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Map2Video: Guiding Real-World-Grounded Al Video Generation

Anonymous Author(s)

Figure 1: Map2Video helps users control video generation grounded in real-world locations by combining video inpainting
with map-based annotation for character trajectory and masks and virtual camera framing on 360° street view imagery.

ABSTRACT

Al video generation lowers barriers to video creation, but existing
tools provide limited support for grounding content in real-world
locations, restricting their use in applications such as film previsual-
ization and scenario generation. In practice, users rely verbose tex-
tual descriptions or reference images using on-site photos or street
view imagery (SVI), which are cumbersome and unreliable across
shots. Our formative study with five filmmakers revealed challenges
in shot composition, character motion, and camera control when
using SVI with an image-to-video tool. We present Map2Video,
a system for guiding SVI-grounded Al video generation through
map-based character trajectory annotation and direct manipulation
of cameras and character masks defined in geodetic coordinates and
projected onto panoramic screen coordinates. In an evaluation with
twelve filmmakers, Map2Video provided stronger controllability
for both scene replication and open-ended creative exploration,
reduced cognitive effort, and improved spatial consistency across
multiple shots compared to an image-to-video baseline.
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1 INTRODUCTION

Recent advances in text- and image-to-video generation have low-
ered barriers to video creation [7, 70, 90], potentially reshaping
filmmaking practices [91] and democratizing creativity. However,
our survey with 34 Al filmmakers revealed recurring challenges in
controlling Al video generation, such as difficulties with camera
control and maintaining consistency across clips. Guided by these
reported challenges and the portfolio examples shared by filmmak-
ers, we examine how to support scenes in which creators need to
control how a subject moves through a real-world environment
and how the camera relates to that motion. Such scenarios arise
in applications such as previsualizing scenes in specific locations
before filming, prototyping scenes in public spaces that are difficult
or expensive to access directly, and creating walking or driving
shots in real-world locations.

To depict real-world locations in Al video generation, creators
often rely on reference images !, such as on-site photography or
online search results (e.g., street view imagery) 2. While such ref-
erences provide visual grounding, existing Al video generation
interfaces offer limited support for specifying where the subject
should appear, how it should move through the scene, and how the
camera should relate to that motion. Meanwhile, maps and street
view imagery provide spatial information tied to real-world loca-
tions, making them a promising foundation for specifying subject
trajectories and planning camera behavior in grounded scenes.

To further investigate this opportunity, we used experience proto-
typing to examine a map- and street view imagery-driven workflow

'Runway Gen-4 Image References Guidance
2Curious Refuge blog post on using street view imagery for Al video generation
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for grounded video creation in real-world locations. We created
a lightweight proof-of-concept pipeline that combined a minimal
map-based Street View Imagery (SVI) [5] retrieval interface with
Runway, a popular Al video generation tool, and conducted a for-
mative study with five filmmakers using this pipeline. Participants
found the workflow promising for filmmaking, but they also iden-
tified four limitations: (1) difficulty specifying shot composition
and subject placement via text prompts, (2) inconsistency in back-
grounds caused by hallucination, (3) limited control over subject
motion within the scene, and (4) lack of fine-grained control over
camera movement.

Building on these insights, we developed Map2Video, a map- and
street view imagery-driven Al video generation tool for grounded
scenes involving subject movement through real-world locations.
Map2Video supports this workflow through map-based annotation
of masks and trajectories, direct manipulation of virtual camera
framing on 360° street view imagery, and video inpainting. Inspired
by traditional filmmaking practices such as location scouting and
on-location rehearsal, Map2Video lets users refine subject place-
ment, motion, and camera behavior in context before generation,
supporting greater spatial control and continuity across shots. Our
system supports a six-step workflow: 1) Location Scouting, where
users select scenes and backgrounds directly on a map; 2) Mask
Positioning, where proxy elements are placed into the street view
scene and embedded in 3D space for later inpainting; 3) Movement
Sketching, where users draw trajectories to choreograph how ac-
tors or objects move across the scene, with synchronized updates
in the camera view; 4) Camera Walkthrough, where users refine
camera placement, panning, zoom, and rotation; 5) Prompting Scene,
where users provide natural language descriptions of characters’
appearances and actions; and 6) Video Inpainting, where the system
combines these inputs to generate the final video. We implemented
Map2Video using Unity and ComfyUI with the VACE video genera-
tion model, along with OpenStreetMap and Mapillary for map and
street view imagery.

We evaluated Map2Video with 12 filmmakers across replication
and open-ended tasks. In the replication task, Map2Video enabled
faster task completion and required fewer fine-tuning iterations
(1.2x) while achieving higher perceived controllability than an
image-to-video baseline. Across tasks, participants reported lower
cognitive effort, higher usability, greater creative controllability,
and higher perceived spatial consistency. These results suggest that
Map2Video better supports controllable, location-grounded video
authoring for subject motion and camera planning in real-world
scenes.

In summary, our main contributions are:

(1) An experience prototyping study (N = 5), informed by a sur-
vey of Al filmmaking practices (N = 34), that identified key
challenges and interaction needs for grounded video creation
in real-world scenes, particularly around subject movement
and camera control.

(2) The concept of map- and street view imagery-driven Al video
generation for controllable subject movement and camera plan-
ning in grounded scenes.

(3) Map2Video, an interactive authoring tool that supports a six-
step workflow by integrating video inpainting with map-based

Anon.

annotation of subject trajectories and masks, and virtual cam-
era framing.

(4) A user evaluation (N = 12) comparing our system to an image-
to-video baseline, demonstrating higher controllability, lower
cognitive effort, higher perceived spatial consistency across
both tasks, and fewer iterations in the replication task.

2 RELATED WORKS

2.1 Generative Video and Grounding

Recent text-to-video models [7, 21, 66, 70] have lowered the barrier
to video production and influenced emerging filmmaking prac-
tices [1, 27, 91]. Prior work has sought to improve controllability
through structured conditions such as motion trajectories, camera
parameters, and scene layouts. Direct-a-Video [88] and MotionC-
trl [83] provide more explicit control over motion and camera behav-
ior. Model- and pipeline-level approaches such as Consisti2V [64],
SynCamMaster [2], and VideoCrafter2 [13] improve visual consis-
tency, including temporal stability and identity preservation. Ap-
proaches such as AnimateAnyone [32] and VACE [38] further sup-
port fine-grained control through pose sequences and segmentation
masks. Commercial tools such as Higgsfield Cinema Studio [31] ex-
tend this direction by enabling camera rig and lens-level control
in 3D environments. However, these approaches mainly focus on
control within generated or virtual environments rather than on
authoring videos grounded in real-world locations.

