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Abstract

Urban service robots are increasingly used for logistics, inspection, and con-
struction, yet their role in cultural and recreational activities remains largely
unexplored. We investigate autonomous robotic photography as a creative urban
service, addressing a key limitation of existing systems: the difficulty of combin-
ing aesthetic judgment with safe, adaptive operation in dynamic public spaces.
We present LEAP (Learning Embodied Aesthetics for Photography), a super-
vised robotic-photography system that integrates learned photography rules with
fast state estimation, path planning, and obstacle avoidance. In three super-
vised urban deployments and 30 controlled photography tasks, LEAP completed
all trials without collisions or incomplete-framing failures. It outperformed two
robotic-photography baselines, achieving 9.7-19.8% higher computational aes-
thetic scores and 8.1-24.5% higher blinded human aesthetic ratings. LEAP also
generalized to previously untrained indoor and outdoor settings and adapted
to changing participant poses. These results demonstrate the potential of



autonomous robotic photography as an accessible, interactive, and culturally
meaningful urban service.

Keywords: urban robotics, creative urban services, human-robot interaction, robotic
photography, embodied artificial intelligence

Rapid urbanization is expanding both the scale and diversity of services required in
public space. Autonomous service robots now operate in human-centred urban spaces,
from streets and parks to campuses and hotels. Prominent applications include last-
mile delivery [1], infrastructure inspection [2] and construction [3]. Robots in these
applications typically perform utilitarian tasks that would otherwise require human
labour. They must navigate these environments, avoid collisions with pedestrians, com-
ply with social and traffic norms and complete predefined tasks. Urban life, however,
also revolves around recreation, travel and social encounters, through which artis-
tic practices such as drawing and photography emerge. Geotagged photographs, for
example, reveal where people spend recreational time and how they encounter urban
environments [4]. Such works do more than preserve memories of places and experi-
ences. As cultural objects, they express how people see and relate to urban landscapes
and to themselves. Urban robots could therefore support services that help people
record, create and share urban life.

Autonomous robotic photography is a demanding test case for such services
because composing an image is both creative and physically situated. Although cam-
eras and drones are widely used in everyday life, they remain passive instruments that
demand users’ attention. During travel, sport and social activities, a participant-facing
mobile photography service could select viewpoints, compose photographs, respond to
changes in the participant’s pose and print photographs on site (Fig. 1a). This would
allow people to remain engaged in the experience rather than repeatedly operating a
camera.

Realizing such a creative urban service raises two linked challenges. First, pho-
tography differs from established services such as last-mile delivery, for which success
can usually be assessed by whether an item reaches a predefined destination. A pho-
tograph is instead co-produced with the person being photographed, and its success
depends on image quality, subjective aesthetic preferences and the experience of the
interaction. A participant-facing service must therefore navigate shared spaces safely,
accommodate different bodies and modes of participation, make image capture legible
and manage consent and identifiable data (Table 1). These requirements apply to the
service as a whole, not only to the performance of the camera-control algorithm.

Second, existing robotic-photography systems have limited capacity to select,
execute and revise image compositions autonomously under changing real-world con-
ditions. A compelling photograph requires the continuous integration of aesthetic
judgement and precise manoeuvring. Photography is therefore an active-sensing
task [5]. The robot must move its camera to change perspective, reveal or occlude
background elements and alter how the photographed person occupies the frame. It



must adapt these choices as the participant moves or changes pose. A usable ser-
vice therefore requires autonomous, closed-loop camera control that updates camera

motion through repeated visual feedback while avoiding collisions.

Table 1 Comparison of last-mile delivery and autonomous robotic photography as
urban services. Both require safe and reliable operation in public space; robotic photography
adds demands related to participant interaction, viewpoint selection and identifiable imagery.

Dimension

Last-mile delivery

Autonomous robotic pho-
tography

Service outcome

Success criteria

Human role

Interaction
Spatial  opera-
tion

Data and con-
text

Delivery of goods to a specified
destination

Timely arrival, item integrity
and successful handoff

Passersby share the route; recip-
ients interact mainly at handoff

Concentrated around requesting
and receiving delivery

Route following with collision
avoidance

Location, logistics and delivery
records; route and sidewalk con-
ditions

Photographs co-produced
through participant pose and
robot viewpoint

Session photo-
graphic quality and participant
preference

Participants engage throughout;
bystanders may enter the robot’s
path or camera view

Initiation, posing, capture, with-
drawal and assistance
Viewpoint adjustment around

completion,

participants with safe, pre-
dictable movement
Identifiable imagery; consent

and data handling; crowding,
layout and lighting

Existing robotic-photography research addresses individual components of this
service, but not the combined demands of participant interaction, adaptive view-
point control, and the handling of identifiable imagery in public space. Geometric
methods generate camera paths from predefined shot patterns or target poses [6-9].
Rule-based systems position photographed subjects according to fixed compositional
conventions [10-16], while learned aesthetic models select or evaluate frames and view-
points [17-22]. These advances improve camera assistance and image assessment, but
individually they do not provide a complete participant-facing workflow. Such a work-
flow must support entry and withdrawal, respond to participants throughout a session,
make image capture legible, and manage bystanders and identifiable images. Robotic
photography as an urban service therefore requires both technical performance and
service-level interaction and governance.

Even within viewpoint selection, aesthetic evaluation and physical camera move-
ment generally remain separated. Geometric and rule-based approaches first specify
a desired camera pose or compositional pattern and then move the camera towards
it. Learned aesthetic models improve frame evaluation, but movement trajectories are
generally predefined or optimized separately from the visual judgments used to assess



a Photography as an urban creative service
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Fig. 1 Photography service workflow and system overview. (a) The participant-facing pro-
cess links session initiation and consent to autonomous viewpoint adjustment, image capture and
delivery of an on-site print. Human supervision remains available throughout the service. (b) (Left)
An expert-operated data-collection apparatus records continuous camera trajectories and synchro-
nized egocentric video. (Middle) The imitation-learning pipeline converts RGB images into skeletal
keypoints, relative depth and a foreground mask to train a conditional flow-matching (CFM) model.
(Rtight) A closed-loop hierarchical architecture connects learned viewpoint selection to collision-aware
physical navigation. 4



their outcomes. This separation can support planned or static compositions, but lim-
its repeated recomposition when participant posture, visibility, background structure,
or the executed route changes. A participant-facing urban service instead requires aes-
thetic judgment, camera movement, collision avoidance, and visual reassessment to
operate in a closed loop.

Data-driven closed-loop control offers a route beyond this separation, but existing
training sources and objectives remain poorly matched to participant-facing urban
photography. Some studies learn trajectories from Internet drone videos or synthetic
trajectories [23-27], while others optimize viewpoints through reinforcement learning
(RL) in simulation [28-30]. Internet film videos are readily accessible, but provide
few examples of recovery from poor viewpoints. Moreover, aesthetic quality is diffi-
cult to formulate as a dense reward for RL training, while simulation cannot capture
the full diversity of interactions with changing participants and environments. More
recently, generative imitation learning has shown strong capability in representing
multiple demonstrated actions for similar observations [31, 32]. These methods learn
control policies directly from real-world expert demonstrations, represented as paired
vision—action sequences. This property is particularly well suited to photography,
where multiple camera movements may lead to distinct yet equally acceptable com-
positions. The remaining need is therefore a photography demonstration dataset of
this kind, together with a tailored approach that learns such alternatives from human
demonstrations, refines them through repeated visual feedback, and embeds them
within a supervised urban-service workflow.

We developed LEAP (Learning Embodied Aesthetics for Photography) to jointly
address these service and control challenges. We introduce the first photography-
oriented real-world trajectory dataset, comprising 864 high-accuracy video—action
sequences across b0 distinct subject poses. Learned photography rules guide cam-
era motion, while a faster geometric planner estimates the robot state, generates
safe paths, and avoids dynamic obstacles. This hierarchical architecture repeatedly
observes the scene, moves, and revises the proposed composition until the predicted
camera motion converges and the shutter is triggered. We embedded the system within
a participant-facing workflow encompassing initiation, supervision, image capture,
transfer, on-site printing, and delivery. Three supervised urban deployments evaluated
this integrated service during a campus orientation day, a senior-centre recreational
event, and at Shenzhen Talent Park. Together, these deployments spanned semi-public
events, older-adult recreation, and public-park tourism contexts. Across 30 controlled
photography tasks, LEAP significantly outperformed two robotic-photography base-
lines and approached the compositional performance of a professional-photographer
reference. Together, these findings demonstrate the feasibility of autonomous robotic
photography as a creative urban service.

