
Visual-RRT: Finding Paths toward Visual-Goals via Differentiable Rendering

Supplementary Material

In this supplementary material, we provide additional
technical details and experimental results to complement
the main paper. Sec. A describes the background of RRT
planners. Sec. B presents comprehensive ablation studies
analyzing frontier node sampling strategies and inertial gra-
dient tree expansion schemes. Sec. C extends experimental
validation with path quality analysis, real-world Fetch de-
ployment, planning with generated goal images, tree struc-
ture visualization, and visual ambiguity analysis. Sec. D
details implementation including dataset construction, and
hyperparameter specifications.

Video Results: The video results are available at https:
//sgvr.kaist.ac.kr/Visual-RRT.

A. Background of RRT
Rapidly-exploring Random Trees (RRT) is a sampling-based
motion planning algorithm that incrementally constructs a
search tree to find motion paths in the robot’s C-space. The
algorithm operates through the following iterative process.
1. Random Sampling: Sample a random configuration qrand

from the C-space.
2. Nearest Node Selection: Find the nearest node qnear in the

current tree to qrand.
3. Tree Extension: Extend from qnear toward qrand by a fixed

step size ϵ to generate a new configuration qnew.
4. Feasibility Check: If qnew is feasible (e.g., collision or

joint-limit violations), add it to the tree as a child of qnear.
5. Termination: Repeat until a node reaches the goal region.

Goal-biased Exploitation. To balance exploration and ex-
ploitation, RRT typically employs goal biasing: with a cer-
tain probability, qrand is set to the goal configuration qgoal
instead of being sampled uniformly. This biasing steers tree
growth toward the goal region, significantly accelerating con-
vergence. However, this strategy fundamentally relies on the
availability of an explicit goal configuration qgoal, typically
specified as numerical joint angles. In visual-goal planning
scenarios where goals are provided as images rather than
configurations, this dependency poses a key challenge, as
there is no explicit qgoal to bias toward.

B. Extended Ablation Studies
B.1. Frontier-based Exploration-Exploitation
Truncated Geometric Distribution. In Tab. S1, we ana-
lyze the effectiveness of different frontier node selection
strategies on visual planning performance. In our method,
the truncated geometric distribution parameter κ ∈ [0, 1)

Table S1. Ablation on frontier sampling strategies. Success rates
(%) across C-space distance bins for frontier node selection meth-
ods. Higher κ achieves better performance through stochastic di-
versity. Uniform sampling (d) and Top-K (e) show limitations com-
pared to κ=0.9 at larger distances (2.0 and 2.5 rad).

Frontier Sampling Target distance bins (rad) Avg.
0.5 1.0 1.5 2.0 2.5

(a) Trunc. geometric (κ=0.9) 87.3 87.5 85.2 76.2 62.7 79.8
(b) Trunc. geometric (κ=0.7) 86.7 88.3 83.4 74.0 55.0 77.5
(c) Trunc. geometric (κ=0.5) 86.3 85.7 82.6 72.5 54.2 76.2

(d) Uniform 17.3 3.5 1.3 0.3 0.8 4.7
(e) Top-K 86.8 86.7 82.7 71.3 53.2 76.1

controls the frontier selection bias: smaller κ focuses on
sampling visually promising nodes. Rows (a-c) show that
average success rates improve with higher κ. In particular,
at 2.5 rad, κ = 0.9 maintains higher success rates compared
with κ = 0.5. These results indicate that stochastic diversity
in frontier selection helps navigate distant-goal scenarios
where gradient-based exploitation is prone to local minima.

Alternative Frontier Selection. As shown in Tab. S1, we
evaluate uniform sampling (d) and Top-K selection (e) as
alternative frontier node selection methods for comparison.
Uniform sampling selects nodes without considering visual
loss, while Top-K deterministically chooses the K best nodes.
The uniform sampling strategy demonstrates limited effec-
tiveness, as it allocates computational effort across all nodes
without prioritizing visually promising regions. Top-K se-
lection shows reasonable planning results comparable to
κ=0.5. This similarity reflects their shared behavior where
both heavily concentrate selection on visually promising
nodes. Accordingly, they exhibit similar challenges at larger
distances (2.0 and 2.5 rad), compared to κ=0.9.

B.2. Inertial Gradient Tree Expansion

In the main paper, we instantiate inertial gradient tree ex-
pansion with Adam optimizer states (i.e., first- and second-
moment estimates with iteration steps). The first-moment
estimate in Adam plays the role of momentum along each
branch of the tree, which motivates the term “inertial” in
our formulation. In this supplementary material, we further
compare several alternative optimization states within the
same state-inheritance framework.