Meanwhile, recent work has explored using real-world spatial
data for grounded video generation. Streetscapes [22] uses map
layouts to generate long-range street view videos, StreetCrafter [86]
leverages LiDAR-based geometric signals for camera control, and
DreamDrive [58] generates 4D driving scenes from street view
imagery. Seoul World Model [68] grounds video world simulation in
a city through retrieval-augmented conditioning on nearby street
view imagery. These works show that real-world spatial data can
serve as useful foundations for grounded video generation with
controllable motion and camera behavior.

Our work examines how user interaction with real-world spatial
data can guide grounded video authoring, particularly for subject
movement and camera planning. We connect maps and street view
imagery with video diffusion models such as VACE [38] to support
iterative authoring through subject placement, trajectory specifica-
tion, and virtual camera control.

2.2 Video Authoring Interfaces

A large body of HCI research supports video editing and authoring
through analysis, search, and, more recently, LLM-based interac-
tion 33, 45, 59, 71, 76]. Transcript- and signal-driven editors, such
as B-Script [33], AVScript [35], GAZED [59], RubySlippers [12], and
Computational Video Editing [44], support trimming, B-roll inser-
tion, and navigation of existing footage. QuickCut [72] further uses
time-aligned transcripts and annotations to match narration with
relevant footage segments. Recent systems incorporate LLMs into
editing workflows. ExpressEdit [71], LAVE [76], EditDuet [67], From
Shots to Stories [52], and VideoDiff [34] support planning, editing,
and refinement. These systems improve work on existing footage,
but do not focus on authoring generated video content.
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Another line of work supports video authoring from existing me-

dia, text, and other structured sources [3, 42, 53, 73, 75]. Videogenic [53],

Lotus [3], ReelFramer [80], and PodReels [81] transform source me-
dia into highlight, summary, news, and podcast teaser videos. Vid-
STR [87], VideoMap [54], and VIVA [65] support retargeting, ex-
ploration, and annotation, while Surch [41], SceneSkim [61], and
SwapVid [60] support structural search and navigation. Other work
also explores authoring from text and other structured sources:
Write-A-Video [79], Crosscast [85], and Crosspower [84] use text,
transcripts, or linguistic structure as high-level inputs, while other
systems generate videos from scripts [46], documents [17], web
pages [19], or other media [18]. These approaches support video
authoring, but mainly rely on retrieval, transformation, predefined
mappings, or composition from source material.

Recent work also explores human-Al co-creation and generative
tools for video authoring. VideOrigami [10] and Doki [57] support
structured authoring workflows through representations such as
timelines, canvases, narrative structures, and text-based authoring
views. Other systems also explore generative media creation in
adjacent domains, including music video production (e.g., Gener-
ative Disco [56], MVPrompt [48]) and animation (e.g., Katika [36],
LogoMotion [55], MapStory [26]). In parallel, DreamCinema [14]
and CineVerse [62] explore cinematic generation and multi-shot
coherence as generative authoring systems.

Our work also treats generated video itself as an authoring target,
rather than focusing on editing, repurposing, or assembling exist-
ing media. We contribute an interactive workflow for iteratively
shaping grounded scenes before video generation.

2.3 Previsualization and Map-Based Storytelling

To support filmmaking, HCI research has explored previsualiza-
tion (previs) tools for composition and storytelling. For instance,
CollageVis [39] prototypes rapid preview through video collages;
CinemAssist [29, 30] provides real-time composition guidance; Cine-
Al [25] generates director-style cutscenes; and CinePreGen [15]
adapts image generation for previs on virtual 3D stages. Other
pipelines, such as MovieFactory [94], Script2Screen [82], and ASAP [40]
advance script-to-previs workflows with controllable cameras and
virtual actors. These systems support cinematic planning and pre-
view, but primarily rely on previews, virtual stages, or pre-authored
assets rather than real-world visual data.

Our system also draws inspiration from location-grounded and
map-centric storytelling tools. Mobile and AR systems such as
Story-Driven [4], Dynamic Theater [43], and Location-Aware Adap-
tation [49] synchronize narratives with locations, while other tools
choreograph camera movement within geographic visualizations [49,
51, 69]. For animated cartography and spatial explanation, Map-
Story [26] demonstrates LLM-agent-driven map animations. Related
work also spans embodied data narratives [37] and spatial naviga-
tion of 360°media [47]. Engine-based geospatial workflows such as
Cesium [11] also make 3D data accessible in creative tools.

Map2Video supports location-based video authoring with maps
and street view imagery. Rather than using these media only for
planning or navigation, our system uses them directly as authoring
materials in Al filmmaking workflows.

UIST "26, November 2-5, 2026, Michigan, USA

3 FORMATIVE STUDY
3.1 SVI-Driven Al Video Generation

Building on trends identified in the literature [91], we conducted a
preliminary survey with 34 filmmakers to understand challenges
in Al-assisted video creation (Appendix Section 7). The survey
revealed recurring difficulties in controlling generated videos, in-
cluding challenges related to composition and camera movement,
prompt adherence, continuity across shots, and spatial context.

These findings motivated us to explore street view imagery-
driven Al video generation as a possible direction for more control-
lable, spatially grounded video authoring. In this approach, street-
level panorama images (e.g., Google Street View, Mapillary) and
map annotations serve as spatial references for video diffusion mod-
els (Figure 1). This direction offers three potential benefits. First,
it may enable more controllable subject movement and camera
planning through a familiar street view imagery interface, reducing
prompt tinkering and aligning with directors’ mental models of
location scouting, blocking, and rehearsal. While similar to previ-
sualization, it can directly generate video outputs. Second, it may
support shot-to-shot spatial continuity by preserving scene geom-
etry (e.g., streets, facades, and vanishing lines) across sequential
shots. Third, it aligns with current filmmaking practices. In our
survey, several participants described relying on real locations, ref-
erence imagery, or virtual scouting materials during pre-production,
suggesting a lower learning curve.

This approach also has several limitations. One is indoor cover-
age. Because street view imagery typically does not cover building
interiors, our current approach is mainly limited to outdoor scenes.
For location-dependent indoor shots, creators could instead man-
ually capture and reconstruct 3D environments using techniques
such as 4D Gaussian splatting or NeRF, then use those captures as
spatial references in a similar way. Another limitation is smooth
lateral motion between panorama viewpoints. Since current street-
level panorama imagery provides only discrete viewpoints, it is
less suited for generating smooth sideways parallax. Although our
system does not address this, prior work such as Streetscapes [22]
suggests a possible direction by generating long-range, consistent
street-view videos with autoregressive video diffusion, which could
enable smoother transitions across viewpoints.

