image 
morph with the observer’s choice, how to 
represent this continuous change of the same 
image provides a challenging problem. Currently, 
in most vision and visual behavior studies such as 
machine vision (Marr, 1982, p.28), observed 
stimuli are often represented by a single saliency 
map (Itti, 1998, p.1255). In machine learning, it is 
not uncommon to give an object “label” to partial 
or an entire image when embedding the image 
data into reasoning and learning structures such 
as a Convolutional Neural Network (CNN). When 
novelizing image representation for high accuracy 
or efficient image recognition and segmentation, 
one image, among thousands of others in training 
a neural network, is still designated as one “label” 
or “token”, with alternative subdivision of the 
“patch” as a geometrical subdivision of the input. 

Figure 1 
Analytical sketches 
of the Palace of 
Diocletian in 
Spalato, Palladio 
(left); analysis of 
Santa Maria della 
Pace, Rome (right) 
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Therefore, we focus on eye-movement, which 
at its core is a “task-specific” (Reichle, 2012, 
pp.168-171), “mechanical movement” of the 
visual system that reflects the mind’s choice of 
observation through a “eye-mind link”. In the next 
chapter, we discuss current image representation 
methods and devise our method that embeds 
goal-directed, intention-based eye movements 
from the observer are capable of merging into the 
stimulus, the observed.  

RELATED WORK 
Our technical groundwork thus comprises two 
sides of the interaction by investigating image 
representations in existing goal-directed eye-
tracking studies, and image representation in 
machine learning, and their potentials in 
constructing “eye-mind link” proposition that 
facilitate such connections. 

Eye-tracking studies in architecture mostly 
focus on the perceptive nature of built 
environments, including visual attraction of 
building elements represented by heatmaps 
(Sussman, 2019, p.55), graphical relationship 
between section and plan drawings reinterpreted 
by fixation distributions (Hermund et al. 2018, 
p.7), and cognitive reaction of spatial layouts in 
mixed-reality (Anklesaria et al. 2025, p.494). These 
graphic overlays from processing eye-tracking 
data often serve as a base for qualitative 
comparison studies. 

Image in machine learning frameworks 
especially of image-based learning structure,  
such as CLIP(Radford et al. 2021, p.2), 
YOLO(Redmon et al. 2016, p.2), and Stable 
Diffusion (Rombach et al. 2022, p.4) is commonly 
considered as a 3D matrix that describes color 
and position value of each pixel of a size H x W. 
Processing units of an image is addressed as 
“patch” or “token” (Lee et al. 2021, p.1), which is 
defined by pixel location or masked areas from 
segmentation. An image mostly represents what 
it is according to pixel and spatial values, and 
these definitive descriptions are passed through 

neural networks, where the network architecture 
learns low-level features such as patterns.  

Although image representation in current 
machine learning algorithms focuses on 
predetermined description of itself, recent 
discoveries in efficiency of neural networks 
experimented on varying image representation in 
patch scales (Lee et al. 2021, p.1), intersecting text 
and image encoding (Radford et al. 2021, p.2), 
and subareas for accumulating classification 
probabilities (Redmon et al. 2016, p.4). Network 
design such as these examples introduce 
additional vectorized or probability information 
into the network layers and thus utilize another 
form of information other than pixel data of 
images. 

Return to interaction between observer and 
the observed, in this study we applied a similar 
approach: augmenting the image data as an 
integrated part of machine learning architecture 
by another means of visual information from eye-
tracking. We tested this form of augmentation 
through validation in predicting “design 
intentions” of an observer when viewing a plan 
sketch. 

METHODOLOGY 
Our methodology comprises of three parts. 
Firstly, we describe our data-collecting methods 
using a screen-based eye tracker Tobii Pro Fusion 
in a customized experiment interface in Unity 3D. 
Secondly, we layout our data processing pipeline 
that produces a pseudo-RGB image data form to 
encode motion details from eye movements. 
Thirdly, we show and evaluate our neural network 
architecture that predict perception of “design 
intentions” using a “intention vector field” and 
convolutional layers from plan drawings through 
eye-tracking data. 

Eye-tracking data collection 
We collected eye-tracking data by a custom gaze 
point recording software developed in Unity 3D 
using Tobii SDK. To avoid confusion, we refer to 
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stimuli as “plan sketches” to suggest that their 
purposes of representing design intentions. A 
total of 14 graduate architecture students were 
recruited through the department online 
community. Participants were graduate students: 
7 females, 7 males, aged 23 – 31, as reported in a 
preliminary survey completed prior to the 
experiment. 

