


HTTPS://ORCID.ORG/0000-0003-0189-1776
HTTPS://ORCID.ORG/0009-0008-0866-334X
HTTPS://ORCID.ORG/0000-0003-1388-6974
HTTPS://ORCID.ORG/0000-0002-9243-6885
HTTPS://ORCID.ORG/0000-0002-3094-5844
https://orcid.org/0000-0003-0189-1776
https://orcid.org/0009-0008-0866-334X
https://orcid.org/0000-0003-1388-6974
https://orcid.org/0000-0003-1388-6974
https://orcid.org/0000-0002-9243-6885
https://orcid.org/0000-0002-3094-5844






4 • Yunxiang Zhang, Nan Wu, Connor Z. Lin, Gordon Wetzstein, and Qi Sun

Fig. 4. User study setup. The eye-gaze positions of study participants were
recorded while they watched through a sequence of generated images.

control module to perform per-frame saliency-guided image gener-
ation S to compose a temporally consistent video, the resulting user
attention will differ from the target V. Concerning the domain gap,
we employ a video saliency prediction model, TASED-Net [Min and
Corso 2019], to approximate V for temporally consistent sequences
via GazeFusion. Figure 3 demonstrates example results.

4 EVALUATION
To quantitatively evaluate our saliency-guided approach to visual
content generation, we conducted 1) an eye-tracked user study
on GazeFusion-generated images to analyze its attention-directing
performance (Section 4.1); 2) a large-scale objective evaluation
on GazeFusion-generated images and videos using off-the-shelf
saliency models (Section 4.2); 3) an ablation study on the quality
and diversity of GazeFusion-generated images.

4.1 User Study: Tracking and Analyzing Viewers’ Eye
Gazing Behaviors over Generated Images

The aim of our research is to generate visual content that directs
viewer attention in specific ways. This is achieved by incorporating
the data priors of human visual attention into the generation process.
To systematically analyze the attention-directing properties of the
generated images, we conducted a user study with eye trackers to
record participants’ eye gaze patterns while they browse through a
sequence of generated image samples.

Participants. Twenty adults participated in the study (ages 23–57,
9 female). All of them have normal or corrected-to-normal vision,
no history of visual deficiency, and no color blindness. None of
them were aware of the hypothesis, the research, or the number of
conditions. The research protocol was approved by the Institutional
Review Board (IRB) at the host institution, and all subjects gave
informed consent prior to the study.

Setup and procedure. During the study, subjects remained seated
in a well-lit room and viewed a 24-inch Dell monitor (Model No.
S2415H, resolution 1920 × 1080, luminance 250 cd/m2) binocularly
from an SR Research headrest positioned 60 cm away. The effective
field of view and resolution were 46◦×26�8◦ and 40 pixels per degree
of visual angle. A Tobii Pro Spark eye tracker was mounted to the

Table 1. Eye-tracked user study. Our GazeFusion model largely outperforms
the two baselines in directing viewers’ a�ention toward the specified image
regions. ↑/↓ indicates that higher/lower score is be�er.

AUC ↑ NSS ↑ CC ↑ KL ↓ SIM ↑
TEXT 0.65 0.71 0.21 4.75 0.34
BBOX 0.78 1.21 0.47 2.67 0.48
OURS 0.84 1.82 0.78 0.79 0.66

bottom of the monitor to record their eye gaze at 60 FPS. A 5-point
eye-tracking calibration was performed before each session began.
Figure 4 shows the experimental setup of our user study.

Stimuli. We first sampled 50 images from the held-out validation
set of MSCOCO 2017, where half of them have humans/animals
as the main content and the rest show close-up shots of objects or
nature/city scenes. These selected images were annotated using the
BLIP-2 Image2Text model [Li et al. 2023a] for text prompt condi-
tioning. Image saliency maps were extracted using the EML-Net
saliency model [Jia and Bruce 2020] for visual saliency conditioning.
We then fed the obtained paired text prompts and saliency maps
to our saliency-guided model to generate 50 images of 512 × 512
resolution as the visual stimuli for the user study. The hypothesis
is that these generated images should direct viewers’ attention to-
ward the intended regions as depicted by the saliency maps while
observing the text prompts and maintaining non-degraded image
quality/diversity.

Conditions. We also included two baseline conditions, the Stable
Diffusion v2.1 (SD2.1) model [Rombach et al. 2022] (TEXT) and the
GLIGEN BBox-guided model [Li et al. 2023b] (BBOX), to compare
with GazeFusion (OURS) in terms of the accuracy and robustness of
manipulating human visual attention. All three conditions share the
same input text prompts to control what visual content is generated.
Additionally, BBOX takes in text-annotated bounding boxes pre-
dicted by the Grounding DINO model [Liu et al. 2023], and OURS
takes in saliency maps predicted by the EML-Net saliency model.
Similar to OURS, 50 images were generated for TEXT and BBOX,
respectively.