Momentum in Tree Expansion. We examine the effective-
ness of inertia using a simpler momentum formulation. In
this variant, each node stores a velocity vector up that is
inherited from parent to child and updated with Polyak mo-
mentum [11]. Given a parent configuration qp and its velocity
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Table S2. Ablation on optimizer state inheritance. Success rates
(%) across C-space distances for different inherited optimizer states
in vRRT. Naive gradient descent without any optimizer state (a)
is less effective at exploiting visual gradients. Inheriting a simple
momentum term (b)–(g) substantially improves performance over
stateless tree expansion. Adaptive optimizers that accumulate gra-
dient statistics (h)–(k) further outperform the best momentum-only
baseline, with Adam achieving the highest average success rate.

Inherited Optimizer State Target distance bins (rad) Avg.
0.5 1.0 1.5 2.0 2.5

(a) Naive GD (Eq. 1) 21.8 3.8 2.2 4.7 3.5 7.2
(b) Momentum (µ = 0.5) 37.8 16.3 10.1 12.8 10.8 17.6
(c) Momentum (µ = 0.7) 54.0 28.6 21.3 22.2 16.7 28.5
(d) Momentum (µ = 0.8) 68.8 38.6 32.9 26.7 15.3 36.5
(e) Momentum (µ = 0.85) 73.2 49.4 38.7 31.5 22.0 43.0
(f) Momentum (µ = 0.9) 73.8 60.4 46.3 37.7 23.5 48.3
(g) Momentum (µ = 0.95) 72.3 67.5 57.1 43.7 32.2 54.6

(h) Adaptive gradient [3] 83.3 80.4 71.9 59.2 43.5 67.7
(i) RMSProp [12] 89.5 80.2 70.6 53.8 42.7 67.4
(j) Lion [1] 87.8 86.3 81.6 64.3 47.3 73.5
(k) Adam [5] (Eq. 5) 87.3 87.5 85.2 76.2 62.7 79.8

up, the child inherits velocity unew and configuration qnew as:

unew = µup + (1− µ)∇qLrender(qp), (S1)
qnew = qp − αunew, (S2)

where µ ∈ [0, 1) is the momentum coefficient and α is the
step size. In Tab. S2, row (a) shows that naive gradient de-
scent (Naive GD) fails to leverage visual gradients effectively
without optimization inertia. Meanwhile, rows (b)–(g) show
that inheriting this simple momentum term along the tree
improves visual motion planning performance over stateless
gradient descent, demonstrating the importance of propagat-
ing optimizer states across tree expansions in our framework.
Alternative Optimization State Inheritance. Our frame-
work only requires each node to maintain a compact sum-
mary of its gradient history during tree expansion, which
can be realized through various optimizer designs. Thus, we
further evaluate several history-aware optimization variants
(Adaptive gradient [3], RMSProp [12], Lion [1], Adam [5])
by plugging them into the same state-inheritance mechanism.
In particular, Adaptive gradient and RMSProp accumulate
per-parameter squared gradients to adapt the effective step
size, while Lion and Adam additionally maintain directional
statistics over past gradients. As shown in Tab. S2 (h)–(k),
these history-aware instantiations substantially outperform
naive gradient descent (Naive GD), indicating that propagat-
ing optimizer states along the tree is more important than
the exact choice of optimizer. Among these variants, Adam
achieves the highest average success rate, supporting our
default design choice in the main paper.

C. Extended Motion Planning Evaluation
We provide comprehensive analysis of vRRT’s visual-goal
motion planning performance. We first validate path quality

Table S3. Comparing RRT∗ path lengths across recovered goals.
RRT∗ paths to vRRT-recovered goals are consistently longer, sug-
gesting the methods solve different problem subsets: vRRT ad-
dresses more challenging instances requiring longer paths, while
Dr.Robot [8] succeeds on shorter-distance cases.

Robot RRT∗ Target distance bins (rad)
Avg.

0.5 1.0 1.5 2.0 2.5

Franka
w/ Dr.Robot goal 0.50 0.99 1.40 1.90 2.49 1.46
w/ vRRT goal 0.50 1.00 1.55 2.08 2.63 1.55

UR5e
w/ Dr.Robot goal 0.50 1.02 1.52 2.00 2.55 1.52
w/ vRRT goal 0.50 1.01 1.55 2.10 2.59 1.55

Fetch
w/ Dr.Robot goal 0.47 0.98 1.49 1.93 2.46 1.47
w/ vRRT goal 0.49 1.00 1.52 2.07 2.57 1.53

Table S4. Real-world Fetch experiments. Success counts across
three scenes with 25 tasks each. vRRT achieves 80% success rate
(60/75) in real-world deployment, demonstrating potential for sim-
to-real transfer in visual-goal motion planning.