We used Unity 3D to develop an interactive 
recording tool for visualizing and replaying gaze 
points with pixel-level accuracy. A custom 
dynamic-link library, built in Visual Studio Code 
using the Tobii SDK, enabled 2D gaze coordinate 
streaming at 60 Hz within Unity. A control UI for 
the authors was composed of a blank, 1920 x 
1080pix Raw Image where the gaze point preview 
will be rendered in real time. This interface 
consisted of two sections: an accuracy test section 
showing live and average accuracy; and an 
experiment section including three buttons to 
play, pause, and stop the stimuli, a toggle to show 
or hide gaze point preview, and an input field to 
enter desired showing time for each stimulus. 

Intention Question 
“Shape” “Observe this plan sketch and 

think about major shapes 
composing the design.” 

“Composition” “Observe this plan sketch and 
think about relationships 
between spaces.” 

“Circulation” “Observe this plan sketch and 
think about how one moves 
around inside the building.” 

 

 
 
 
 
 
 

Our stimuli included four plan sketches from 
Palladio (Lewis 1981, p.15) and ten plan sketches 

from Le Corbusier (Benton 2007, pp. 161, 183). 
These sketches were scanned, rectified, and 
displayed at 1080 x 1080-pixel (17 x 17 cm) on 
screen. All stimuli were villa plans of a similar 
residential scale to ensure clear spatial 
representation and ease of navigation. Our setup 
consisted of a Dell Alienware G15 gaming laptop 
with 15.6-inch full HD 360Hz WVA display, the 
screen resolution was 1920 x 1080 pixel. A Tobii 
Pro Fusion eye tracker was mounted on the 
bottom of the screen. This screen-based eye 
tracker had 0.3 reported degrees of accuracy 
under ideal lighting conditions. We asked each 
participant to observe a specific architectural 
intention: shape, composition, and circulation 
(Table 1). Participants were briefed on the image-
viewing task prior to recording. To reduce fatigue, 
each participant was asked to observe randomly 
selected five plan sketches from a pool of 
fourteen for each intention. Each sketch was 
viewed for fifteen seconds, totaling seventy-five 
seconds per intention. The full task spanned three 
intentions (225 seconds), with 20-second breaks 
between 5-stimuli sets (Figure 2). 

Image representation 
To enable each image to represent multiple 
intentions and thereby capturing goal-directed 
visual search patterns, we introduce a composite 
image representation that transforms plan 
sketches into an integrated 3D representation of 
the sketch with eye-movement data as a 
vectorized field of observer’s “intention”. This 
representation, termed “pseudo-RGB”, encodes: 
(1.) the rectified greyscale plan sketch in the red 
channel, (2.) normalized time weights (0,255) of 
gaze in consistent with the color space in the 
green channel, and (3.) real-time motion data as 
speed magnitude of gaze points in the blue 
channel.  

Table 1 
Questions 
describing viewing 
tasks 

Figure 2 
Example of one 
eye-tracking 
session  
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As visualized in figure 3, the red channel is a 
greyscale plan sketch, one of the most used 
representations in architectural plan design. The 
green channel represents gaze coordinates 
during the 15 second sampling time of 877 
samples, each point (x,y) denotes the 2D location 
of the gaze point, and the value of each point is 
the time stamp, or “time weight” of when the gaze 
point is recorded by our eye-tracker. The blue 
channel is a 2D representation of the movement 
speed between each consecutive gaze point by its 
location (x,y) and calculated pixel distance/time 
interval on a 1080 x 1080-pixel size plan sketch. 
These three channels are concatenated together 
to form a 3-channel pseudo-RGB matching the 
size of the original plan sketch, embedding 
spatial, temporal, and motion information into a 
single representation. Using a machine learning 
library TensorFlow, this image is converted into a 
tensor—a multi-dimensional array suitable for 
input into neural networks.  

Notably, for each plan sketch, applying eye-
tracking data from different participants results in 
different pseudo-RGB image of the same sketch. 
Using the pseudo-RGB representation we 
embedded individual participants’ eye movement 
into the stimulus, creating a distinct 
representation for each “intention” asked. Then, 
instead of being extracted from the plan sketch 
from classification or segmentation, an 
“intention” is represented by human visual 
behavior as an “intention vector field”. Due to the 
mechanical nature of eye movement, we can then 
use numerical values such as 2D coordinates, time 
stamps (weights), and velocity vectors to 
construct such vector field for our neural network. 