1 Results

We evaluated the service workflow and the autonomous composition capabilities
needed to support it. Three supervised urban deployments examined operation from



session initiation to print delivery, including completion, intervention and safety-
related events. A 30-task controlled evaluation then assessed autonomous viewpoint
selection and photographic quality against Bipedal Toric Space (BTS) [8], a semi-
autonomous method; Visual Servoing with Rule of Thirds (VS-RoT) [12, 16], a
two-stage autonomous method; and a constrained professional-photographer reference
(Human). These robotic-photography baselines represent state-of-the-art implemen-
tations of two common portrait-composition strategies, face-centred framing and the
Rule of Thirds. Unlike methods evaluated only in simulation, both baselines can be
deployed in real-world settings.

Further experiments tested transfer to physical locations and scenes outside
LEAP’s training environment, recomposition after visual change, varied framing and
the visual cues and demonstrations supporting these behaviours. Movie S1 summa-
rizes the system pipeline, comparative performance and participant experience across
indoor and outdoor scenarios in Hong Kong. Movie S2 documents a one-day supervised
deployment in Shenzhen Talent Park.

1.1 Operational feasibility in three urban settings

To examine LEAP’s operational feasibility as an urban service, we deployed the system
in three public and semi-public settings in 2026. These comprised Shenzhen Talent
Park, used by local residents and visitors; a senior-centre recreational event for older
adults; and a campus orientation day for students and parents. Deployment dates
and operating hours are listed in Table 2. The settings differed in layout, lighting,
pedestrian flow and participant configurations.

The service workflow is illustrated in Fig. 1a. Staff initially selected an open area
with little pedestrian traffic to limit background clutter, while the robot’s collision-
avoidance system remained active. Research staff invited potential participants and
obtained consent before each session. Participants then chose their location and pose,
while the robot was placed approximately 2 metres in front of them. LEAP alternated
between observing the participant and moving its wheeled base and pan—tilt camera,
capturing a photograph after each execution step. The capture sequence ended when
the predicted movement converged or after five execution steps. Participants could
change poses during the session or start a new one. Staff remained responsible for
supervision and could take over, stop or cancel a session. After each session, staff
helped participants select their preferred photographs, printed them on site using a
portable Canon SELPHY CP1500 printer and delivered the prints. An eye-closure
detector [33] automatically filtered images in which participants had closed their eyes.
Thus, viewpoint selection and capture were autonomous, whereas enrolment, safety
oversight and delivery remained human-supported.

Across a total of 14 hours of deployment, LEAP served 45 participants in 71
sessions (Table 2). All sessions reached end-to-end completion at Shenzhen Talent Park
(18/18), the senior-centre event (33/33) and the campus event (20/20). No collisions
were observed at any of the three sites.

Each participant could use the service multiple times, with repeat use included in
the total number of sessions (n). We found that older adults and park visitors showed
the greatest interest in the photography service, with session-to-participant ratios of



a Shenzhen Talent Park

b Senior-centre event
e

iy~

Fig. 2 Supervised robotic-photography deployments in three urban settings. The three
settings were a campus orientation day, a senior-centre recreational event and Shenzhen Talent Park.
The panels document the participant-facing workflow, individual and group sessions, varied back-
grounds and operation near other users of the space.

2.06 and 1.64, respectively. Despite its shorter duration (only 3 hours), the senior-
centre deployment recorded the most sessions. We attribute this interest to the value
placed on photographs as records of retirement experiences, combined with limited
photographic expertise. The campus event, by contrast, included the most group ses-
sions. Although visitors naturally sought a photography service, we had relatively few
opportunities to meet and invite them because of the dispersed layout of the park.
To examine shooting distance, we retrospectively estimated the minimum person
depth from the images recorded during each session using Depth Anything 3 [34],
as the pan-tilt camera did not measure depth. We averaged these minimum depth
estimates across images separately for each site. The mean image-level minimum depth
was 3.397 m at the park, compared with 1.980 m at the senior-centre event and 1.962 m

EN{



Table 2 Operational outcomes of three supervised urban deployments.

Deplovment metric Shenzhen Senior-centre Campus
ploy Talent Park event orientation day
Deployment date 31 March 18 August 2 September
Operating hours 11:00-17:00 15:00-18:00 10:30-15:30
Deployment duration (h) 6 3 5
Unique participants (n) 11 16 18
Total sessions (n) 18 33 20
Group sessions (n) 2 2 4
End-to-end completion 18/18 (100%) 33/33 (100%) 20/20 (100%)
Mean image-level minimum 3.397 1.980 1.962
depth (m)
Lowest session-level depth (m) 1.201 0.943 1.241
Mean RoT score 0.855 0.829 0.806
Mean VEN score 0.928 0.885 0.909
Mean CLIP score 0.673 0.832 0.707

Sites were Shenzhen Talent Park, a senior-centre recreational event and a campus orientation day. All
dates are in 2026; times are local. Group sessions are included in session totals. Completion is reported as
completed/initiated sessions (%). Mean image-level minimum depth is averaged across analysed images at
each site. Aesthetic scores are means for delivered photographs: Rule of Thirds (RoT), View Evaluation
Network (VEN) and CLIP-based assessment.

at the campus event. This result showed that the learned photography rules generally
guided the robot to operate at a longer distance outdoors, providing a wider field of
view than in the indoor scenes. As a supporting measure of closest approach, we took
the minimum image-level depth within each session and then the lowest session-level
value at each site. These values were 1.201 m, 0.943 m and 1.241 m, respectively, across
11, 15 and 18 analysed sessions, demonstrating that the system provided an effective
safety guarantee.

We also assessed the delivered photographs using three computational aesthetic
measures. RoT [35] measures how well the person’s face is positioned according to
the Rule of Thirds, a common photographic convention that places key subjects near
lines or intersections dividing the image into thirds. VEN [19] is a neural network that
rates whole-image composition quality and returns a normalized score between 0 and
1. The CLIP-based aesthetic score [36] uses a vision-language model to measure how
closely a photograph resembles a “good” rather than a “bad” portrait. Across sites,
mean scores ranged from 0.806 to 0.855 for RoT, 0.885 to 0.928 for VEN and 0.673
to 0.832 for CLIP. The variation in scores revealed different preferences across sites
with different participants, poses and backgrounds. Park photographs scored highest
on RoT and VEN, whereas senior-centre photographs scored highest on CLIP. These
results show that the service operated across diverse urban settings with generally
high image-composition quality.

Alongside these measurements, informal conversations provided feedback on how
participants used the service. Participants described its usefulness when their hands



were occupied, for example while holding an umbrella, or when being photographed
with companions. They also suggested better printer integration, a better camera
lens and greater control over background objects, such as a tower. Another comment
emphasized the need for voice prompts to guide posing and indicate when to change
pose. This feedback was collected informally and serves as input to service design
rather than a measure of satisfaction or acceptance.

Together, these supervised deployments documented the complete robotic-
photography workflow across three urban settings, from participant initiation and
autonomous viewpoint adjustment to image capture and on-site print delivery.

1.2 Autonomous viewpoint selection and photographic quality

We next tested whether autonomous viewpoint selection could produce usable pho-
tographic outcomes across controlled variations in pose and setting. The evaluation
comprised 12 tasks in the motion-capture laboratory, eight in untrained indoor envi-
ronments and ten in untrained outdoor environments, spanning 14 new locations.
Tasks included standing, sitting, squatting and lying poses. Each approach began
approximately 2m in front of the photographed subject and was repeated three times
per task. Quantitative values are reported as mean & 95% confidence interval across
independent tasks.