Scene 1 Scene 2 Scene 3 Total

Tasks 25 25 25 75
Successes 18 24 18 60

and real-world deployment, then analyze our tree structure
and computational efficiency. Finally, we discuss inherent
limitations arising from visual ambiguity.

C.1. Path Quality Analysis
In Tab. 1 of the main paper, vRRT achieves higher success
rates than the baselines, but yields moderately longer paths
than Dr.Robot + RRT∗. To determine whether this difference
reflects planning inefficiency or differences in problem cov-
erage, we analyze the recovered goal configurations of both
methods by running RRT∗ from the same start configuration
to each recovered goal. Tab. S3 shows that goals recovered
by vRRT consistently induce longer RRT∗ paths than those
recovered by Dr.Robot. This suggests that the two methods
succeed on different subsets of problems: vRRT solves more
challenging instances that inherently require longer paths,
whereas Dr.Robot tends to succeed on easier ones. There-
fore, the longer paths reported for vRRT in Tab. 1 are better
explained by broader problem coverage than by planning
inefficiency. Fig. S1 presents representative trajectories from
vRRT and RRT∗ across 18 scenes. Despite relying only on
visual objectives without explicit goal configurations, vRRT
consistently produces paths that closely match the geometric
structure of the RRT∗ reference solutions. This further sup-
ports that our frontier-based exploration–exploitation strat-
egy can recover configuration-space-efficient paths from
visual goals.

C.2. Real-world Validation
We deploy vRRT on a physical Fetch robot across three
scenes with varying obstacle configurations: Scene 1 with
one obstacle and Scenes 2-3 with two obstacles each. For
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Figure S1. Path comparison between vRRT and RRT∗. Paths from vRRT (yellow) and RRT∗ (red) across three robots in six scenes each.
vRRT produces paths similar to RRT∗ despite using only visual objectives. Videos are provided in the project page.
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Figure S2. Fetch deployment across three scenes. Representative executions from three different obstacle configurations. Top row shows
executed paths reaching visual goals. Bottom row shows planning dynamics where exploitation samples (blue) follow visual gradients while
exploration samples (red) maintain coverage. The videos are provided in the project page.

Generated goal image 1 Generated goal image 2Original Image

Task 1 Task 2

Task 3 Task 4
Start / Goal Start / Goal Our path Our path

Figure S3. Visual-goal motion planning with generated goal
images. To demonstrate broader applicability, we generate goals
by prompting an generation model [2] to inpaint a Franka robot
into Fetch scenes while maintaining background. Four tasks show
paths matching synthesized poses, demonstrating potential to bridge
generative models with executable planning.

each scene, we design 25 tasks requiring the robot to reach
goals on either side or front/back of obstacles, verified for
reachability via RRT. Tab. S4 shows vRRT achieves 80% suc-
cess rate (60/75 tasks), demonstrating promising sim-to-real

transfer. Fig. S2 shows representative executions and plan-
ning, successfully guiding the robot to visual goals despite
domain gap. Failures occur when RGB appearance similar-
ities between robot and scene elements create misleading
visual gradients.

C.3. vRRT with Generated Goal Images

To further demonstrate practical generality of our visual-goal
planning framework, we introduce an additional visual-goal
motion planning experiment where the goal image is gener-
ated by an image generation model from a natural-language
description. While recent advances enable synthesis of vi-
sually realistic robot scenes, generating motion paths that
align with these synthesized frames remains challenging [7].
We use an image generation model [2] to replace the Fetch
robot in Fig. S3 with a Franka Emika Panda while preserving
background and viewpoint. To guide robot appearance, we
provide our differentially rendered Franka as a condition-
ing image. For each synthesized goal, we randomly sam-
ple start configurations and plan paths using vRRT. Fig. S3
shows successful recovery of target configurations, demon-
strating vRRT’s potential to bridge generative models with
executable planning.



Table S5. Computational cost per iteration. Average time alloca-
tion (%) when expanding 32 nodes per iteration across three robot
platforms. Rendering dominates the cost indicating that reducing
Gaussians directly improves vRRT efficiency.

