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Figure 1: Overview of Impression Sliders. The user describes a desired impression (left); preferential Bayesian optimization
with a VLM evaluator estimates a design that strongly conveys that impression (center); the result is presented as an Impression
Slider that moves the current design toward the estimate (right). Bottom: applications to other domains.

Abstract
In parametric visual design, users often explore a parameter space,
guided by a desired impression to convey to viewers—for example,
seeking to make a photo look more “cinematic.” However, manipu-
lating the parameters in a direction that strengthens the intended
impression is particularly difficult when the user does not under-
stand the parameter space well. We present Impression Sliders, a
system that turns a natural-language description of a desired im-
pression into a slider for strengthening that impression. With a
vision-language model (VLM) as the evaluator, the system uses
preferential Bayesian optimization to estimate, in roughly 45 sec-
onds, a design that strongly conveys the described impression. The
resulting slider then lets users move the current design toward
this estimate. We implemented the system in three domains, and
a study with 19 raters indicated that the estimated designs con-
veyed the described impressions to viewers. An exploratory user
study suggested that Impression Sliders help users adjust designs
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toward target impressions, particularly when the parameter space
is difficult to interpret.
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1 Introduction
In parametric visual design (e.g., color grading of photographs or
shape adjustment of 3D models), users often explore a parame-
ter space, guided by a desired impression to convey to viewers.
For example, a user grading a photograph may adjust the param-
eters, seeking to make it look more “cinematic.” However, design
tools typically expose individual parameters, whereas changing
an impression often requires coordinated changes across multiple
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parameters. Users must therefore determine for themselves how to
change the parameters so that the design conveys the intended im-
pression more strongly, which becomes particularly difficult when
the parameters are numerous, their effects are hard to predict [9],
or the user is unfamiliar with the parameter space.

Prior work has supported impression-guided exploration by esti-
mating impression–parameter correspondences from human evalu-
ation. However, supporting exploration guided by an impression
described during design work remains difficult. AttribIt [3] learns
adjective–shape correspondences from crowdsourced comparisons,
but is limited to adjectives learned in advance. Koyama et al. [5] es-
timate a goodness function for an arbitrary user-described criterion,
but require crowdsourced evaluation that takes tens of minutes.
Design Adjectives [13] learns an individual user’s intent from user-
scored examples, but requiresmultiple examples. CLIP [12] has been
used to guide generativemodels toward described concepts [11], but
evaluates each design independently, making it difficult to assess
impressions whose meaning depends on comparison with other
candidates, such as “compact.”

We present Impression Sliders, a system that turns an impression
described while designing into an on-demand control for adjusting
a parametric design. Using a vision-language model (VLM) as the
evaluator, preferential Bayesian optimization (PBO) estimates, in
roughly 45 seconds, a design that strongly conveys the impression
to viewers. The estimate is presented as an Impression Slider, which
lets users move the current design toward this estimate. Rather
than adjusting parameters individually, users explore designs by
manipulating Impression Sliders, creating new ones as needed.

2 System
Given a natural-language target impression such as “retro,” the
system models a latent utility 𝑓 (𝑥)—how strongly the VLM judges
a design 𝑥 to convey the impression—with a Gaussian process
and estimates its maximizer via PBO (Figure 1, center). At each
iteration, candidates selected by the qEUBO acquisition function [1]
are rendered and compared pairwise by a VLM (GPT-5.4 mini [10]);
prior work reports task-dependent agreement between GPT-4V
evaluations and human judgments [14]. The comparison outcomes
update the posterior via PairwiseGP [2, 4]. Our implementation,
built on BoTorch [2], initializes with all-pairs comparisons among
10 Sobol samples, then runs 8 iterations of qEUBO (𝑞 = 7), with
the VLM comparing all 21 pairs among the candidates in parallel
(randomized A/B order); the iteration count was chosen based on a
preliminary simulation to balance waiting time against estimation
quality. Slider generation averaged 43.8 s (photo) and 48.3 s (face)
in the exploratory user study.