LEAP was compared with two robotic-photography approaches and a professional
photographer. BTS used manually specified geometric relationships between camera
and subject [8], whereas VS-RoT combined autonomous frontal-view navigation with
rule-based composition adjustment [12, 16]. The photographer used the same camera
height, sensor and 4-DoF movement constraints as the robot, providing a constrained
human reference rather than unrestricted professional photography. No LEAP trial
met the predefined failure criteria under the tested conditions.

Prior robotic-photography studies have mainly relied on subjective evaluation. We
therefore assessed complementary aspects of the final photographs using three compu-
tational measures and a blinded online evaluation. The computational measures were
the Rule of Thirds (RoT) [35], the View Evaluation Network (VEN) [19] and a CLIP-
based aesthetic score [36] (Fig. 3a). VS-RoT achieved the highest RoT compliance, as
expected from its explicit optimization target. LEAP achieved the second-highest RoT
score, with final subject positions varying across poses and backgrounds in a pattern
closer to the constrained photographer.

Across the 30 tasks, LEAP’s task-weighted mean VEN score was 11.9% higher
than BTS and 9.7% higher than VS-RoT. Its CLIP score was 17.0% and 19.8% higher,
respectively. VS-RoT retained the highest task-weighted mean RoT score (0.905 versus
0.843 for LEAP), showing that the learned approach did not dominate every measure.
Representative BTS outputs cropped parts of the body in non-upright poses, while VS-
RoT sometimes reached a frontal view without producing a suitable final composition
(Fig. 4). LEAP also produced composition patterns that were not explicitly encoded
as rules, including gaze room [37], which leaves negative space in the direction of the
subject’s gaze to improve balance and storytelling.

The blinded online evaluation involved 24 participants, including 17 photogra-
phy enthusiasts. They viewed anonymized photographs without method labels or



capture-order cues, and image options were randomly ordered within each question for
every participant. Ratings covered four dimensions: composition quality (Q1, “How
well is the image composition?”), subject emphasis (Q2, “How well is the main sub-
ject emphasized?”), subject—background relationship (Q3, “How well is the relation
between character and background in the image?”) and overall aesthetic impression
(Q4). Q1-Q3 used three ordered categories (good, medium and bad), whereas Q4 used
a nine-point Likert-type scale.

After weighting scene-level means by the 30 tasks, LEAP’s mean overall-aesthetic
score was 8.1% higher than BTS and 24.5% higher than VS-RoT, while remaining
12.4% below the constrained photographer. Rating distributions for composition qual-
ity and subject emphasis were also closer to the photographer than to either robotic
approach (Fig. 3b). Inter-rater agreement, assessed using Kendall’s coefficient of con-
cordance [38], was W = 0.725, 0.725 and 0.678 for Q1, Q2 and Q3, respectively. These
observations support a relative photographic-quality advantage under the study con-
ditions, without equating the online image assessment with acceptance of the physical
service.
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Fig. 3 Photographic outcomes and compositional cues. (a) Photographic outcomes across
the motion-capture laboratory and untrained indoor and outdoor environments. LEAP was compared
with BTS, VS-RoT and a constrained professional-photographer reference using RoT, VEN, CLIP
and the Q4 overall aesthetic rating. (b) Blinded participant-rating distributions for composition
quality (Q1), subject emphasis (Q2) and subject—background relationship (Q3). (¢) Comparison of the
combined compositional representation with four partial representations, reporting physical failures

and computational aesthetic scores.
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Starting frames

Fig. 4 Qualitative comparison of photographic compositions. Representative photographs
captured by LEAP, BTS, VS-RoT and a professional photographer from the same initial conditions
and under the same 4-DoF constraints. Among the robotic approaches shown, LEAP produced the
compositional style closest to that of the constrained professional photographer across subject poses
and settings. Aggregate computational and participant-rating comparisons are reported in Fig. 3. The
original questionnaire and extended comparison examples are available on the user-study website.

1.3 Compositional cues support transfer to untrained settings

Operation across unfamiliar settings requires a view representation that is less depen-
dent on clothing, lighting and background appearance. We therefore compared LEAP’s
skeletal keypoints, relative depth and foreground mask with four partial alternatives:
raw RGB images, keypoints alone, keypoints with relative depth and relative depth
with a foreground mask but without keypoints.

All partial representations produced more failures than the full representation
across the 24 tasks (Fig. 3c). Failures were most frequent in spatially constrained
laboratory and indoor settings and included collisions and incomplete framing. The
raw-image variant failed in 16 of 18 untrained outdoor trials (88.9%), indicating
sensitivity to changes in appearance and lighting.

Keypoints alone described body configuration but provided no explicit scene geom-
etry, and sometimes led to large movements, collisions or incomplete photographs.
Adding relative depth reduced this ambiguity but did not describe the full foreground
boundary. The combined representation provided the lowest observed failure rates
across the tested scene layouts.

12
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Removing keypoints from the depth-and-mask variant also increased failures and
reduced aesthetic scores in the laboratory and indoor settings. Nonlinear depth nor-
malization retained nearby spatial relations while compressing variation in distant
backgrounds. Together, these comparisons show that body configuration, relative scene
geometry and the foreground boundary contributed complementary information for
operation beyond the training environment.

1.4 Repeated observation supports recomposition and varied
framing

The controlled evaluation established transfer from the motion-capture laboratory to
eight untrained indoor and ten untrained outdoor tasks. We further examined how
repeated observation affected responses to participant movement, partial visibility and
background changes. Repeated trials from a common initial condition tested whether
the service could produce more than one framing. Figure 5 presents illustrative cases
rather than a population-level sample of dynamic encounters.

In the selected recovery cases, participant movement or proximity to an image
boundary reduced facial visibility or partially excluded the body (Fig. 5a-i,ii). LEAP
moved backwards to restore shooting distance and then recomposed the image. It
also adjusted its viewpoint after posture changes, including a transition from standing
to a deep squat (Fig. 5a-iii,iv). The expert demonstrations retained corrections after
initially unsuitable compositions, unlike Internet video datasets that tend to empha-
size successful shots without paired corrective actions [23, 28]. Repeated observation
allowed comparable corrections during physical execution.

Repeated trials produced more than one final composition from the same initial
condition (Fig. 5b). Across 24 tasks, LEAP produced a task-weighted average of 2.0
spatial composition types in three trials, varying among left, middle and right shooting
positions. This outcome is consistent with the alternative demonstrated movements
represented by conditional flow matching [32]. Within the tested conditions, LEAP
therefore transferred to unfamiliar scenes, recomposed after visual change and avoided
reducing every session to one fixed framing.

13



a Qualitative demonstrations for robustness toward dynamic changes
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Fig. 5 Illustrative closed-loop recovery, adaptation and compositional diversity. (a)
Selected physical trajectories. Rows (i) and (ii) show recovery from degraded initial viewpoints. Rows
(iii) and (iv) show recomposition after changes in subject posture, with black arrows marking the
change between robot timesteps ¢ = 2 and ¢ = 3. Muted red boxes show the final photographs cap-
tured after the predicted movement converged. (b) Repeated trials from the same initial condition
produced several spatial framing types represented in the demonstrations.
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1.5 Demonstration volume and photographer preference

We finally examined the amount and source of expert demonstrations needed to sup-
port the service (Supplementary Fig. A2). We used Dataset A and Dataset B (see data
description in Sec. 3.3) to evaluate how the learned model improved as demonstration
volume and source increased. Models trained on 20% of Dataset A failed in 26 of 36

14



laboratory trials and 13 of 18 untrained indoor trials, compared with no observed fail-
ures across 72 trials at 100%. Adding Dataset B increased task-weighted mean framing
diversity from 1.75 to 2.00 spatial types and retained the wider compositions pre-
ferred by the second photographer. These results show that the current demonstration
volume enables failure-free operational reliability, while increasing demonstration vol-
ume and diversifying its sources can further scale aesthetic performance and framing
diversity.