3.2 Experience Prototyping

To explore how a SVI-driven workflow could support more control-
lable and spatially grounded video authoring, we used experience
prototyping [8] to examine how practitioners imagine, adapt to,
or resist such a workflow. We built a lightweight proof-of-concept
pipeline for SVI-driven Al video generation and placed it directly in
filmmakers’ hands [8, 9]. By simulating the end-to-end experience
of location scouting, selecting panoramas, and generating Al videos,
we observed the kinds of interactions they desired.

3.2.1  Proof-of-concept Pipeline.

(1) Map and Street View Imagery Exploration: a map-based
street view imagery search tool ® (OpenStreetMap + Mapillary)
allows users to browse 360° panoramas, set yaw and pitch, and
save viewpoints as reference backgrounds.

3https://map2streetview.vercel.app/
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(2) Video Generation with Reference Images: participants
upload the saved backgrounds to a popular Al video tool (Run-
way %), add a character reference image, and write prompts
for actions and camera motions such as pan, tilt, and dolly.

We intentionally kept the prototype minimal and manually trans-
lated between tools, similar to how practitioners currently work.

3.2.2  Participants. We recruited 5 of 34 survey participants (1 fe-
male, 4 male) who had mentioned challenges related to “spatial,”
‘environments,” or “geography” in their responses, to gather deeper
insights into their experiences and strategies for managing spatial
context in Al-assisted filmmaking. All participants had prior expe-
rience in both traditional filmmaking (M = 10.8, SD = 11.5 years)
and Al-assisted filmmaking (M = 10.2, SD = 2.5 months).

1. Street View Image Refrieval

Figure 2: Proof-of-concept pipeline of SVI-driven AI video
generation: @ SVI search, (b) Al video generation (Runway)

3.2.3  Protocol. The study included two parts: 1) a semi-structured
interview about challenges in spatially grounded Al video creation,
and 2) an exploratory experience prototyping session using the
proof-of-concept pipeline. During prototyping, participants shared
their screens and thought aloud while creating 3-5 videos within
a single location. They searched for candidate locations, selected
360° panoramas, saved viewpoints as reference backgrounds, and
used them in Runway to generate videos (Figure 2).

Figure 3: Challenges in spatially grounded video generation.

3.24 Challenges and Desired Interactions. Overall, participants
responded positively to the SVI-driven workflow, noting that vir-
tual exploration of candidate locations helped them reason more
concretely about scene layout and camera setup (see Appendix Fig-
ure 17 for an example participant-created sequence). Despite these
benefits, participants described recurring challenges in controlling
generated videos within this workflow (Figure 3).

4https://app.runwayml.com/

Anon.

Placing Characters in Space. Specifying where a character should

appear via text prompts proved unreliable across models (Figure 3.(@)).

» <

Participants tried screen-direction terms (e.g., “screen left,” “fore-
ground”; P5) or alignment with reference footage (P3), yet outcomes
varied, forcing trial and error and compromising framing (P1, P4,
P5). They preferred to place characters directly on a map or within
the frame, visually anchoring position and depth so that intent was
unambiguous and more consistent across models (P5).

Directing Character Motion. Controlling character motion was
also limited (Figure 3.(0)). Participants aligned the last frame of
one clip with the first of the next (P1) or trimmed away erratic
movement and physical violations (P3, P5). They envisioned path-
based control, such as sketching trajectories and key poses on the
map or in the frame, so the system could generate transitions that
preserved intended spatial relationships across shots (P1, P2, P5).

Exploring Camera Movement. Camera motion often collapsed
to generic angles despite reference images and detailed prompts (P1,
P5) (Figure 3.(©). Participants generated many takes and curated
usable clips. Some maintained prompt libraries (P3), while others
preferred tools that parsed cinematographic terms more effectively
(P5). They wanted free navigation within 360° panoramas and the
ability to set multiple camera positions on a map to preview pans,
tilts, and dollies before committing to generation (P2, P3, P5).

Preserving Background Continuity. While the SVI-driven work-
flow helped maintain background continuity, participants still ob-
served inconsistencies across multi-shot sequences, such as halluci-
nated or shifting props (P5), uneven environmental effects (P5), and
disappearing or altered details (P2, P3) (Figure 3.(d)). Workarounds
included choosing simple backgrounds, using shallow depth of
field, and hiding cuts with close-ups (P2, P4, P5). They envisioned
selective editing or automatic continuity auditing that could flag
inter-shot background differences for correction (P2, P5).

Key Takeaway. Across these themes, participants converged on
the need for more directly controllable interfaces for grounded
video authoring, particularly for subject placement, motion path
sketching, and camera preview in map and panorama views.

4 MAP2VIDEO SYSTEM

Figure 4: Map2Video interface: @ Map Panel, () SVI Panel,
(© Timeline Panel, @ Prompt Panel, (€ Render Queue Panel,
(® Reference Image Window, and g Video Player Window.

Based on the formative study, we developed Map2Video, a map-
based authoring tool for SVI-grounded video generation. Map2Video
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uses street view imagery to support direct control over subject
placement, subject motion, and camera behavior before rendering.

4.1 System Walkthrough

As shown in Figure 5, Map2Video combines map-based planning
and video inpainting through six steps.

Step 1. Location Scouting: Users first choose a location in the
Map Panel (Figure 4(@) and select a street view image as the scene
background. The SVI Panel (Figure 4(b)) previews the selected view
and allows users to adjust framing, such as view angle and field of
view, while keeping the shot grounded in the chosen location.

Step 2. Mask Positioning: Users place a green mask, which serves
as an subject proxy, in the Map Panel (Figure 4@). The system
projects this proxy into the SVI Panel (Figure 4(®) as a 2D card
anchored to the scene. This lets users determine where a subject
should appear in the grounded environment before generation.

Step 3. Movement Sketching: Users sketch the movement path
of the mask in the Map Panel (Figure 4@@)), and the corresponding
motion is synchronized in the SVI Panel (Figure 4(B)). This allows
them to specify how the subject moves through the scene while
previewing the motion in context.

Step 4. Camera Walkthrough: Users define placement and mo-
tion of the camera in the SVI Panel (Figure 4(B)), including transla-
tion, rotation, and zoom. The Timeline Panel (Figure 4(0)) synchro-
nizes subject motion and camera actions over time, allowing users
to preview and refine shot structure in relation to the scene.

Step 5. Scene Prompt: Once users are satisfied with the spatial
setup, motion, and camera plan, they describe the target subject
or event in the Prompt Panel (Figure 4(d)) and submit the shot
to the Render Queue (Figure 4(©)). Users can optionally provide a
reference image in the Reference Image Window (Figure 4(D) to
guide subject appearance across iterations or shots. Otherwise, the
system generates the subject from the prompt.