The estimated design defines the positive end of an Impression
Slider (Figure 1, right). Dragging toward the positive end linearly
interpolates from the current parameters toward the estimated
design; dragging toward the negative end interpolates back toward
the parameters at the slider’s creation (the optimization does not
provide a reliable weakening direction). On release, the handle
recenters while the parameters are retained, so subsequent drags
start from the current design.

Table 1: Mean impression-strength ratings on a 7-point scale
(𝑁 = 19), with per-description Friedman and Bonferroni-
corrected Wilcoxon tests: 𝑎 vs. no edit; 𝑏 vs. CLIP (𝑝 < .05).

Domain Description No edit CLIP Ours

Photo eerie 2.16 4.37a 5.12a

Photo warm 2.21 2.96 5.54a,b

Face trying not to laugh 1.58 3.39a 4.82a,b

Face surprised 1.47 3.88a 4.19a

Lamp retro 4.68 4.11 5.67b

Lamp compact 3.89 1.82a 5.96a,b

We implemented the system in three domains (Figure 1): photo
adjustment (seven parameters), facial expressions (the first 10 ex-
pression PCA coefficients of the FLAME head model [8]), and desk
lamp design (shape, shade, and material parameters).

3 Evaluation
Human evaluation of estimated designs. For six impression de-

scriptions (two per domain), we compared designs obtained un-
der three conditions: (1) no edit, (2) Bayesian optimization of the
CLIP [12] score for the description (qEI, 𝑞 = 7, 12 iterations), and
(3) our method. Descriptions were presented in Japanese (reported
here in English translation); CLIP received the English translations,
matching its English-centric training data. Nineteen raters (12 male,
7 female; ages 17–60, median 20) rated, in randomized order, how
strongly they felt the described impression from each design on a
7-point scale. CLIP and our method were each run three times per
description; for each rater, ratings were averaged over the three
runs. Our method achieved the highest mean ratings for all six
descriptions (Table 1). For “compact,” the margin over CLIP was the
largest, consistent with relative judgments being suited to compar-
ative descriptions.

Exploratory user study. In the photo adjustment and facial expres-
sion domains, we conducted a within-subjects comparison between
a baseline condition with conventional parameter sliders only and
an Impression Sliders condition that added them (𝑁 = 6, ages 21–
23, order counterbalanced). No participant routinely used photo
adjustment tools, and none had edited facial expressions before.
The target descriptions were the same across conditions: horror-
film-like eeriness for photos and trying not to laugh for faces. We
recorded interaction logs, 7-point questionnaire responses, and
semi-structured interviews. All participants created Impression
Sliders (1–4 per task, 28 in total), often using descriptions beyond
the task statement, such as “like Resident Evil.”

Impression Sliders appeared to give participants a direction to-
ward the target impressions. Ratings for “I knew in which direction
to move to approach the goal” were higher with Impression Sliders
in both domains (photo: 5.00→6.17; face: 4.17→5.50). The inter-
views were consistent with this pattern: participants reported that
they could not imagine how to approach the target impression with
parameter sliders alone, whereas Impression Sliders gave them an
initial direction. Participants also discovered designs they said they
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would not have thought of using conventional sliders alone, such as
asymmetric mouth corners for the trying-not-to-laugh expression.

Satisfaction with the final designs, however, differed by domain.
Shown the two designs side by side, all six participants preferred
the design from the Impression Sliders condition for facial expres-
sions, whereas only three did so for photo adjustment. This may
be because the photo parameters in our study were more inter-
pretable than the facial-expression parameters, allowing partici-
pants to reach satisfying designs on their own. Impression Sliders
may therefore be especially helpful when users have difficulty in-
terpreting the parameter space.

4 Limitations and Future Work
What conveys an impression depends on viewers’ cultural back-
grounds, yet a single VLM currently makes this judgment, so the
estimates may not reflect the intended audience. To keep latency
low, PBO is limited to 8 iterations, which can leave the estimate
under-optimized; more sample-efficient methods [6, 7] could im-
prove estimates under the same budget. Finally, the impression’s
perceived strength may not change monotonically along the slider’s
path. Future systems could use additional comparisons to construct
perceptually meaningful paths or support compound operations,
such as strengthening one impression while preserving another.
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