2 Discussion

In this work, we examined the participant-facing workflow in three supervised urban
deployments: Shenzhen Talent Park, a senior-centre recreational event and a campus
orientation day. Across 14 hours, 45 participants took part in 71 sessions, all of which
reached end-to-end completion, with generally good composition scores across sites.
We then tested the autonomous composition capabilities required to support this
service across 30 controlled photography tasks in the training laboratory and untrained
indoor and outdoor settings. No LEAP trial met the two predefined failure criteria of
collision or incomplete framing. Its task-weighted mean VEN and CLIP scores were
9.7-19.8% higher than those of two robotic-photography approaches. In a blinded
online evaluation, LEAP’s overall aesthetic score was 8.1% higher than that of BTS and
24.5% higher than that of VS-RoT. Additional controlled experiments assessed transfer
to untrained settings, closed-loop recomposition after participant or route changes
and compositional diversity across repeated trials from common initial conditions.
Further analyses identified the visual cues and demonstration data that supported
these behaviours. Together, these findings establish autonomous robotic photography
as a feasible, participant-facing creative service in urban public space.

LEAP linked autonomous viewpoint adjustment and image capture to the deliv-
ery of printed photographs, embedding camera control within an end-to-end service.
The service therefore depended not only on camera movement, but also on participant
entry, navigation around other people, successful print delivery and timely staff inter-
vention. The supervised deployments allowed these interdependent functions to be
evaluated together. Site-specific reporting captured differences in manoeuvring space,
pedestrian interactions and supervision. This context-sensitive evaluation accords with
the wider argument that autonomous urban mobility must adapt to local spatial and
social practices [39].

Robotic photography also broadens the role commonly assigned to urban robots.
Delivery, inspection and construction primarily transport objects, collect information
or alter material environments. Photography instead produces an experience and a
cultural object whose value is partly subjective. Machine participation in visual cul-
ture raises questions about how intelligent systems generate and transmit cultural
products [40]. In urban settings, art and technology can contribute to culture, iden-
tity and innovation [41]. A mobile photography service could complement tourism and
leisure by helping visitors record encounters with landmarks, waterfronts and parks. It
could also support exhibitions, performances, festivals and community events through
participant-controlled documentation. Camera position shapes how a person and place
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are represented, making robot motion part of the creative output rather than merely
a route to a destination.

A hands-free photography service can broaden participation in urban image-
making. Solo visitors can adopt more varied poses, couples can document shared
memories and groups can include every member. Active users, such as runners, can
record their experiences without repeatedly handling a device. The service is also read-
ily accessible to older adults, including those with mobility limitations, and requires
no prior photographic expertise. Delivering these benefits at scale requires accessible
interfaces and operating procedures. These should address interface height and reach,
speech and touch alternatives, interaction pace, route accessibility, affordability and
the availability of assistance. Accessibility therefore depends on the complete service
design, not only on the mobility of the platform.

Photography intensifies interaction and governance requirements because it is
directed towards people and produces identifiable images. The photographed person
participates actively, while bystanders may enter the camera field without joining the
service. Predictable, socially informed motion from the participant’s perspective can
improve comfort more effectively than movement optimized only for efficiency in the
robot’s space [42]. Legible signals should indicate when the service is active and where
the camera is directed. These design features must be paired with participant initia-
tion, affirmative consent, practical withdrawal, visible operator responsibility and clear
retention and deletion procedures. The supervised protocol provides one participant-
facing arrangement, while routine public operation will require site-specific governance
of bystanders, data access, storage and accountability.

The controlled experiments identified capabilities needed beyond the deployment
sites. Body pose, relative scene geometry and foreground extent contributed comple-
mentary information when appearance and setting changed. Across 30 photography
tasks, LEAP completed the tested movements and produced higher data-driven
quality scores than the two robotic approaches. Transfer to untrained indoor and
outdoor settings matters because participants, backgrounds and lighting cannot be
fixed in advance. Repeated observation also allowed the robot to recompose after
participant movement, posture changes and altered navigation. Finally, the system
retained alternative demonstrated viewpoints rather than reducing every session to
one predetermined framing. These results connect the learning approach to prac-
tical requirements for a photography service: adaptation to place, recovery during
interaction and variation in the creative outcome.

LEAP also has limitations that should be addressed in future work. First, sev-
eral aspects of service feasibility require broader evaluation. The deployments covered
three sites in Hong Kong and Shenzhen, used one robot configuration and were short
relative to routine operation. Human supervision remained available throughout the
participant-facing workflow, and the completeness of session-level records differed
among sites. Longer deployments should recruit participants across demographic,
cultural and mobility groups and use a common prospective protocol. They should
quantify service uptake, intervention-free completion, social comfort, accessibility,
long-term reliability and operating cost under different crowd densities, weather condi-
tions and event types. Comparisons with practical alternatives, including tripods, selfie
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sticks, companions and nearby photographers, would clarify the value of autonomy,
attention saved and willingness to reuse the service.

Second, the photographic scope remains bounded. LEAP adjusts planar posi-
tion, yaw and pitch, and bases composition mainly on body pose, relative depth
and foreground shape. It does not explicitly reason about lighting, colour, facial-
expression timing, lens choice, or camera height. Interaction is participant-initiated
rather than conversational. Richer visual and language-based preferences could expand
the supported compositions and help the robot follow individual intent. For public
deployment, improvements in signalling, consent, accessibility and predictable motion
are as important as a richer set of learned photography rules.

In conclusion, autonomous robotic photography establishes a new modality for cre-
ative and experiential urban services. LEAP realizes this vision by coupling learned
photography rules with safety-aware navigation and obstacle avoidance within a
supervised service workflow. The controlled experiments demonstrated autonomous
completion, transfer to untrained settings, closed-loop recomposition and varied fram-
ing under the tested conditions. Combined with deployment feasibility across three
distinct urban sites, these findings signal a future in which robots act as genuine
creative partners in public life.

3 Methods
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drone cinematography, grey-purple camera icons denote camera-trajectory generation for filming, and
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3.1 System overview

LEAP represents each view using skeletal keypoints, relative depth and a foreground
segmentation mask. Skeletal keypoints encode body configuration and position within
the image. Relative depth describes spatial relationships among the participant, nearby
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objects and the background, while the mask delineates the full foreground bound-
ary. This representation retains compositional structure while reducing dependence
on clothing, texture and other appearance details. Conditional flow matching (CFM)
represents alternative expert movements within a four-degree-of-freedom (4-DoF') cam-
era space. After each movement, the robot observes the participant again and can
recompose if the participant moves or changes pose, or if obstacle avoidance alters the
executed route. We curated a motion-captured expert dataset to provide the paired
visual observations and precise actions required for this closed-loop control. It con-
tains 864 synchronized trajectories and egocentric videos collected with 16 actors, 50
poses and three starting directions (Fig. 1b).

LEAP integrates learned aesthetic viewpoint selection with physical execution
through a fast—slow hierarchical architecture (Fig. 7). The high-level component
decides where the camera should move, whereas the low-level component handles state
estimation, path generation and collision avoidance. At robot timestep ¢, the system
extracts an abstract compositional observation O; from the current RGB image I;. A
high-level photography model 7(-), trained on the expert dataset D through condi-
tional flow matching (CFM), maps this observation and Gaussian noise € to an H-step
sequence of future egocentric waypoints, A; = {Az, Ay, A®, AU}, .. These way-
points represent candidate changes in planar camera position, yaw and pitch relative
to the current frame. Starting from e, the model integrates a learned vector field for
T denoising steps to recover a trajectory drawn from the demonstrated distribution
rather than a single deterministic pose.

A receding-horizon strategy links the generated trajectory to robot movement.
The I-th waypoint [A}]; is passed to a low-level motion planner P(-), which converts
the target into collision-aware velocity commands (v,w) for the wheeled-legged base
and commands for the pan—tilt camera. Executing only part of the predicted sequence
allows the system to reassess changes in subject pose, visibility and background before
committing to the remaining waypoints. The robot then acquires a new image and
predicts another trajectory. If obstacle avoidance changes the executed route, the
next observation allows the photography model to revise its target from the robot’s
actual position. This perceive—plan—act cycle continues until the model predicts near-
zero translation and rotation, when the shutter is triggered. Algorithm 1 summarizes
the complete procedure. Figure 6 situates LEAP within prior robotic-photography
research.

