
# Create elements.
slider = gui.add_slider("Value", 0, 100)
out = gui.add_text("0")

# Direct state update on event.
@slider.on_update
def _(_):

out.value = str(slider.value * 2)

# Continue with other Python code.
while True:

time.sleep(1.0)

(a) Imperative input/output relationships

# Explicit state management.
counter = 0
label = gui.add_text(f"Count: {counter }")
button = gui.add_button("Increment")

# Update state on click.
@button.on_click
def _(_):

global counter
counter += 1
label.value = f"Count: {counter }"

# Continue with other Python code.
while True:

time.sleep(1.0)

(b) Imperative state management

# Define UI as input-output transform.
def double_value(x):

return str(x * 2)

demo = gr.Interface(
fn=double_value,
inputs=gr.Slider(0, 100),
outputs=gr.Textbox(),

)

# Framework takes control.
demo.launch()

(c) Declarative input/output relationships

# Framework manages state.
def increment(count):

return (
count + 1,
f"Count: {count + 1 }",

)

demo = gr.Interface(
fn=increment,
inputs=[gr.State(0), gr.Button()],
outputs=[gr.State(), gr.Textbox()],

)

# Framework takes control.
demo.launch()

(d) Declarative state management

Fig. 5: Comparing imperative and declarative abstractions. Viser’s imperative-style API provides low-level control
through side effects, which are replaced with higher-level abstractions in declarative APIs like Gradio [1], the dominant library
for building user interfaces for machine learning. Viser’s imperative-style API prioritizes user control of program �ow, which
simpli�es integration into complex programs.

propose animperative-styleAPI characterized by explicit side
effects in user-controlled program �ow.

Primitive lifecycle. Scene and GUI elements in Viser are
created through single function calls, which return handles for
subsequent interaction (Figure 3, 4). These handles encapsu-
late both lifecycle control and automatic state synchronization:
users manage when primitives are removed, and can use
assignment-style syntax to update properties. Property assign-
ments immediately update visualizations, without manual syn-
chronization or render calls. Similarly, user interactions in the
browser�clicks, slider movements, text input�automatically
�ow back to Python, where they are made available for both
polling-style reads and interrupt-style callbacks. This design
combines explicit control over object lifecycles with implicit
handling of the logic required for real-time, bidirectional
synchronization between Python and web clients.

Why imperative? Viser’s imperative-style design deviates
from the declarative patterns that are more common for
layout and visualization in Python [1, 24, 67, 68, 71, 79].

In declarative programming, users pass objectives like visual
properties, data relationships, and scene layouts to a runtime,
which is then responsible for the details of program �ow. This
simpli�es many use cases: Gradio [1], for example, excels
at managing independent state for multiple parallel clients.
This comes at a cost: handing off control over program �ow
can limit integration �exibility. In contrast, Viser’s imperative
programming model is designed to be easier to integrate
into interactive Python programming patterns. We provide a
concrete comparison in Figure 5.

IV. SYSTEM ARCHITECTURE

To support the imperative-style API described in Section III,
Viser employs an architecture that separates user-facing in-
terfaces from the underlying web-based implementation (Fig-
ure 6). This design shields users from networking and state
synchronization complexities. It is implemented in four layers.

Core API. Viser’s core API provides high-level methods
like scene.add_mesh() and gui.add_button() for





Fig. 7:Visualization benchmarks. Across three robotics streaming workloads�point cloud, triangle mesh, and 2D image�we
measure (top row) Python-side API call overhead and (bottom row) end-to-end latency from Python call to visible pixel change
in the browser, measured via Playwright with a requestAnimationFrame pixel watcher. Lower is better. Viser is competitive
with or faster than the open-source alternatives on every workload, with particularly large gains in API throughput at high
point counts.

C. Adoption

Evaluating software systems poses distinct challenges com-
pared to evaluating algorithmic contributions. While user
studies can assess learnability and benchmarks can measure
performance, these approaches capture only narrow aspects of
a tool’s utility. Adoption captures factors dif�cult to isolate
in controlled studies: compatibility with diverse work�ows,
reliability across edge cases, documentation quality, and long-
term maintainability.

We measure Viser’s adoption using (i) public installation
statistics and (ii) by manually indexing research code releases
that include Viser as a dependency. Viser has grown organ-
ically since being �rst made available in 2023: it has since
been installed over 4.4 million times, and received 2,500+
GitHub stars. Published work that uses Viser spans neural
rendering [26, 35, 38, 39, 64, 69, 72, 76, 82, 87, 88, 92, 94, 99,
100], generative models [21, 25, 39, 42, 45, 89, 110], scene
understanding [3, 6, 17, 19, 26, 32, 39, 52], reconstruction and
tracking [3, 14, 20, 22, 25, 28, 43, 80, 81, 83�85, 91, 93, 95�
98, 101, 108, 109], and robotics [2, 4, 8, 13, 27, 30, 31, 33,
36, 37, 48, 49, 54, 57, 58, 60, 62, 63, 86, 90, 102�105, 107].
We highlight two projects, Nerfstudio [72] and mjlab [107],
that make heavy use of Viser’s extensible design in Figures 8
and 9, as well as 3D vision applications in Figure 10. We view
the quantity, breadth, and diversity of projects that have relied
on Viser as validation of its design choices.

VI. CONCLUSION

We presented the design and implementation of Viser, a
toolkit for 3D visualization. Viser provides 3D scene and
2D GUI visualization primitives that aim to be easy to use
independently, but are powerful when composed. Its adoption

Fig. 8: Nerfstudio [72]. Nerfstudio uses a Viser-based viewer
for real-time visualization of neural radiance �elds [51] and
3D Gaussian splats [29], training visualization, and camera
path creation.

in robotics and computer vision (Section V-C) suggests this
design addresses a real need in the research community.

Viser is in part inspired by the history and impact of soft-
ware contributions in machine learning and robotics research.
This includes PyTorch [55] and einops [66] in machine learn-
ing, as well as MuJoCo [75], SymForce [46], and MuJoCo
Playground [106] in robotics. We hope that Viser can play
a similar role as these tools in assisting research efforts in
computer vision, robotics, and related �elds.

VII. L IMITATIONS

While Viser’s design and implementation provides advan-
tages in simplicity and �exibility, achieving these bene�ts
requires tradeoffs. Current limitations include:
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