Task and duration. The total of 150 images generated for the three
conditions was shuffled in random order and sequentially displayed
to each subject, with a 5-second duration for each image and a
1-second pause between consecutive images. The complete study,
including hardware setup/calibration, pre-study instructions, and
breaks, took about 30 minutes per subject. Throughout the study,
all subjects were instructed to keep their head stationary on the
headrest and freely explore the displayed images by shifting their
eye gaze. Their eye gaze patterns on each image were recorded to
compute the corresponding empirical saliency map.

Metrics. To quantitatively evaluate each model’s performance in
directing users’ attention to intended image regions, we adopted
five saliency similarity metrics from the MIT/Tuebingen Saliency
Benchmark [Kummerer et al. 2018]: Area Under ROC Curve (AUC)
[Kümmerer et al. 2015], Normalized Scanpath Saliency (NSS) [Peters
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Fig. 7. Demonstration of display-adaptive image generation. The le�/right
column visualizes the saliency targets and the generated images for a nar-
row/wide field display. The spatial saliency in the wide-field-displayed
images ensures that users’ gaze remains primarily centered. This reduces
excessive head rotations and improves content visibility, countering the low
visual sharpness in human peripheral vision.

that offer additional information or immersive experiences. How-
ever, most visual content is pre-created without considering the
environment in which it will be displayed, leading to unpredictable
or potentially negative experiences. For example, an image with a
3:2 aspect ratio viewed on an iPhone will attract visual attention
differently than when viewed on a 27-inch computer monitor where
much of the content is displayed in the low-acuity peripheral vision
[Eriksen and Yeh 1985; Reeves et al. 1999]. Additionally, users may
also have to rotate their gazes and necks more frequently, leading
to ergonomic problems [Gallagher et al. 2021; Zhang et al. 2023a].
GazeFusion can guide the generative content for given display

environments via adaptive spatial saliency guidance, inspired by the
image retargeting problems [Avidan and Shamir 2023; Rubinstein
et al. 2008]. This is achieved by adapting the conditioning saliency
distribution to both the eye-display configurations and application
aims. For example, as shown in Figure 7, our display-adaptive gener-
ation can guide salient image content at optimal viewing angles for
the display in use, effectively avoiding frequent head movements
for users [Zhang et al. 2023a]. Similarly, for more efficient target-
reaching, it may also control the salient regions to the visual field
regions exhibiting the fastest reaction time (about 7-10 degree ec-
centricity per the literature [Duinkharjav et al. 2022; Kalesnykas
and Hallett 1994]).

6 LIMITATIONS AND FUTURE WORK
Our saliency-guided control module was established based on an
end-to-end computational saliency model trained on human gaze

data [Jia and Bruce 2020]. However, the factors inducing human vi-
sual attention are diverse andmulti-dimensional, including low-level
image features, mid-level local structures, and high-level semantics
[Hayes and Henderson 2021]. Currently, GazeFusion model does
not differentiate between these underlying causes. Integrating vari-
ous saliency models targeting different levels of saliency-triggering
factors under a probabilistic framework [Kümmerer et al. 2015]
may shed light on more fine-grained saliency-based control, such as
specifying local color- and contrast-induced saliency vs. semantic
labels in the saliency map.
The extension to saliency-guided video generation, while show-

ing numerical saliency alignments between the input control and
the computed prediction with TASED-Net [Min and Corso 2019],
has not been measured with human observers. This is due to the
significantly large sampling requirement to obtain an eye-tracking-
revealed spatial-temporal saliency [Wang et al. 2018]. To this end, we
plan to investigate eye-tracking-free human attention assessment
approaches via crowdsourcing platforms, e.g., [Kim et al. 2017]. In
addition, the current approach treats the saliency frames in the con-
trol sequence separately to generate temporally consistent videos
frame-by-frame with [Khachatryan et al. 2023]. Introducing an ex-
plicit temporal module to exploit the temporally induced factors,
such as motions between adjacent frames, may further improve the
controlling effectiveness.

The proposed interactive design tool automatically corrects users’
arbitrarily specified saliency input through a text-saliency compati-
bility matching and adjustment, as shown in Figure 5. Recognizing
that image artifacts may also influence saliency [Yang et al. 2021],
we plan to investigate the three-fold cross effects among character-
ized saliency maps, text feature spaces, and their generated image
quality assessment [Golestaneh et al. 2022; Yang et al. 2019; Zhang
et al. 2014]. A quantifiable correlation in the continuous domain
may provide guidance on quality-predictable and saliency-aware
generation.

7 CONCLUSION
In this paper, we present a saliency-guided generative model that
guides users’ viewing attention. It may match designers’ specifica-
tions with a simple click-and-run user interface. An eye-tracked user
study evidences the real-world effectiveness. With various demon-
strated applications, such as inversely suppressing attention and
adapting the generations to various viewer-display conditions, we
hope the research will initiate the first step of viewer-perception-
aware generative models.
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Fig. 9. Saliency-guided image generation. During the generation process, GazeFusion exploits a variety of factors that a�ect visual saliency, such as color (e.g.,
the tomato and the apple scenes), frequency (e.g., the maze and the lake scenes), contrast (e.g., the fur and the marble texture scenes), orientation (e.g., the
wood texture and the macaron scenes), layout (e.g., the last 3 rows), and semantics (e.g., the snake and the bird scenes).
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