3.2 Robotic platform and hardware architecture

We deployed LEAP on a LimX Dynamics Tron 1 bipedal wheeled-legged robot
(Fig. 8a), following our earlier embodied photography system FotoBot [43]. The wheels
provided stable rolling for image capture, while leg articulation supported traversal of
uneven terrain. A custom top-mounted sensor suite integrated the sensing, actuation,
communication and computation required for onboard operation (Fig. 8b).

An Autolabor C1 pan—tilt monocular camera provided egocentric RGB observa-
tions. The mobile base executed planar x,y translation and coarse yaw, whereas the
camera controlled pitch and fine yaw, compensating for residual navigation error after
the base reached a waypoint. A Livox Mid-360 LiDAR provided local 3D obstacle
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Fig. 7 Data generation and closed-loop execution of LEAP. (a) Expert demonstrations
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matching model. Iterative integration produces an H-step 4-DoF trajectory. A low-level planner
executes the next waypoint, and observation and prediction repeat until the generated trajectory
converges and the shutter is released.

observations. A RealSense D435i supplied metric depth only to the two comparison
methods that required it; LEAP used monocular relative depth. Compositional fea-
ture extraction, CFM inference, state estimation and trajectory planning ran on an
NVIDIA Jetson Orin NX edge computer rated at 157 tera operations per second
(TOPS). A network switch connected all modules within the same local-area network.
Onboard computation removed dependence on off-board inference during closed-loop
control.

3.3 Expert demonstration data collection

Learning continuous photographic control requires expert motion paired with the
images that motivate each action. Joystick teleoperation can introduce constraints,
delay and jitter that alter natural camera movement. We therefore mounted a high-
resolution smartphone on a tripod at a height of 95 cm, matching the robot camera
(Fig. 8c). In a motion-capture (MoCap) laboratory, an expert photographer moved
and rotated the apparatus around human subjects while using the smartphone screen
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egocentric video. (d) Distribution of demonstrated camera pitch categories. (e) Distributions of tra-
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as a viewfinder. Twenty-one Vicon Vero cameras recorded the apparatus position (z,y)
with sub-centimetre accuracy, together with camera yaw and pitch, matching the four
controllable degrees of freedom of the robot base and pan—tilt camera. Pose labels
were synchronized with continuous 1080 x 1920 egocentric video to produce paired
observation-action trajectories. During inference, the crop ratio vy = FOV;/FOV,
aligned the fields of view of the smartphone (FOV;) and robot camera (FOVj),
preserving the demonstrated image-space composition across devices.
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The primary dataset (Dataset A) contains 864 trajectories, or approximately 1.7
hours of recorded movement. This demonstration set is markedly compact and data-
efficient relative to the 5-100 hours reported for adapting recent vision—language—
action models [44], making coverage of pose and movement modes important. Sixteen
adult actors aged 21-30 years and 158-183 cm tall performed 50 standing, sitting,
squatting and lying poses. The demonstrations were grouped by camera-pitch intent as
tilt-down, level-view and tilt-up (Fig. 8d) and approached from left, middle and right
starting orientations, with several repetitions from each direction. These repetitions
retained corrective movements and alternative routes to a final composition. A second
photographer collected Dataset B, approximately 30% the size of Dataset A, with a
preference for wider framing and longer shooting distances. Dataset B tested whether
one generative model could represent more than one demonstrated framing preference.
Trajectory-length, yaw and pitch distributions are summarized in Fig. 8e.

3.4 Compositional feature extraction and nonlinear depth
normalization

LEAP converts each RGB observation into a three-part representation that retains
posture, spatial relationships and foreground—background structure while reducing
sensitivity to lighting, clothing and texture. The representation comprises three com-
plementary cues: skeletal keypoints, a foreground mask and a relative depth map. First,
a pose detector (YOLO-pose [45]) extracts skeletal keypoints K; € R!7*3 from the
image I, encoding the image coordinates and visibility of 17 joints. These keypoints
describe body configuration and position within the frame while reducing dependence
on appearance. Second, a lightweight segmentation model (YOLO-seg [45]) produces
a binary foreground mask M; of the person, supplying explicit subject extent and
boundaries. The mask is particularly useful when limbs are close together or framing
depends on the area occupied by the whole body. Finally, a monocular depth estima-
tor (Depth Anything V2 Base [46]) predicts a non-metric depth map D;. This map
represents spatial relationships among the foreground subject, nearby obstacles and
the background.

Transfer to outdoor environments with open sky or distant landscapes was hin-
dered by relative-depth distributions that differed markedly from those in the bounded
MoCap laboratory. Standard linear normalization retains large variations in distant
background depth. We therefore apply nonlinear depth normalization to reduce this
indoor-to-outdoor distribution shift. The raw depth map is transformed using

Dy =log(AD; + 1), (1)

where A = 3, followed by min—max scaling. This transformation compresses gradients
far behind the subject while retaining relative depth changes in the region where
camera motion occurs. It consequently reduces one source of distribution shift between
the MoCap environment and the outdoor evaluation scenes.

The model input is Oy = (K, My, Dt) A three-layer multilayer perceptron (MLP)
projects the keypoints into a latent embedding. The depth map and mask are con-
catenated as image channels and encoded by a ResNet-18 backbone [47], allowing
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foreground boundaries to be interpreted together with scene structure. A final MLP
combines the keypoint and visual embeddings into the conditioning vector Cy. The fea-
ture extractors remain active during both training-data processing and deployment,
exposing the model to their bounded estimation noise. Training on these imperfect sig-
nals discourages reliance on exact detector outputs and makes the observation pipeline
consistent between recorded demonstrations and robot execution.

3.5 Generative imitation via conditional flow matching

At each timestep, the high-level photography model predicts an H-step action trajec-
tory Ay = {Az, Ay, AD, AU}, 5. The translations and rotations are expressed in the
egocentric coordinate frame of the initial waypoint, so the model learns relative cam-
era movement rather than absolute laboratory coordinates. More than one movement
can yield an acceptable composition from a similar observation. For example, a pho-
tographer may move left or right while maintaining the subject at a comparable scale.
Direct regression can average such distinct demonstrated movements into an action
that corresponds to neither mode [48]. We therefore formulate trajectory prediction
as a conditional generative problem using CFM [32].

CFM learns a vector field that transports an initial Gaussian sample € ~ N(0, )
to an expert trajectory A, conditioned on O;. Under the Optimal Transport for-
mulation [49], the interpolated action at flow time 7 € [0,1) follows the linear
path

T=TA; + (1 -7, (2)
with target vector field u(A7 | A}) = A} —e. A network parameterized by 6 is trained
offline to predict vg(A], O;) by minimizing the mean squared error (MSE) between the
predicted and target vector fields over expert trajectories, observations, noise samples
and flow times. The learned field defines a deterministic transport for each sampled e,
while repeated noise samples permit different action modes for the same observation.

The vector-field network uses a Diffusion Transformer (DiT) [50] rather than a
convolutional action decoder. The compositional embedding C; is combined with a
sinusoidal representation of 7 to condition the transformer. The interpolated noisy
action is linearly projected into query tokens and combined with a learnable positional
encoding PE(+) [51], preserving the temporal order of the H waypoints. Adaptive layer
normalization with zero initialization injects the high-dimensional condition into the
transformer blocks without a separate cross-attention module. The network returns
one four-dimensional velocity for every waypoint token.

During deployment, the flow-matching model solves the neural ordinary differential
equation from e using an explicit forward Euler solver with T steps and § = 1/T"

AT = AT 4 5vg (AT, Oy). (3)

Only waypoint [ of the resulting sequence is executed before the next observation.
Using a waypoint inside the predicted horizon filters very short action fluctuations
while retaining closed-loop correction. A session terminates when [[(Az*, Ay*)|l2 <
N, and (JA®*| + |A¥*|) < n,; both thresholds were set to 0.1 in the experiments.
Repeating the demonstrated terminal waypoint when padding trajectories supplies
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near-zero actions at completed compositions, allowing this condition to be learned
from the data rather than from a manually specified final pose.