Step 6. Video Inpainting: Finally, the system generates the video
by inpainting only the masked region based on the specified scene,
motion, camera, and prompt. This supports iterative refinement of
the subject while preserving the surrounding scene. Outputs can
be reviewed in the Video Player (Figure 4(g)).

Users can adjust mask scale to create a range of grounded scene
elements, including realistic characters, environmental events such
as fire, surreal elements such as flying jellyfish, and multiple entities
such as a crowd (Figure 6). The system also supports multiple masks,
which are processed sequentially and increase generation time
(Figure 7).

4.2 Implementation

As shown in Figure 8, Map2Video is implemented with Unity as
the frontend and ComfyUI, an open-source node-based interface
for diffusion models, as the backend. The ComfyUI workflow runs
on a remote server equipped with an NVIDIA H100 NVL GPU.
Based on user interaction in Unity, ComfyUI takes four inputs
to generate the video: (1) a background video, consisting of a
street view imagery sequence with camera movement; (2) a mask

UIST "26, November 2-5, 2026, Michigan, USA

video, defining a geographically fixed mask position and move-
ment aligned with the camera work; (3) text prompts describing the
intended scene; and (4) an optional reference image, which users
can upload or generate to guide the masked content. ComfyUI
then upscale the background video and inpaints only the masked
region. Each sequence is limited to five seconds by the Wan2.1
model [74], and longer videos can be created by stitching multiple
clips together [50].

Map Interaction and Mask Placement. We use OpenStreetMap for
the map and Mapillary for street view imagery. To place a subject
in the panoramic view, we project the subject’s map coordinates
into the camera view. We approximate the local area with a tangent
plane (East-North-Up) centered at the camera, compute the sub-
ject’s relative azimuth and elevation, and map these angles to pixel
coordinates with a pinhole camera model. This projection keeps
masks spatially anchored to the subject and the user-selected cam-
era. Details are provided in Appendix Table 4 for reproducibility.

4.2.1 Video Inpainting Workflow. Our video inpainting workflow
builds on the default VACE pipeline in the ComfyUI documenta-
tion 3 and adds nodes for street-view-based video authoring. VACE
is a unified video foundation model for text-to-video, image-to-
video, and masked video-to-video tasks. It builts on the Wan2.1 and
integrates reference and mask inputs through a video condition
unit and context adapter, enabling flexible video generation [38].

Pre-processing. To address the low resolution of 360° Mapillary
imagery, we use SeedVR [78] to upscale low-resolution 360° Mapil-
lary imagery. The enhanced background is then combined with an
inverted mask and fed into the inpainting module.

Encoder. We use umt5-xx1 fp8 e4m3fn scaled (wan type) to
encode text prompts into conditioning vectors for diffusion. We
then use the Wan 2.1 VAE to encode frames into latent space and
decode them back into RGB frames, reducing computation.

Video Inpainting. Inpainting is handled by the Wan VACE To
Video node. The upscaled background with an inverted alpha mask
constrains edits to masked regions while preserving the grounded
background and camera motion. We use Wan2.1 VACE 14B fp16
(weights dtype: fp8 e4m3fn fast) for diffusion model.

We also use two LoRA modules: CausVid [89] to accelerate con-
vergence and LightX2V [20] to improve temporal stability. In our
environment, the workflow takes about 50 seconds to load the
model, around 3 minutes to sample a 5-second 1280X720 video at
16 fps, and another 40 seconds to render and download the video
from the server.

Although optional, a reference image helps maintain subject
appearance. Users can upload or generate one in the reference image
window (Figure 4.(D). If a user chooses to generate a character
instead of uploading a subject image, we run a lightweight workflow
using the Unet Loader with a GGUF-formatted model (Wan2.1 14B
VACE Q4 K M.gguf). We also apply the Wan14B Realism Boost
T2V LoRA so the generated character better matches real-world
street view imagery.

Shttps://docs.comfy.org/tutorials/video/wan/vace/
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Step4: Camera Walkthrough
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Step3: Movement Sketching
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“The video shows a woman crossing the crosswalk. She is wearing a red coat, blue jeans, white shoes, and carrying a small brown handbag..."

Step6: Video Inpainting

A

Figure 5: Map2Video system walkthrough.

Sampling and Decoding Strategy. For inference, we use the
Model Sampling SD3 [23] scheduler followed by KSampler in
ComfyUL The SD3 shift parameter (set to 5) balances coarse struc-
ture and detail. KSampler runs six steps (guidance scale 1, uni_pc,
simple scheduler, strength 1), prioritizing fast generation while
maintaining background fidelity.

5 USER EVALUATION

We evaluated Map2Video with 12 filmmakers to examine whether
it provides greater control than an image-to-video baseline over
subject placement, subject motion, and camera behavior in SVI-
grounded video generation.

5.1 Method

We used a within-subjects design in which participants completed
two video authoring tasks using both Map2Video and an image-to-
video baseline.

5.1.1 Participants. We recruited 12 participants (ages 20-46; M =
28.00, SD = 7.47; 5 female, 7 male), all with experience in traditional
filmmaking. Their filmmaking experience ranged from 1-12 years
(M =5.38, SD =3.18). All had prior experience with Al video tools.

The video shows a cyclist rides fast.
A cyclist speeds toward a fraffic light.

The video shows car on fire and windows on fire [..]
realistic simulation.

The video shows a desperate crowd running toward the camera,
terrified faces twisted in panic. [...]

Figure 6: Various inpainted subjects created with or without
reference images, such as a cyclist, jellyfish, fire, and a crowd.

6

Five reported using them actively in their own work, while the
others had used them more casually for experimentation.

5.1.2 Conditions. We compared Map2Video with an image-to-
video baseline to evaluate our interaction designs. To control for
model differences, we implemented the baseline as a standard image-
to-video workflow using the same underlying models.

Figure 9: Baseline interface: @ Map Panel, (b) Street View
Imagery Panel, (© Image Prompt Panel, @ Video Prompt
Panel, (€ Image Render Queue Panel, and () Video Render
Queue Panel

(1) Baseline (Figure 9): An image-to-video (I2V) tool with map-
based street view retrieval. Participants selected a background
and subject image to create a composite reference image for
video generation. We added automatic retrieval to avoid manual
download and upload.

(2) Map2Video (Figure 4): A map-to-video (M2V) tool with ed-
itable masks and camera control. Participants placed masks on
the map, animated them by drawing trajectories, and specified
camera motion with timeline keyframes.