Machine learning architecture 
We propose a dual-branch convolutional neural 
network (CNN) designed to integrate both visual 
and spatiotemporal gaze information for 
architects’ intention (Fig. 4). The model takes a 
three-channel input of the pseud-RGB. The 
architecture includes a CNN feature extractor 
composed of two convolutional layers of 32 and 
64 filters, each followed by max pooling and ReLU 
activation. Parallel to this, a custom learnable 
layer, “Intention Vector Field”, generates a 
directional vector field from the speed map to 
capture gaze dynamics. Output from both 
branches is flattened and concatenated before 
passing through a fully connected layer with 64 
units and a dropout rate of 0.1, followed by a 
SoftMax classifier.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Instead of applying image transformation 
layers such as noise, mirroring, or jitter, this layer 
utilizes an observer's unique eye-movement to 
embedded meaningful visual search into the 
stimuli during learning process and thus 
facilitates learning of vectorized speed and 
direction representation of gaze points in relation 
to an architectural intention.  

Figure 3 
Red, green, and 
blue channels of 
the Pseudo-RGB 
of a 15-second 
eye-tracking task 
of “shape 
intention” for Villa 
Savoye. The 
contrast of the 
image was 
enhanced for 
visibility  

Figure 4 
Diagram of the 
dual-branch CNN 
architecture with 
the learnable 
“intention vector 
field” layer 
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The custom layer, “Intention Vector Field” 
(Figure 5), learns to generate a directional vector 
field over an image using gaze motion speed 
information, creating learnable vector fields from 
the speed map (blue channel) of the input image 
tensor. It captures motion-like or directional 
information based on gaze speed, which can help 
the model better understand spatial-temporal 
dynamics related to the image structure of the 
plan sketch as measurable “areas of effects”. The 
layer generates a 2D movement vector (dx, dy) for 
each pixel, using gaze speed from the blue 
channel. It learns two trainable maps--gaze_dx 
and gaze_dy--which represent the normalized 
direction of eye movement at each pixel location. 
These vectors are then scaled by multiplying with 
the speed at each gaze point from the blue 
channel, and a learnable scale factor named 
“speed scale”. The result of this custom layer is a 
directional flow field like optical flow, but with 
learnable directional vector and speed scale. In 
CNN architecture, this layer adds gaze-based 
motion awareness to the network before dense 

layer prediction, embedding directional flow of 
eye-movement into detected edge and pattern 
conditions from the previous convolution2D 
layers, and enabling intention recognition 
through visual behavior modeling. 

While the CNN branch learns appearance 
features, this layer learns directional gaze 
dynamics which gives the model access to 
location and velocity of where the viewer looked, 
directionality of gaze behavior, and dynamics in 
shifted attentions. It also helps the network 
understand not just where a participant is looking, 
but also how their gaze is moving. 

Training and prediction 
The model was trained on a dataset comprising of 
196 annotated samples collected from our 
custom eye-tracking software, evenly distributed 
across three intention classes: Shape, 
Composition, and Circulation. We used 
categorical cross-entropy loss and the Adam 
optimizer. Input data was normalized, and early 
stopping was applied to prevent overfitting. To 
enhance generalization, we incorporated dropout 
only after the dense layer, which significantly 
improved the diversity of predicted classes during 
evaluation. Training accuracy climbs steadily and 
stabilizes around ~94%. Validation accuracy 
fluctuates mildly and ends with slight 
improvement as shown in the left two diagrams 
in figure 6. Less overfitting as shown in the 
accuracy graph suggests better generalization.  

 
 
 
 
 
 
 

Figure 5 
Visualization of 
the “Intention 
Vector Field” layer 
output. “Shape” 
intention of Villa 
Savoye (left) and 
“Circulation” of 
Villa Pisani (right) 

Figure 6 
Accuracy (left), 
loss (center), and 
neuron activation 
(right) plots of the 
full model (in 
cyan), and the 
baseline model (in 
grey)  
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Ablation study 
To assess the contribution of the learnable 
“intention vector field”, we conducted an ablation 
study by training a baseline model with an 
identical CNN architecture but without the 
custom vector extraction component. Both 
models were trained on the same dataset using 
the same input channels (image, gaze, and speed 
maps) to ensure a fair comparison (Figure 6). In 
the accuracy plot, while the baseline model 
achieved high training accuracy to 100% quickly, 
it exhibited clear signs of overfitting, with 
validation accuracy peaking early and then 
stagnating. On the contrary, the full model 
exhibited a smooth increase in training accuracy, 
and a more stable validation accuracy with higher 
peak and less drop-off. In the loss plot, the 
baseline model exhibited an early plateau in the 
validation loss, indicating a lack of learnable 
features in later epochs. The full model exhibited 
a less erratic validation loss, suggesting better 
generalization and less overfitting. 

Comparing the two confusion matrixes 
(Figure 7) of the full model (left) and the model 
without learnable vector field (right), we observed 
that there was a high confusion rate of the latter. 
Removing the custom layer resulted in severe 
class collapse, where the model consistently 
predicted only the “composition” class. In 
contrast, the full model was able to classify all 
three intention categories with a more balanced 
confusion matrix. Thus, our custom layer was 
contributing meaningful, generalizable signal 
from gaze dynamics. This observation is also 
evident in the number of neurons firing to make 

the prediction for intentions as shown in the bar 
diagram in figure 6. 