Two data-sampling procedures support termination and multimodality. Coarse-
to-fine state sampling selects waypoints sparsely when the photographer is far from
the final composition and densely during the small corrective movements near the
end. Observation-mode alignment pairs geometrically similar starting observations
with distinct left, middle or right demonstrated trajectories, rather than treating one
direction as the only correct output. Network optimization, input degradation, shifted-
Beta flow-time sampling, architectural settings and full hyperparameters are reported
in the Supplementary Text.

3.6 Hierarchical system deployment and closed-loop execution

The learned photography model predicts compositional targets at a lower frequency,
whereas the navigation system handles state estimation and collision avoidance at
higher frequency. This separation prevents the learned model from directly producing
high-frequency joint commands and leaves geometric obstacle response to a con-
ventional local planner. FAST-LIO2 supplies LiDAR-inertial odometry [52], and a
two-dimensional local cost map is continuously updated from the LiDAR point cloud.
At 30Hz, a Dynamic Window Approach planner samples admissible velocities and
computes a collision-aware path towards the planar translation and coarse-yaw target.
Velocity commands are limited to vymax = 0.5ms™ and wmayx = 2.5rads™! and are
converted to joint torques by the locomotion controller. Coarse point-goal navigation
requires approximately 3s per predicted pose, after which the pan—tilt camera refines
pitch and yaw before the next observation or capture.

If the proposed route intersects an obstacle, the local planner modifies the
path using the cost map rather than executing the high-level waypoint exactly.
The next image then reflects the robot’s altered position, allowing the photogra-
phy model to revise its target. Thus, collision avoidance and aesthetic adjustment
remain coupled through observation even though they operate in separate control
modules. This repeated observation and correction produces the backtracking and
viewpoint-adaptation behaviours evaluated in the experiments.

3.7 Controlled photography evaluation and outcome measures

The primary controlled evaluation comprised 30 physical photography tasks: 12
in-distribution tasks in the MoCap laboratory and eight indoor and ten outdoor out-of-
distribution tasks across 14 previously untrained locations. Subjects adopted standing,
sitting, squatting and lying poses, requiring changes in camera distance, lateral posi-
tion and pitch. The indoor and outdoor scenes differed from the training laboratory
in background structure, illumination and available navigation space. An independent
set of 24 tasks (12 MoCap, six indoor and six outdoor) was used for the compositional-
feature and demonstration-volume analyses, so these mechanism studies did not reuse
the primary comparison suite.

Each method was initialized approximately 2m in front of and directly facing the
subject and was run three times per task. This standardized initialization reduced
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variation attributable to different starting positions while still requiring each method
to select its final viewpoint. Reported metrics are presented as mean + 95% confidence
interval across independent tasks. A trial was classified as a failure if the robot made
physical contact with a subject or obstacle, or if the final image omitted or substan-
tially occluded the subject’s face or upper body. Collision and incomplete shooting
were retained as separate failure types in the underlying records.

We compared LEAP with two robotic-photography approaches selected to rep-
resent geometric and rule-based control. Bipedal Toric Space (BTS) is a semi-
autonomous method that computes collision-free camera trajectories from user-
specified geometric poses [8]. We used its deterministic face-centred configuration
because the face is the coordinate origin of its target pose and because this fram-
ing represents many tracking-based photography systems. Visual Servoing with Rule
of Thirds (VS-RoT) is a two-stage autonomous pipeline [12, 16]. It first estimates a
frontal viewpoint using a depth camera, navigates to that viewpoint and then adjusts
the image according to the Rule of Thirds using a proportional-derivative controller.
We augmented frontal-view estimation with the active-perception module of Chen et
al. [53] to support varied subject orientations. A professional photographer using the
same camera height, sensor and 4-DoF movement constraints provided a human ref-
erence; this comparison represents performance under the study’s constrained action
space rather than unrestricted professional photography.

Because no single measure represents photographic preference, we used three
computational quality measures, one spatial-diversity measure and a blinded human
evaluation. The computational and spatial measures were:

1. Rule of Thirds (RoT) score. The geometric measure [35] combines the nor-
malized distance dp from the face centre F' to third-line intersections P; and the
distance dr, to third-lines L;. With p(d) = e—dz/%i’ vq¢ = 0.07 and Wpoing = 1/3,
the RoT score is defined as

SRoT = wpointp(rnjin dp(F, Pj)) +(1- wpoint)p<mjin dr(F, Lj)) . (4)

2. View Evaluation Network (VEN). This data-driven model was pretrained
on large-scale human-annotated photographic composition data using contrastive
learning [19]. It evaluates the complete image and returns a normalized score
SveN € [0, 1], providing a learned alternative to the geometric RoT measure.

3. CLIP-based aesthetic score. Following Wang et al. [36], cosine similarities $;
and sy between the photograph and the prompts “a good photo with a person”
and “a bad photo with a person” are converted using temperature v, = 0.01:

exp(sl/f)/c)
exp(s1/7c) +exp(sa/ve) (5)

Scrip =

4. Compositional diversity. Final camera poses were assigned to six spatial types
defined by shooting distance and lateral position: Far-Left, Far-Middle, Far-Right,
Close-Left, Close-Middle and Close-Right. We clustered the final poses and report
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Algorithm 1 Closed-loop photography process of LEAP
Require: RGB image I;, denoising steps T, look-ahead index [, feature extractors
{¢K,dp,dnm}, photography model 7(-), motion planner P(-) and termination
thresholds (n:,n,)
1t 0,0« 1/T
2: while True do
3. Iy < getObs()
Ki < ¢r(1t), My < ¢ (1r), Dy < ép(1t)
Dt <« O'(Dt), Ot — (KtaMtyDt)
e~N(0,I), A <€, 7«0
forn=1toT do
AT AT + 6vp( A7, Oy)
T T+06
10:  end for
1: - (Az*, Ay*, AD* AT*) [.Atl]l
12:if ||(Az*, Ay*)||2 < n and (JAD*| 4+ |AT*|) < 7, then

© ® 3> o

13: capture photograph; break
14:  else
15: move to next waypoint using planner P

16:  end if
17: t<+—t+ 1
18: end while

the mean number of distinct types produced across repeated trials from the same
initial condition. This measure captures variation in spatial composition rather
than aesthetic quality.

Blinded aesthetic evaluation. Twenty-four participants, including 17 photogra-
phy enthusiasts, evaluated anonymized images through an online website. Method
labels and capture-order cues were withheld, and image options within each question
were randomly ordered for every participant. Q1-Q3 used three ordered categories
(good, medium and bad), whereas the primary overall-aesthetic outcome, Q4, used a
nine-point Likert-type scale. Kendall’s coefficient of concordance quantified inter-rater
agreement for Q1-Q3.

Compositional-feature and demonstration-volume experiments. The full
representation and four variants (Image, Kp, Kp+Depth and Depth+Mask) were eval-
uated on the independent 24-task suite. The demonstration-volume analysis compared
five fractions of Dataset A, from 20% to 100%, and a combined Dataset A+B condition.
Each condition used one trained model and three physical rollouts per task.

In the controlled experiments, metrics were computed for all captured images,
including failed trials, so that a method did not benefit from excluding physically
unsuccessful runs. For a collision, the last frame before contact was used. VEN and
CLIP were not designed specifically for human-centred photography and can assign
non-zero scores to images that do not contain a usable portrait. Images in which
any keypoint on the face, shoulders or arms was missing were classified as incomplete
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framing and assigned a score of zero. Further baseline implementation details and the
RoT metric formulation are provided in the Supplementary Text.

3.8 Urban deployment protocol and outcome definitions

The service was deployed at a campus orientation day, at a senior-centre recreational
event and in Shenzhen Talent Park. The campus event served students and parents,
the senior-centre event served older adults, and the park served local residents and
visitors. Deployment dates, operating hours and site-level outcomes are reported in
Table 2.

For prospective recording and retrospective coding where records permit, a session
begins when a consenting participant accepts the service and the robot begins obser-
vation. It ends at photograph delivery, participant withdrawal, operator termination
or a pre-specified timeout. A group request counts as one session, and retries before
delivery remain within that session. Withdrawn, timed-out and operator-terminated
sessions remain in the denominator.