This comparison isolates the effects of mask placement, motion
authoring, and camera control. Both conditions used the same Unity
frontend, ComfyUI backend, Flux1 Kontext [24] for reference image
synthesis, and Wan2.1 VACE [38] for video generation.

5.1.3 Task. Participants completed two video authoring tasks in
both conditions:
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Figure 7: Multi-mask inpainting process. @ original image, (b) mas
@ character composition.
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ked image, (©) pedestrian removal and background upscaling,

BACKEND (ComfyUl)

VIDEO INPAINTING SAMPLING & DECODING

Diffusion Model
(Wan 2. VACE)

Sampling Scheduler
(ModelSamplingSD3)

OUTPUT

Generated Video

Low-Rank Adaptations (LoRAs)
Modules (CausVid, LightX2V)

KSampler

steps: 6
Wan VACE to Video cfg: |
sampler: uni_pc

positive

scheduler: simple
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| control video
[——e control masks '.

Contrastive Language—Image Pretraining (CLIP)

Image (optional)

Variational Auto-Encoder (VAE)

reference image

strength: 1

Figure 8: Map2Video system architecture.

(1) Replication Task: We filmed three target street shots: (1) a
car arriving with a static camera, (2) a character crossing the
street with a right-to-left pan, and (3) a character walking away
as the camera zoomed out and tilted upward. The shots were
inspired by scenes from Breakfast at Tiffany’s, Vanilla Sky, and
Baby Driver, but recreated due to limited Mapillary coverage
at the original locations.

(2) Open-Ended Task: Participants created three clips in one
location selected from ten candidates with high-quality Mapil-
lary imagery. They could choose any theme, but were asked to
maintain spatial continuity across shots. To limit study time,
we allowed only one mask.

Shot 1. Car arrives — static camera.

. Person crosses crosswalk — pan right to left.
& 1

T

Figure 10: Replication task material

5.1.4  Procedure. After an introduction and demographics, partici-
pants received a brief walkthrough of each system and completed
both tasks in both conditions, with system order counterbalanced.
After each condition, they completed questionnaires and a short
semi-structured interview. Sessions lasted 90-120 minutes, and
participants were compensated 25 USD/hour (75-100 USD total).

5.1.5 Measurement. For each condition, we recorded task comple-
tion time and number of iterations, and collected workload (NASA-
TLX) [28], usability (SUS) [6], creativity support (CSI) [16], and
custom questionnaires. Participants self-rated task performance in
the replication and open-ended tasks, and evaluated outputs on
7-point Likert scales for (1) spatial consistency, (2) intent align-
ment, (3) creative controllability, (4) ease of iteration, (5) visual
quality, and (6) overall experience (Appendix Table 5). They also
rated Map2Video-specific features on 7-point Likert scales: (1) map-
based blocking, (2) trajectory design, (3) map-based camera setup,
(4) framing preview, and (5) workflow adoption (Appendix Table 6).

5.2 Results

Overall, Map2Video gave participants greater control over subject
placement, motion, and camera behavior in SVI-grounded video
generation than the baseline. Appendix Figure 18 shows that partic-
ipants also produced diverse videos with Map2Video in the open-
ended task.
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Factor Map2Video Baseline Count
Exploration 16.08 (2.61)  9.25 (6.08) 2.41
Enjoyment 16.17 (2.41)  8.33(5.35) 1.75
Expressiveness 15.08 (3.26)  10.33 (6.24) 2.00
Results Worth Effort 14.92 (2.61)  8.67 (6.31) 2.25
Immersion 14.17 (3.93)  7.42(4.78) 1.58
Weighted Sum (CSI) 76.65 44.42 -

Table 1: Creative Support Index (CSI) Questionnaire Result.
CSI factors (N=12) by interface with averages (SD), factor
counts, and weighted sum at the bottom.

Q1: Spatial Consistency * Q2: Intent Alignment *
0 4

Map2video 0% Map2video 0% 8% &/
Baseline 25% 7% Bl 5% Baseline 75% [N 8% 17%
Q3: Creative Controllability * Q4: Ease of Iteration *
Map2video 0% 8% - Map2video 0% % | 3
Baseline 75% [N 17%. 8% Baseline 67% [ | sl 25%
Q5: Quality of Output * Q6: Overall Experience *
Map2video 17% 0% W s3% Map2video 0% 0% I
Baseline 25% B 3E% 2% Baseline 42% [ | 17% | | 41%

mim2 3 4-5mom7

Figure 11: Custom Questionnaire Result

5.2.1 Controllability and Authoring Outcomes.

Map2Video made grounded subject and camera control more

reliable. Creative controllability was significantly higher for Map2Video

(M =5.92, SD = 0.90) than for the baseline (M = 2.50, SD = 1.38),
t(11) = 6.46, p < .001™** (Figure 11). This pattern was also reflected
in participants’ self-evaluations. In the replication task, ratings
were significantly higher for Map2Video (M = 6.00, SD = 1.13)
than for the baseline (M = 2.91, SD = 1.78; Welch’s t(18.6) = —5.08,
p < .001%**). In the open-ended task, ratings were again higher for
Map2Video (M = 4.64,SD = 1.23vs. M = 3.46,SD = 2.06), although
the difference was not significant (¢(17.9) = —1.71, p = .105).

The baseline was easy to use, but hard to direct. In the replica-
tion task, many participants failed to reproduce intended composi-
tions within the time limit and proceeded with imperfect references.
They often had to regenerate images multiple times, yet still strug-
gled to match subject scale, position, and motion (Figure 12). Even
with detailed prompts specifying framing and camerawork, such
as zoom or tilt, outputs frequently defaulted to centered subjects
with minimal motion. This was consistent with our formative study
(Section 3.2), in which filmmakers similarly described difficulty con-
trolling composition and motion through prompt-based workflows.

Anon.

Shot 1: Car scale mismatch; unintended camera motion in static shot
ok g i . - s 1
N

Shot 2: Subject position/motion error; missing camera movement

Figure 12: Baseline failure cases in the replication task

Fine-grained motion and mask control remained difficult.
In the open-ended task, Map2Video improved overall composition
control, but limitations remained in finer-grained motion and mask
specification. Compounded masked motions, such as “a squid rolls
and explodes” or “a man does a somersault,” as well as vertical
motion such as jumping, were difficult to generate reliably. Two
participants (P10, P12) also produced incomplete or oversized sub-
jects because of mask scaling issues, such as a bicycle without a
person or a giant human (Figure 13). Control limitations also per-
sisted in the baseline during Task 2, where grounded composition
and motion remained difficult to direct precisely. These results sug-
gest that Map2Video shifted the main challenge from coarse scene
specification to finer-grained motion and mask control.