Robot
(# of Gaussians) Rendering

Frontier
sampling

RRT
operations

Collision
checking

Franka (52,393) 80.7 2.6 11.9 4.7
UR5e (16,327) 60.6 4.0 21.6 13.8
Fetch (70,335) 84.7 1.9 9.4 4.1

C.4. Tree Structure Analysis
To visualize how vRRT explores the configuration space
during planning, we project robot joint configurations of our
tree structure to 2D subspace via Principal Component Anal-
ysis (PCA) [10]. Each node in the visualization represents a
single configuration from the robot C-space.

Frontier selection. In Fig. S4, we visualize the effectiveness
of frontier-based exploration-exploitation scheme during tree
expansion. Frontier nodes (orange), sampled via truncated
geometric distribution based on visual loss ranking, concen-
trate toward the promising goal region, while non-frontier
nodes (gray) maintain exploration coverage. This spatial
distribution validates that our rank-based probabilistic sam-
pling strategy effectively biases tree growth toward visually
aligned configurations.
Inertial gradient expansion. Fig. S5 shows trees colored
by inertial gradient expansion steps i. Low values (purple)
indicate configurations primarily discovered through random
steering exploration, while high values (yellow) represent
configurations generated through our inertial gradient tree
expansion. The tree structure reveals two key characteris-
tics. First, exploration establishes broad coverage from the
start, while gradient-steered nodes concentrate near the goal.
Second, the convergence patterns differ across instances:
(a) exhibits a cohesive stream of nodes flowing toward the
goal, whereas (b, c) show multiple distinct branches extend-
ing to the target. These different convergence patterns sug-
gest that inertial expansion can flexibly support both steady
refinement along a dominant branch and parallel pursuit
of multiple promising routes. These observations validate
inertial gradient tree expansion: smooth color transitions
along branches confirm continuous optimization trajecto-
ries through state inheritance, while the coexistence of low
and high i nodes demonstrates effective balance between
exploration and exploitation throughout planning.

C.5. Computational Cost
We analyze vRRT’s computational cost during tree expan-
sion, where 32 nodes are inserted per iteration through
exploration and exploitation. Tab. S5 shows the average
time breakdown across components. Differentiable rendering
dominates (60.6-84.7%), as each gradient-based expansion
requires evaluating visual loss and backpropagating through

the Gaussian Splatting model. This cost scales with the
number of Gaussians representing the robot. Consequently,
robots with more Gaussians exhibit higher planning times in
Tab.1 of the main paper, indicating that reducing Gaussian
count directly improves efficiency. Our algorithmic com-
ponents, frontier-based sampling and inertial gradient tree
expansion, account for moderate computational cost. Fron-
tier sampling requires 1.9-4.0% through sorting cached ren-
dering losses. RRT operations including random sampling,
nearest-neighbor queries, steering, and tree rewiring, scale
with tree size but remain independent of Gaussian resolu-
tion. Further optimization may be possible through improved
data structures for nearest-neighbor queries. Collision check-
ing is performed via MuJoCo and could be replaced with
alternative methods depending on application requirements.

C.6. Visual Ambiguity in Goal Specification
By integrating sampling-based exploration with visual-
gradient exploitation, vRRT inherits RRT’s robust explo-
ration that systematically covers the search space given suffi-
cient iterations, while extending to visual-goal specifications.
Our method demonstrates effective performance in both sim-
ulation and real-world settings by leveraging exploration
to escape local minima that trap gradient-based methods.
However, visual ambiguity presents a limitation where ex-
ploration cannot disambiguate visually indistinguishable con-
figurations. Fig. S6 shows representative failure cases where
vRRT converges to visually matching but configuration-
space incorrect poses. Fetch and Franka demonstrate sym-
metric poses producing identical silhouettes; UR5e shows
severe self-occlusion making distinct configurations appear
identical. When multiple configurations are visually indistin-
guishable, determining the true goal from observation alone
becomes infeasible. This represents a fundamental limitation
of single-view specification, addressable through multi-view
fusion or perceptual features rendering.

D. Additional Implementation Details
D.1. Dataset Construction
We construct two synthetic test datasets for motion planning
and pose reconstruction using the same sampling process,
differing only in scene construction. For each robot platform,
we define a fixed canonical pose as the start configuration
qstart for all test queries, following the same convention as
Dr.Robot [8], shown as faded poses in Fig. S1.