Staff recruited participants, obtained consent, initiated sessions, supervised opera-
tion and supported image transfer, printing and delivery. Photographs were printed on
site using a portable Canon SELPHY CP1500 printer. LEAP performed observation,
viewpoint generation, collision-aware movement, pan—tilt adjustment, convergence-
based termination and shutter release. Predefined staff roles were not counted as
interventions; unplanned assistance to perception, navigation, aesthetic control or
capture was counted.

Deployment exposure comprises total on-site time and autonomous operating time,
excluding setup, charging, maintenance and other unavailable periods. We report initi-
ated sessions, captured and delivered photographs, and sessions per autonomous hour
with explicit denominators. End-to-end completion requires observation, viewpoint
adjustment, capture, transfer or processing, and delivery. Intervention-free completion
additionally requires no unplanned operator assistance.

Session records retain site and timing, participation and consent status, stage-level
outcomes, interventions, failures and safety events. Unsuccessful sessions receive a
primary category of perception, navigation, aesthetic control, human interaction, hard-
ware or infrastructure, or safety termination. Safety interventions include takeover,
emergency stop or cancellation because continuation was judged unsafe; collisions are
reported separately. Recorded operating conditions include crowd density, lighting,
weather, available space, occlusion and background complexity.

3.9 Statistical analysis

For the controlled physical experiments, each method was run three times per task,
and computational metrics are reported as mean £ 95% confidence interval across
independent tasks. When scene-level means are summarized across environments, they
are weighted by the number of tasks in each environment: 12 motion-capture, eight
indoor and ten outdoor tasks in the 30-task comparison, and 12, six and six tasks,
respectively, in the 24-task compositional-feature and demonstration-volume exper-
iments. Relative differences are calculated from these task-weighted means before
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rounding. Failure outcomes are retained as counts and rates with their denominators.
The blinded evaluation reports Q4 as the scalar overall-quality outcome, Q1-Q3 as
ordinal rating distributions and Kendall’'s W as inter-rater agreement. No rating from
the urban deployments is combined with this blinded photographic-quality evaluation.

Deployment results will be summarized by site rather than pooled across incompat-
ible protocols. Rates will include raw numerators and denominators, with Wilson or
exact binomial intervals when sample sizes permit. Session duration and intervention
counts will be reported using medians and interquartile ranges when their distribu-
tions are skewed. Site and condition comparisons will be made only when definitions
and recording procedures are compatible.

3.10 Ethics, privacy, consent and data handling

Offline participation and public deployment were approved by the Human Research
Ethics Committee of the University of Hong Kong (reference EA250531). Participants
provided informed consent under the approved protocol. The online N = 24 aesthetic
evaluation was analytically separate from the deployment study.

Incidental bystander footage was restricted to documenting system operation,
and informal deployment comments were used as formative service-design observa-
tions. Recognizable participant images and supplementary footage will be reported
only where research use and publication permission are documented. Other identifi-
able material will be cropped, sufficiently anonymized or excluded. Raw recordings
containing identifiable people will not be deposited openly unless the consent and insti-
tutional data-governance conditions permit this; non-identifiable session summaries
and aggregate outcomes will be provided as source data.

Supplementary information

The Supplementary Information includes Supplementary Text, Table A1, Figures A1,
A2 and A3, Movies S1 and S2 with their captions, the ethics approval letter from the
Human Research Ethics Committee (HREC) of HKU and the informed-consent form
used for offline data collection and public-deployment interactions. The movies show
system operation, closed-loop recovery, pose adaptation and the participant-facing
deployment workflow.
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Appendix A Supplementary Text

A.1 Hyperparameters

The main text reports the training and deployment protocol at a conceptual level; this
section lists the implementation settings used in our experiments. The network was
trained using AdamW [54] with a learning rate of 10~%, 100 linear warm-up steps and
an exponential moving average (EMA) update strategy. Batch-normalization layers in
the ResNet-18 visual encoders were replaced with GroupNorm. The feature encoders
used LeakyReLU activations with layer normalization, and the Diffusion Transformer
used GELU activations. Training was performed on a single NVIDIA GeForce RTX
4090 GPU for 500 epochs with a batch size of 32. During training, depth maps and
segmentation masks were downsampled to 45 x 80, while a scale jitter with a ratio of
0.03 was applied to the depth maps, and the semantic-mask boundaries were smoothed
by morphological erosion with a kernel of size 5. Isotropic Gaussian noise N/(0,0.03%1)
was injected into normalized skeletal keypoints and depth-map background regions
with 50% probability. For flow matching, timesteps 7 € [0, 1] were sampled from a
shifted beta distribution B(7) = Beta(2=~;1.5, 1) with shift parameter s = 0.999.

S

A.2 Dataset access and privacy protection

The LEAP training dataset uses tiered access to protect participant privacy while
supporting reproducibility. The public dataset at https://doi.org/10.5281/zenodo.
21888808 contains synchronized camera and robot trajectories, calibration data, anno-
tations and dataset splits. It also includes pose tracks extracted from the original
videos and privacy-filtered videos. Original RGB videos may contain identifiable visual
information and are available only through controlled access. Requests should be sub-
mitted to changchen@connect.hku.hk and will be reviewed within ten working days.
Approved users must sign a data-use agreement prohibiting re-identification, partic-
ipant contact, redistribution and public display. The agreement also requires secure
storage and deletion after completion of the approved project. Access does not carry
an authorship requirement.
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Table A1 Key hyperparameters for model training, closed-loop deployment, and evaluation
metrics

Variable Description Value
A coefficient for nonlinear depth normalization 3
Nepoch total training epochs 500
Nayer number of transformer decoder layers 6
Nhead number of transformer attention heads 4
Nhidden hidden dimension size of the transformer decoder 256
Ddrop dropout rate of the transformer decoder 0.1
lr initial learning rate 10—4
H horizon length of predicted future actions 5
T number of flow matching timesteps during inference 5
l look-ahead index of the waypoint executed per replanning cycle 2
nt autonomous termination threshold for translation 0.1
Ny autonomous termination threshold for rotation 0.1
Y crop ratio derived from FOV; and FOV3y 0.647
Yd decay coefficient in the Rule of Thirds metric 0.07
Ye temperature parameter in the CLIP metric softmax 0.01
Vmax maximum linear velocity of low-level execution module 0.5ms—?!
Wmax maximum angular velocity of low-level execution module 2.5rads™ 1

A.3 Data processing

After dataset collection, we discarded low-quality segments and smoothed the recorded
dense trajectories. To construct training data for closed-loop model learning, we
further augmented each demonstration by extracting multiple sub-trajectories from
intermediate waypoints along the original path. Specifically, several waypoints were
selected as candidate starting poses, and for each starting pose, the remaining trajec-
tory was uniformly downsampled into a fixed-length H-step future sequence. Although
these sub-trajectories shared the same terminal target, they originated from differ-
ent spatial locations and viewpoints. Each sub-trajectory was then transformed into
the local coordinate frame of its starting pose and padded to length H by repeating
the final state. In this way, each demonstration yielded a large set of aligned H-step
training samples. In addition, we treated the endpoint of each original trajectory as
a special starting pose and assigned an all-zero future trajectory as the ground-truth
label. These processed sub-trajectories therefore represent the desired future motion
conditioned on different intermediate observations along the same demonstration.

In practice, we found that two data-processing strategies were particularly
important for enabling autonomous termination and diverse trajectory generation.

Coarse-to-fine sampling for autonomous termination: To improve the
model’s ability to recognize when the task should terminate, we adopted a nonuni-
form sampling strategy over the starting waypoints. Waypoints far from the goal were
sampled sparsely, whereas those near the endpoint were sampled more densely. This
increases the proportion of near-terminal training samples and helps the model asso-
ciate goal-like visual observations with near-zero future motion. During deployment,
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the model can therefore identify observations resembling the terminal states seen dur-
ing training and terminate autonomously. Empirically, we set the transition between
coarse and fine sampling at a distance of 1 m from the endpoint.