Challenge 3: Defining an appropriate mask size

Figure 13: Map2Video failure cases in the open-ended task.
Green-highlighted parts are the user-defined mask.

5.2.2 Efficiency, Workload, and Usability.

Map2Video reduced trial and error. In Task 1, Map2Video was
significantly faster than the baseline (20.42+7.48 min vs. 24.65+8.14
min; Table 2). In the baseline, participants repeatedly generated
images to obtain an acceptable reference, whereas Map2Video
shifted effort toward layout planning and camera framing. Because
video iteration counts were similar in Task 1 (baseline: 3.66+1.06;
Map2Video: 3.67+1.50), the efficiency gain appears to come mainly
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Task Item Baseline Map2Video
Task 1 Duration (min) 24.65 (+8.14)  20.42 (+7.48)
Iteration (image) 8.93 (+3.82) NA

Iteration (video)  3.66 (£1.06)  3.67 (+1.50)
Task 2 Duration (min) 23.33 (£8.20)  23.60 (£6.79)

ITteration (image) 5.62 (£2.27) NA

Iteration (video)  3.68 (+1.33)  5.75 (+4.13)°

Table 2: Task duration and iterations (paired t-test, p<.05).

from reducing image-level trial and error rather than video refine-
ment. In Task 2, completion time was similar across conditions,
but video iterations were higher for Map2Video (5.75+4.13) than
for the baseline (3.68+1.33) . This pattern suggests that, even af-
ter scene layout and camera setup were established, fine-grained
motion within the masked region still required additional iteration.

Controllability mattered more than interface simplicity. On
NASA-TLX, the baseline imposed significantly higher mental de-
mand (¢(11) = —4.01, p = .002**), effort (t(11) = —4.24, p = .001**),
and frustration (£(11) = —-4.89, p < .001***) (Figure 14). They
also reported better performance with Map2Video (¢(11) = —5.27,
p < .001"*). Map2Video received a SUS score of 83.12 (SD = 10.43,
Excellent), while the baseline received 51.25 (SD = 22.09, Poor) (Fig-
ure 15). Despite the baseline’s simpler interface, participants rated
it lower because its outputs were inconsistent and unpredictable
(W =0, p =.008").

Q1: Mental Demand * Q2: Physical Demand *

Map2video 67% 24% 8% Map2video 92%] 8% 0%
Baseline 17% 16%. B 7% Baseline 58% 25% 'l 17%
Q3: Temporal Demand Q4: Performance *
Map2video 83% 17% 0% Map2video 75% 17% 8%
Baseline 67% 17% 16% Baseline 25% 8% | G
Q5: Effort * Q6: Frustration Level *
Map2video 75% 17% 8% Map2video 929 8% 0%
Baseline 25% 17%. ] 58% Baseline 25% 0% s

mOm1m2mw3 4 5 6w7msmOomlo

Figure 14: Task Load Questionnaire Result (NASA-TLX). The
performance scale is opposite.

Q1: Use frequently * Q2: Unnecessarily complex

Map2video 9% 8% | :EO Map2video 92 IINNNEGEGNG 8% 0%
Baseline 50% I 3% 17% Baseline 67% | ] 8% MW 25%
Q3: Easy to use * Q4: Need technical support *
Map2video 17% o% I 53% Map2video 2GIIN 8% 0%
Baseline 50% [ | 8% [N 42% Baseline 58% | ] 17% 25%
Q5: Functions well integrated * Q6: Too much inconsistency *
Map2video 0% 0% Map2video 92NN 8% 0%
Baseline 33% 29% | 42% Baseline 33% B 2% I 2%
Q7: Learn quickly * Q8: Cumbersome to use *
Map2video 0% 8% I Map2video 100ZGNINNN 0% 0%

Baseline 33% 8% | ] 59% Baseline 33%

s [ ] 59%
Q9: Confident using *
Map2video 0% 17% | =43

Q10: Learn many things first
Map2video 67% | ] 33% 0%

| EEE 3%

=1 2 3 4ms

Baseline 34% Baseline 50% . % 33%

Figure 15: System Usability Questionnaire Result (SUS)

5.2.3 Creative Support and Output Perception.

UIST "26, November 2-5, 2026, Michigan, USA

Map2Video made creative exploration feel more worthwhile.
Following prior work [16], we computed a 5-factor weighted CSI by
omitting the collaboration factor for our single-user workflow. As
shown in Table 1, Map2Video received a higher weighted CSI score
than the baseline (76.65 vs. 44.42) and was rated higher across all
factors. In particular, higher scores in Exploration and Results-
Worth-Effort indicate that participants found Map2Video more
useful for trying different ideas and producing rewarding outcomes.

Greater control improved satisfaction and spatial consis-
tency. Overall satisfaction was higher for Map2Video than for the
baseline (M = 6.50, SD = 0.67 vs. M = 3.92, SD = 1.78), t(11) =
4.24, p < .001™* (Figure 11). Participants also rated Map2Video as
better at maintaining spatial consistency across sequential clips.
As shown in Figure 12, baseline outputs often regenerated entire
backgrounds when users described camera changes or referred to
SVI objects such as bus stops, buildings, cars, or trees, whereas
Map2Video modified only masked regions. Accordingly, all par-
ticipants gave Map2Video the maximum spatial consistency rat-
ing, while the baseline received a lower mean rating (M = 4.42,
SD = 2.11), t(11) = 4.24, p < .001***.

Low-quality street view images and sparse viewpoints lim-
ited output quality and camera setup. Although Map2Video re-
ceived significantly higher output quality ratings than the baseline
(Figure 11), its mean rating remained modest (M = 5.08, SD = 1.38).
Even after upscaling, Mapillary backgrounds still contained de-
graded pixels, affecting subsequent video quality. The same source
limitations appeared in feature-level ratings; trajectory drawing
received the highest score (M = 6.67, SD = 0.49), while map-based
camera setup received the lowest (M = 6.42, SD = 0.51) (Figure 16).
This lower rating likely reflects Mapillary’s limited 360° viewpoints,
which restricted precise street view selection.

Character Blocking

Camera Setup

Character Trajectory

Camera Framing

Adoption

Figure 16: Map2Video Feature Evaluation.