Goal configuration sampling. We generate goal config-
urations by randomly perturbing all revolute joints from
the canonical pose within their physical limits. We verify
feasibility of each sampled goal by running RRT [6] from
the canonical pose with a 30-second time budget. Queries
are discarded if RRT fails to find a collision-free path or if
executing the trajectory in MuJoCo reveals collisions. Vali-
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Start configuration Goal configuration Path Frontier nodes
Figure S4. Tree structure with frontier node visualization. Configuration space projected onto 2D via PCA for three planning instances
(a-c). Frontier nodes (orange) represent configurations with low visual loss selected for effective expansion, while gray nodes indicate
non-frontier configurations. The spatial distribution shows frontier nodes progressively concentrate toward the goal region, validating that
our frontier-based sampling effectively prioritizes visually promising areas for exploration and exploitation.

(a) (b) (c)

Path Inertial gradient tree expansion steps
HighLow

Dist_0.300m 2 Dist_0.450m 99Dist_0.250m 75

Start configuration Goal configuration
Figure S5. Tree structure colored by inertial gradient expansion steps. Robot joint configurations visualized in 2D via PCA across three
planning instances (a-c). Node colors indicate inertial gradient tree expansion steps i: low values (purple) represent nodes primarily reached
through exploration, while high values (yellow) indicate nodes refined through extensive gradient optimization. Progressive color transitions
show that state inheritance enables continuous optimization across tree branches. Notably, convergence patterns vary across instances: (a)
exhibits a cohesive gradient flow where optimization steps increase smoothly toward the goal, whereas (b) and (c) show multiple distinct
optimization branches reaching the target.

dated queries are stratified by configuration-space distance
∥qstart − qgoal∥2 into bins at [0.5, 1.0, 1.5, 2.0, 2.5] radians.

Scene construction. We construct six distinct scenes per
robot: obstacle environments for motion planning and
obstacle-free environments for pose reconstruction. For mo-
tion planning, each environment contains ten box-shaped
obstacles with random dimensions drawn from predefined
ranges (3-20 cm for Franka and UR5e; 5-70 cm for Fetch).
We employ a two-stage placement strategy: (1) obstacles are
positioned near robot links in the canonical pose without
intersecting geometry; (2) remaining obstacles are placed
randomly within the workspace. For pose reconstruction,

scenes remain obstacle-free to isolate visual goal matching
from collision avoidance.
Dataset statistics. Our dataset comprises 100 validated
queries per distance bin per robot. For motion planning, this
yields 500 queries per robot across five bins with six scene
variations each, totaling 9,000 problems. For pose recon-
struction, we generate 500 queries per robot in obstacle-free
scenes, totaling 1,500 problems.

D.2. Pipeline Details
Robot Gaussian Construction. We construct differen-
tiable robot representations for all three platforms following
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Figure S6. Representative failure cases. Target pose images (left)
visually resemble predictions (right) but differ in joint space. Fetch
and Franka: symmetric poses produce identical silhouettes. UR5e:
self-occlusion allows hidden joints to rotate without visual change.
These illustrate the inherent difficulty of visual-goal planning.

Dr.Robot [8]. Starting from MJCF XML descriptions in Mu-
JoCo [13], which define kinematic structure, joint limits, and
collision geometries, we sample diverse joint configurations
within physical limits and render multi-view RGB images
with varying camera poses. Franka and UR5e use standard
MuJoCo models, while we custom a MJCF for Fetch follow-
ing MuJoCo conventions.

Differentiable robot rendering. We train 3D Gaussian
Splatting models [4] to represent each robot. The optimiza-
tion follows standard Gaussian Splatting training, learning
positional and rotational parameters per primitive. The re-
sulting models combine forward kinematics with implicit
linear blend skinning [9], enabling differentiable rendering
at arbitrary joint configurations.

Rendering during Planning. We render the robot at the
same resolution as the goal image (480×480) and compute
a per-pixel L2 loss between the rendered and goal images.
The pre-trained Gaussian model provides visual gradients
to the configuration space without additional training dur-
ing planning. Since the visual gradient ∇qLrender(qp) at a
parent node qp remains constant throughout a planning itera-
tion, we implement a caching mechanism to avoid redundant
rendering operations during tree expansion.

Optimization State and Settings. The root node (starting
configuration) and nodes generated via random steering
(exploration) are initialized with zero optimization states:
m = 0, v = 0, and i = 0. In contrast, nodes created
through visual-gradient steering (exploitation) inherit and
update the optimization states from their parent nodes as de-
scribed in Eq. (3)-(5) of the main paper, enabling momentum-
consistent gradient descent trajectories across tree branches.
We use M = 200, r= 0.3, η= 0.7, β1 = 0.9, and β2 = 0.9
for experiments. For real-world settings, we use RealSense
factory intrinsics and estimate camera-to-robot extrinsics via
hand-eye calibration, assuming fixed placement.
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