Observation-mode alignment for generative diversity: To encourage mul-
timodal predictions, such as approaching the subject from the left, centre or right,
the model must observe nearly identical initial visual conditions paired with distinct
future motion styles. Small errors in the starting camera pose can otherwise cause
the model to overfit to pose discrepancies rather than learn genuine multimodality.
We therefore augmented the dataset with ground-truth trajectories that originated
from nearby locations but followed different directional modes. These trajectories were
transformed into the local coordinate frame of the reference starting pose, aligning
several stylistically distinct trajectories with the same initial observation.

A.4 Model training and optimization strategies

The generative photography model was optimized to map high-dimensional visual
observations to continuous spatial action distributions. To bridge static dataset mod-
elling and dynamic closed-loop deployment, we implemented targeted architectural
and training optimizations.

Architecture and optimization protocol. The network was trained using
AdamW [54] with stabilization strategies for conditional generative models. Batch-
normalization layers in the ResNet-18 [47] visual encoders were replaced with Group-
Norm to improve stability with small visual batches and support exponential moving
average (EMA) weight updates. The feature encoders used LeakyReLU activations
with layer normalization, whereas the Diffusion Transformer used GELU activa-
tions [55]. Detailed hyperparameters, training hardware and deployment thresholds
are reported above.

Robustness through data augmentation. To reduce the perceptual domain
gap and sensitivity to noise from downstream vision detectors, we degraded inputs
during training. Depth maps and segmentation masks were downsampled to suppress
high-frequency distractors, and semantic-mask boundaries were smoothed by mor-
phological erosion. We also injected isotropic Gaussian noise into normalized skeletal
keypoints and depth-map background regions, encouraging the model to learn com-
positional structure rather than exact pixel values. The augmentation parameters are
reported above.

Shifted-beta timestep sampling for flow matching. To bias the network
towards minimizing errors in highly corrupted states, represented by lower timesteps
and noisier action samples, we used a shifted-beta sampler instead of uniform timestep
sampling. This strategy improved denoising during the initial high-variance phase of
trajectory generation; the distributional parameters are reported above.

Strategic sampling for autonomy and diversity. Training-data curation used
two sampling strategies to support autonomous termination and multimodal trajec-
tory prediction. First, coarse-to-fine state sampling sampled states distant from the
terminal viewpoint sparsely and states near it densely. This exposed the model to
near-zero-velocity actions around completed compositions and reduced reliance on an
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externally specified stopping pose. Second, observation-mode alignment paired geo-
metrically similar initial states with different expert directional modes, such as framing
the subject from the left, centre or right. The model could therefore represent several
demonstrated actions for similar observations instead of one averaged trajectory.

A.5 Conditional low-matching formulation

At robot timestep t, the target action A} is an H-step sequence of relative planar
translations and camera rotations. Conditional flow matching learns a vector field
that transports Gaussian noise € ~ A(0,I) to the expert action distribution while
conditioning on the compositional observation O;. Using the optimal-transport path,

T=7A+ (1 = 7)e, T €[0,1],

the target vector field is A} — €. A Diffusion Transformer [50] predicts vy (A7, O;) and
is optimized to match this field. At inference, explicit Euler integration with step size
d = 1/T generates the action sequence:

AT = AT 4 5vg(A7, Oy).

Only the selected look-ahead waypoint is executed before the image is observed again.
The loop terminates when the predicted translation and rotation fall below n; and 7,
respectively. Table Al reports the trajectory horizon, integration steps, look-ahead
index and termination thresholds.

A.6 Baseline implementation

For both baselines, we used a RealSense D4351 camera to provide the depth maps
needed to compute shooting poses.

Bipedal Toric Space (BTS): Following our prior work, we adapted the semi-
autonomous drone-based method [8] to single-person photography with the bipedal
robot. The YOLO-pose model detected the face centre, which was transformed from
the image plane to the camera frame P, using depth Z. and camera intrinsics K. This
3D face-centre position served as the origin for manual input. Users specified shooting
poses by distance, yaw and pitch relative to the origin, and the same low-level planner
used by LEAP generated collision-aware trajectories.

Visual Servoing with Rule of Thirds (VS-RoT): We first calculated a frontal
viewpoint using the active-perception module of Chen et al. [53]. The module detected
the frontal body plane, used its normal vector as the viewing direction and placed the
target viewpoint 2m from the plane. After the robot reached this viewpoint, image-
based visual servoing adjusted the composition according to the Rule of Thirds. A
proportional-derivative (PD) controller sent yaw and pitch angular velocities to the
pan—tilt camera, using the RoT score as feedback until the system converged. The
proportional gain K, and derivative gain K4 were 0.0015 and 0.0008, respectively.
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A.7 Metric calculation

Rule of Thirds (RoT): We provide the detailed formulation for the RoT metric used
in our evaluation. The metric relies on the normalized Manhattan distance between
two 2D image coordinates, defined as:

_ |$1—$2| + |y1 —y2|’
w h

d((z1,91), (72, 92))

where h and w denote image height and width, respectively. Let F' denote the 2D coor-
dinate of the detected face centre. Spatial deviation from the ideal RoT composition is
evaluated pointwise and linewise. The pointwise distance dp(F, P;) is the normalized
Manhattan distance between F' and the j-th standard intersection P; of the third lines.
The linewise distance dr,(F, L;) is the normalized orthogonal distance from F' to the
j-th third line L;. The composite score Sgor is a weighted sum of these components:

SRoT = Wpoint * P (m_indp(F, Pj)> + (1 — Wpoint) - <In_indL(F, Lj)) .
J J

In our experiments, the pointwise weight Wpeint Was set to 1/3, and the decay
coefficient 4 was set empirically to 0.07.

A.8 Network architecture

The complete network structure is presented in Fig. Al.
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Fig. A1 Network architecture of the learned photography model. (Left) The perception
module uses an MLP to encode skeletal keypoints and a shared ResNet-18 encoder to encode relative
depth and the segmentation mask. (Right) The generative backbone is implemented as a Diffu-
sion Transformer (DiT). Adaptive layer normalization with zero initialization (AdaLN-Zero) provides
stable conditioning. Abbreviations and symbols: Segmentation mask denotes the foreground seg-
mentation mask; PE represents learnable positional embeddings; SelfAttn denotes the self-attention
mechanism; FFN indicates the feed-forward network within each standard transformer decoder block;
and + signifies element-wise embedding addition.

{
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A.9 Demonstration volume and photographer preference

a Results of scaling effect
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Fig. A2 Effect of demonstration volume and source on the photography model. (a)
Performance of models trained with increasing fractions of Dataset A, from 20% to 100%, and a
model trained with Dataset A plus Dataset B. Outcomes across motion-capture, untrained indoor
and untrained outdoor tasks include physical failure rate, computational aesthetic scores and com-
positional diversity. (b) Representative close- and long-distance framing patterns associated with the
preferences in Datasets A and B.
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A.10 TImage gallery for experiment demonstrations

Fig. A3 Illustrative image gallery from the controlled photography evaluation. Selected
photographs captured by LEAP across indoor and outdoor tasks show variation in subject pose, body
scale and environmental context. These examples complement the aggregate results of the 30-task
evaluation.

A.11 Captions for movies

Movie S1: Real-world evaluation and closed-loop behaviours of
LEAP for autonomous human-centred photography

This video illustrates the learned photography model operating in a closed loop across
indoor and outdoor environments. The movie is organized into several segments. (0)
Motivation for the work. (1) System pipeline: Vision-to-action inference and physi-
cal camera actuation. (2) Comparative performance: LEAP, BTS, VS-RoT and the
constrained professional-photographer reference under the study conditions. (3) Recov-
ery and pose adaptation: Selected recoveries from degraded initial viewpoints and
responses to subject movement. (4) Continuous indoor execution: Sequential photog-
raphy tasks with varied subject postures and body scales. (5) Long-horizon outdoor
ezecution: Tracking and photography in a waterfront setting, including obstacle avoid-
ance and variation in framing. Together, the sequences visualize physical execution,
transfer to untrained settings, closed-loop recomposition and compositional diversity.

Movie S2: One-day deployment in Shenzhen Talent Park

Beyond the controlled evaluation, the supervised system operated for one day in Shen-
zhen Talent Park and delivered printed photographs to consenting participants. The
movie follows the participant-facing workflow from session initiation and autonomous
viewpoint adjustment to image capture and print delivery.
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