The full model learned spatial correlation 
between the plan sketch channel and the gaze 
point channels in the first set of convolutional 
layers, while the baseline model learned a mixture 
of individual channels (Figure 8). When the full 
model is designed to learn visual behavior as 
vector fields, the convolutional layers are directed 
by the model to learn the gaze maps and plan 
sketches as an integrated visual representation of 
the corresponding “intention”. This observation is 
consistent with our theoretical exploration of the 
“eye-mind ink”, where an abstract idea such as 
“intention” can be interpreted using visual 
dynamics such as gaze positions and speeds. 

Learned intention vector fields 
In addition to statistical evaluations for the model 
accuracy and loss performance, we provide the 
following visual analysis of “intention vector field” 
layer to assess its spatial capability in representing 
“area of effects”. The learned features from the 
“intention vector field” layer shows a promising 
trend in learning the visual effects of the image 
stimulus represented in the red channel.  Only 
after 7 epochs of training on the dataset, the 
output of the “intention vector field” layer exhibits 
pattern overlay on the original plan sketch for the 

Figure 8 
Learned feature 
maps of the first 
convolutional 
layer of the two 
models. Pink and 
yellow pixels as 
shown in (a) full 
model and (b) 
baseline model 
indicate high 
activation values, 
while blue and 
purple indicate 
low activation 
values. The 
contrast of the 
image was 
enhanced for 
visibility  

Figure 7 
Confusion 
Matrixes of the 
two models on 
predicting new 
eye-tracking data. 
Left: full model; 
right: baseline 
model 
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distribution and magnitude as shown in the 
prediction for intention “composition” (Figure 9): 
shorter arrows indicate slower eye movements at 
each center for identifying major shapes, and 
longer arrows indicate fast traverse between the 
rooms to establish spatial relationships between 
rooms. 

DISCUSSION 
Our study on embedding the “eye-mind link” of 
architects observing plan sketches of villas shows 
a novel approach to represent image-based 
information and its inspirational usage in a 
learnable “intention vector field” in a machine 
learning model. Our prototype model which 
incorporated this layer shows a preliminary 
promising tendency in discriminating different 
eye movements and allocating them to specific 
“intentions”. With only a few hundred training 
samples and less than 10 epochs, our CNN model 
using the learnable vector extractor layer was able 
to discriminate the “intention” labels by time and 
motion-based eye movement instead of referring 
to image segmentation of architectural elements. 

However, our investigation is considered as 
an initial attempt to allocate observable designer 
activities such as eye movement to their thought 
process. Eye movement is not a perfect 
representation of the entirety of mental attention 
and movement metrics require rigorous and 
robust recording (Reichle, 2012, p.158; Mondal et 

al, 2025, p.244). Known cognitive discrepancies in 
the “eye-mind link” such as the “contextual 
effects” (Just and Carpenter, 1980, p.343) and a 
non-comprehensive “locus of attention” from 
fixation locations (Irwin 2004, p.108). Thus, our 
next steps include testing other eye movement 
metrics such as acceleration of saccades and 
attention in peripheral or foveal vision areas in the 
pseudo-RGB or higher dimensional image data 
representation; obtaining a more reliable dataset 
by farther calibrating our eye-tracking software 
with noise deduction and recruiting more 
participants from a broader architectural 
education background; and enhance 
computational resources to support extended 
training of the full model. 

CONCLUSION 
Our model of representing architects’ goal-
directed eye movement patterns introduces a 
novel framework for embedding architectural 
intentions within plan sketches, enabling 
preliminary inference of the observer’s “mind” as 
a part of architects’ explorative thinking process. 
Our pseudo-RGB image tensor and the learnable 
“intention vector field” layer translate motion-
based information into a visual form that is 
structurally compatible with the plan sketch 
stimuli. We established a connection between the 
cognitive processes of human architects, 
represented by eye movement, and the 
computational dynamics of machine learning in 
imagery forms. Along with a stronger data 
collection method and a more comprehensive 
prototyping of the dual-branch CNN, our future 
exploration aims to establish a machine learning 
model where design thinkings such as 
understanding the “intentions” or “meanings” of 
architects’ creative and emergent design 
representations can be quickly understood and 
shares by their machine companions in human-AI 
collaboration for augmenting architects’ creative 
endeavors. 

Figure 9 
Learned intention 
vector field of the 
full model’s 
prediction of 
“composition” 
intention for a 
third-floor plan 
sketch of Villa 
Stein-de-Monzie  
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