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Sequential Line Search
[SIGGRAPH 2017]
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[*]1 Yuki Koyama. 2021. Introduction to Computational Design. In Extended Abstracts of the 2021 CHI Conference on Human Factors in Computing Systems (CHI EA '21—Courses), pp.136:1-136:4.
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[Koyama+, Computational Interaction (2018)] Yuki Koyama and Takeo Igarashi. 2018. Computational Design with Crowds. In Computational Interaction (Eds. A.
Oulasvirta, P. O. Kristensson, X. Bi, and A. Howes), Oxford University Press, pp.153-184. https://arxiv.org/abs/2002.08657
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f%!l?/\“’l’ Z Eaiiriﬁ.{t Preferential Bayesian Optimization (PBO)

NA X gz1E1t (BO) DIRETFIE [Brochu+, NIPS 2007]
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Yuki Koyama, Toby Chong, and Takeo Igarashi. 2022. Preferential Bayesian Optimisation for Visual *Hj“d‘ttﬂﬁ'——g /

Design. In Bayesian Methods for Interaction and Design, Cambridge University Press, pp.239-258.
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[Koyama+, SIGGRAPH 2017] Yuki Koyama, Issei Sato, Daisuke Sakamoto, and Takeo Igarashi. 2017. Sequential Line Search for Efficient Visual Design
Optimization by Crowds. ACM Trans. Graph. 36, 4, pp.48:1-48:11 (2017).
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[Koyama+, SIGGRAPH 2017] Yuki Koyama, Issei Sato, Daisuke Sakamoto, and Takeo Igarashi. 2017. Sequential Line Search for Efficient Visual Design
Optimization by Crowds. ACM Trans. Graph. 36, 4, pp.48:1-48:11 (2017).
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Objective Estimated Expected Residuals
function function Improvement over iterations

=¥#l(3 [Koyama+, SIGGRAPH 2017] &g

[Koyama+, SIGGRAPH 2017] Yuki Koyama, Issei Sato, Daisuke Sakamoto, and Takeo Igarashi. 2017. Sequential Line Search for Efficient Visual Design
Optimization by Crowds. ACM Trans. Graph. 36, 4, pp.48:1-48:11 (2017).
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Evaluation: Crowdsourced Voting

Q. Which one do you like?
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Original Crowds Photoshop Lightroom
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Photoshop Lightroom
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Q. Which one do you like?
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Target: Output:
n design parameters An optimal
(e.g., photo enhance) parameter set




Target: Sequential Gallery: Output:

n design parameters An interactive optimization framework An optimal

(e.g., photo enhance) where the user sequentially performs parameter set
2D search subtasks via a grid interface
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Sequential Gallery:

An interactive optimization framework
where the user sequentially performs
2D search subtasks via a grid interface
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2D search subtask #2



Sequential Gallery:

An interactive optimization framework
where the user sequentially performs
2D search subtasks via a grid interface

. o K
™ : " - .
" hE -
. . ' d » . .
. . . v .
»
. a - .
‘ h nv ,..
’ g

-

’ -
o 'L
~ -

- " - ”
- ' d ‘”‘ '
g | E &
! ¥ N X <
- b ) -
» » "
P - Q) ﬂ o 5 ‘ g
) > ( a

o

2D search subtask #3



Target:
n design parameters
(e.g., photo enhance)

Sequential Gallery:

An interactive optimization framework
where the user sequentially performs
2D search subtasks via a grid interface

2D search subtask #4

Output:
An optimal
parameter set
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Target: Sequential Gallery: Output:

n design parameters An interactive optimization framework An optimal

(e.g., photo enhance) where the user sequentially performs parameter set
2D search subtasks via a grid interface




2-dimensional search subspaces (= search planes)
determined by preferential Bayesian optimization (PBO)
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2-dimensional search subspaces (= search planes)
determined by preferential Bayesian optimization (PBO)




User’s feedback

Next search plane




2D search subtask
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2-dimensional search subspaces (= search planes)
determined by preferential Bayesian optimization (PBO)
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2-dimensional search subspaces (= search planes)
determined by preferential Bayesian optimization (PBO)
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2-dimensional search subspaces (= search planes)
determined by preferential Bayesian optimization (PBO)
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2-dimensional search subspaces (= search planes)
determined by preferential Bayesian optimization (PBO)
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User’s feedback
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2-dimensional search subspaces (= search planes)
determined by preferential Bayesian optimization (PBO)
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2-dimensional search subspaces (= search planes)
determined by preferential Bayesian optimization (PBO)
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Potential Applications

Photo color enhancement

Generative modeling Procedural texturing

... and many other parametric design scenarios

Yuki Koyama, Issei Sato, and Masataka Goto. Sequential Gallery for Interactive Visual Design Optimization. ACM Trans. Graph. (SIGGRAPH 2020)
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Photo Color Enhancement (12D)

Brightness, contrast, saturation, shadows (RGB), midtones (RGB), and highlights (RGB)




Zoom#1 » ' Zoom #2 » Zoom #3 » Zoom #4

x1.5 speed



Original photograph Enhanced photograph
(after 4 iterations)




Body Shaping (10D)
Using the SMPL model [Loper+135] (the first 10 principal components)




Goal: Body shaping from a character description

“He was of medium height, solidly built,
wide in the shoulders, thick in the neck,
with a jovial heavy-jawed red face [...]”

Dashiell Hammett. 1930. The Maltese Falcon.

Zoom # » Zoom #2 » Zoom ¥#3 » Zoom #4

x1.5 speed



"He was of medium height, solidly built,
wide in the shoulders, thick in the neck,
with a jovial heavy-jawed red face [...]”

Dashiell Hammett. 1930. The Maltese Falcon.
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[Chan+, CHI 2022] L. Chan et al. 2022.
Investigating Positive and Negative Qualities of
Human-in-the-Loop Optimization for Designing
Interaction Techniques. In Proc. CHI 2022.
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“Maybe you like these designs?”
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