5.3 Qualitative Insights

Street View Imagery as a Grounded Starting Point. Partici-
pants described street view imagery as a grounded starting point for
ideation, rather than merely a reference source. Unlike text prompt-
ing, SVI provided spatial context that helped them make creative
decisions about plot, action, and shot design. For example, P2 noted
that maps helped “channel creativity into the plot and action,” while
P11 said that beginning with an existing environment was “better
than a blank canvas” Others used it to think through continuity and
pre-production details such as building shadows (P8). At the same
time, several participants noted that fixed real-world backgrounds
could constrain more surreal or imaginative directions, suggesting
a tradeoff between grounding and abstraction.
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Balancing Control and Randomness. Participants valued both
deliberate control and occasional randomness, suggesting that they
supported different creative modes. Map2Video made trajectories
and camera motion more intentional and predictable, reducing
guesswork during authoring. At the same time, several participants
saw value in the baseline’s unpredictability. P9 noted that it “made
me try more variations,” suggesting that randomness could support
improvisational exploration. These reflections suggest an oppor-
tunity to combine grounded control with room for surprise and
divergence.

Agency Through Preview and Feedback. Participants often de-
scribed Map2Video as closer to “directing” than “generating” They
valued being able to place masks directly within the camera view,
preview trajectories and camera paths, and decide whether to pro-
ceed before full generation. This preview-feedback loop contributed
to a stronger sense of agency. P1 noted that manually setting tra-
jectories meant “less time spent waiting,” while P10 emphasized
that previewing masks reduced unnecessary iterations. Similarly,
P4 described “giving up faster” with the baseline because too much
effort was spent on uncertain generations.

Expanding Camera and Motion Control. Participants pointed
to several directions for extending grounded control beyond the
current prototype. Some requested more flexible camera control
beyond fixed 360° image points, for example by sketching camera
trajectories directly on the map or SVI to achieve bird’s-eye views
or dolly-like shots (P4, P11). Others wanted more expressive subject
motion, including vertical trajectories and shape changes for actions
such as flying, exploding, or transforming. They also proposed
tighter integration with familiar workflows, such as Premiere-style
shortcuts (P1, P3) and Blender export for timeline editing (P5),
along with depth recognition (P5, P12) and object interaction (P10)
through 3D reconstruction of SVI environments and characters.

Overall, these insights suggest that Map2Video supported grounded
video generation through greater control, more concrete planning,
and iterative feedback. They also highlight opportunities for future
tools to support more expressive motion, flexible camera control,
and occasional departures from real-world constraints.

6 LIMITATIONS AND FUTURE WORK

Addressing Street View Source Limitations. Some limitations
stemmed not from the interface, but from the underlying street
view source. Fixed eye-level viewpoints constrained camera con-
trol, while low-quality Mapillary imagery reduced output quality
even after upscaling. Although street view imagery served as a use-
ful grounded scaffold, future systems could better separate spatial
grounding from source appearance, support smoother viewpoint
changes beyond sparse, discrete views, and allow changes in ap-
pearance such as atmosphere or time of day while preserving scene
geometry. Possible directions include panoramic environment re-
construction [77], autoregressive video diffusion over street-view
sequences [22], and layout-conditioned generation approaches that
preserve scene geometry while allowing controllable changes in
appearance. More broadly, while our system focuses on street view
imagery and maps, the underlying idea of controllable grounded
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Anon.

authoring could extend to other structured scene priors, such as
3D models [63] and point clouds [93].

Supporting Fine-Grained Motion Control. Fine-grained mo-
tion remained difficult to specify, especially for compounded ac-
tions, vertical movement, and mask scaling. Planning motion on the
map also did not always translate intuitively to street view-based
editing. Future work could therefore focus on improving motion
specification and preview across both map and SVI views. One direc-
tion is to support multi-scale authoring, where users move fluidly
between high-level geographic planning and fine-grained street-
level adjustment. Another is to provide motion preview through
real-time text-to-motion models such as DART [92]. For example,
text annotations attached to character trajectories could allow users
to specify actions or movement styles that update interactively dur-
ing preview.

Ethical Considerations. In developing Map2Video, we recognize
ethical implications in using generative Al together with street view
imagery for filmmaking. Because the system relies on real-world
visual data, it raises concerns around privacy, data provenance,
and geographic coverage bias, which may affect what locations
can be represented faithfully or controllably. Our goal is not to
automate storytelling, but to support creators in authoring spatially
grounded scenes with greater control. To mitigate these risks, users
remain responsible for selecting locations, specifying prompts, and
defining motion and camera behavior, keeping Al in an assistive
rather than autonomous role.

7 CONCLUSION

We introduced Map2Video, a street view imagery-driven system
for more controllable SVI-grounded video authoring. By combining
map-based annotation with video inpainting, Map2Video helped
users author location-specific scenes with more direct control over
subject placement, motion, and camera behavior. Our studies showed
that street view imagery served as a grounded starting point, while
the rapid preview-feedback loop supported iterative refinement.
These findings suggest opportunities for future systems to expand
camera and motion control, improve coordination between map
and street view representations, and reduce limitations of current
street view imagery sources.
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APPENDIX

Survey on Al Filmmaking

As generative Al video tools enter filmmaking practice, their real-
world use and control challenges remain underexplored. To in-
form our system design, we conducted a formative survey with
Al-assisted filmmaking practitioners.

Method. The survey examined usage patterns, workflows, and
challenges. It was distributed through online AI filmmaking com-
munities (Creative Refuge, Facebook groups, and Discord). The
survey included questions about the Al video tools participants
used, their use cases, and the challenges they encountered. Partic-
ipation was voluntary and uncompensated, though respondents
were informed about the possibility of a compensated follow-up
formative study.

In total, 34 filmmakers (7 female, 27 male) completed the survey.
All had experience with Al-assisted filmmaking, and 30 of 32 re-
spondents also had traditional filmmaking experience. Participants
held roles such as director, screenwriter, producer, editor, and cine-
matographer. Many worked across the full Al production pipeline,
including prompt design, creative direction, and editing.

Most participants (29/34) used multiple Al tools, with self-assessed
proficiency skewing advanced (18 advanced, 5 intermediate, 2 be-
ginner, 9 unspecified). Table 3 lists the reported tools.

Tool Name Mention ‘ Tool Name Mention
Runway 29 Luma / Lumalabs 2
Kling 18 Seedance 2
Veo / Veo 3 12 Minimax 2
ComfyUI 11 Reve 1
Pika 6 Pixverse 1
Sora 5 Kaiber 1
Flux / Flux Kontext 3 Stable Video Diffusion 1
Vidu 1 Moonvally 1
Dreamina 1 RunningHub 1

Table 3: Al video generation tools reported by participants.

Current Practices. Filmmakers reported using generative Al video
tools across all stages of the filmmaking process: pre-production,
production, and post-production, with varying degrees of integra-
tion into traditional workflows. In pre-production, many partici-
pants used tools like Midjourney and Runway to create mood boards,
storyboards, and previsualizations, allowing for rapid iteration on
visual concepts before committing to full production. During pro-
duction, several participants used tools such as Veo, Kling, and
ComfyUI to generate video sequences, especially for stylized or
speculative scenes that would be difficult or costly to produce con-
ventionally. Some used Al-generated clips as B-roll or animation
to complement live-action footage. In post-production, Al tools
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were commonly applied to editing, compositing, background re-
placement, stylization, and visual effects. While a few participants
(6) used Al tools to support traditional workflows, the majority
reported “producing fully Al-generated films”, handling scripting,
scene design, and video generation with Al tools, and refining the

output using conventional editing software such as Premiere Pro
or DaVinci Resolve. In these cases, Al filmmaking either replaced

conventional production processes entirely or filled specific gaps
such as location footage, animation, or VFX. Participants reported
“creative exploration”, “faster turnaround”, and the ability to “visual-
ize ideas that would be too expensive or impossible to shoot” as key
motivations for adopting generative Al tools. Participants implied
the use of diverse strategies to prepare reference images for video
generation, including sourcing real-world images from stock plat-
forms (e.g., Getty), generating visuals through image-creation tools,
and constructing virtual environments with 3D/virtual set software
such as Unreal Engine. Among the portfolio examples shared by
participants, the majority focused on relatively static single-subject
shots, often with shallow depth of field or blurred backgrounds.
We also observed examples centered on vehicle movement through
urban environments.

Challenges. One of the most common challenges reported by
participants was “maintaining visual and spatial consistency”
(mentioned by 17 respondents). These issues included inconsisten-
cies in character appearance, lighting, backgrounds, and overall
scene geography, especially across longer sequences. Nine par-
ticipants noted difficulties with “controlling composition and
camera movement”, such as aligning shots with intended fram-
ing or achieving smooth transitions while the character is moving.
“Prompt adherence” was another frequent concern, with 12 par-
ticipants describing frustration when generated outputs did not
match their intended visual or narrative details. This included prob-
lems with “character placement” (11) and specifying “character
actions” via text (3). “Quality degradation over time,” such as
hallucinated elements and inconsistent lip-sync and gesture timing,
was mentioned by 6 participants. “Multi-character coordination”
was also noted as a difficulty by 6 participants. Together, these
responses point to broader difficulties in controlling generated
videos to match filmmakers’ intentions. In addition to generation
issues, participants pointed to broader obstacles: 8 mentioned the
“high cost” of using certain Al tools, 5 reported the “steep learn-
ing curve” in tools like ComfyUI and 4 noted the “difficulty of
keeping up with rapidly evolving technologies”. Although some
participants observed improvements in character consistency and
tool capabilities, most agreed that achieving coherent, high-quality
outputs still requires extensive iteration, manual correction, and
post-production work. These responses, together with the sub-
mitted portfolio examples, suggested a promising opportunity for
more directly controlling subject placement, motion, and camera
behavior in location-grounded scenes.

1459
1460
1461
1462
1463
1464
1465
1466
1467
1468
1469
1470
1471
1472
1473
1474
1475
1476
1477
1478
1479
1480
1481
1482
1483
1484
1485
1486
1487
1488
1489
1490
1491
1492
1493
1494
1495
1496
1497
1498
1499
1500

1501



1509
1510
1511
1512
1513
1514
1515
1516
1517
1518
1519
1520
1521
1522
1523
1524
1525
1526
1527
1528
1529
1530
1531
1532
1533
1534
1535
1536
1537
1538
1539
1540
1541
1542
1543
1544
1545
1546
1547
1548
1549
1550
1551
1552
1553
1554
1555
1556
1557
1558
1559
1560
1561
1562
1563
1564
1565
1566

UIST 26, November 2-5, 2026, Michigan, USA Anon.

Figure 17: An exampl

Woman, age 30, wearing a yellow sundress, turns around 180-degrees,
and walks to the flowers on screen right. A medium shot, waist up, the
camera dollies forward, following her, using o 50mm lens.

atterned sundress walks next to a Woman, age 30, wearing a yellow sundress, turns to face screen

“A woman wearing a yellow, p
e brownstone building (screen left) in the background” right, walks across the street, moving fo screen right. The comera

dollies right with her, using a 50mm lens.

e of three sequential user-created shots and corresponding input street view image and user prompt.

Step

Description ‘ Formula

1. Local ENU projection Convert subject geodetic coordinates (¢4, Aq) Ax ~ Rcospc(Ag — Ac), Az =~ R(@q — ¢c)

into local East-North-Up (ENU) offsets relative
to the camera (¢, A¢).

2. Range and bearing

Compute ground distance d and bearing angle d = VAx? + Az%, Y, = atan2(Ax, Az)
Ycq between subject and camera.

3. Camera-relative angles | Subtract camera heading . and pitch 6, to ob- AY =VYeq — Yo, AO =—atan2(hc,d) — 6,
tain relative azimuth and elevation.

4. Pinhole projection Map relative angles into normalized screen co- Sx = %, Sy = —%
ordinates using a pinhole camera model.

5. Screen scaling Convert normalized coordinates to pixel coordi- u= %W, v = %H

nates (u,v) given screen resolution (W, H).

Table 4: Subject placement from geodetic coordinates to panoramic screen coordinates.

Dimension

‘ Question Item

Task 1 Self-Evaluation
Task 2 Self-Evaluation
Spatial Consistency
Intent Alignment
Creative Controllability
Ease of Iteration
Quality of Output
Overall Experience

I think I did well in the replication task, and the quality of the output meets my expectations.
I think I did well in the open-ended task, and the quality of the output meets my expectations.
The three clips appeared consistent as if filmed in the same location.

The output reflected my intended direction well.

It was easy to control the system to produce the changes I wanted.

I could quickly try, modify, and refine my ideas.

The generated results met my expectations for visual quality.

Overall, my experience with the system was positive.

Table 5: Custom questi

onnaire items used for self-evaluation and output assessment. All items were rated on a 7-point Likert

scale (1 = Strongly Disagree, 7 = Strongly Agree).

Feature ‘

Question Item

Character Blocking
Character Trajectory
Camera Setup
Camera Framing
Adoption

Placing characters on the map helped me maintain spatial continuity.

Designing character trajectories felt intuitive and useful.

Setting up cameras on the map helped me visualize spatial relationships between shots.
Previewing framing helped me plan the shot effectively.

I would incorporate these features into my creative workflow.

Table 6: Feature evaluation questionnaire items. All items were rated on a 7-point Likert scale (1 = Strongly Disagree, 7 =

Strongly Agree).
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&l human+vehicle long shot [£] human medium shot [£) creature medium shot
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Figure 18: Examples of video artifacts created by users with the Map2Video system, illustrating diverse variations in subjects,
shot styles, geographic places, and subject positioning within the frame.
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