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Abstract: Synthetic 3D scenes are essential for developing Physical Al and gen-
erative models. Existing procedural generation methods often have low output
throughput, creating a significant bottleneck in scaling up dataset creation. In this
work, we introduce Sceniris, a highly efficient procedural scene generation frame-
work for rapidly generating large-scale, collision-free scene variations. Sceniris
also provides an optional robot reachability check for robot tasks. Leveraging
batch sampling and faster collision checking in cuRobo, Sceniris achieves 234 x
higher valid-scene throughput than Scene Synthesizer in the cold start case and
2,936 in the warm start case. Sceniris also expands the object-wise spatial rela-
tionships available in prior work to support diverse scene requirements. Our code
will be available.
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Figure 1: Sceniris is a procedural scene generation tool that provides fast, scalable, and physical-
Al plausible scene generation. We leverage GPU to accelerate the collision checking and robot
reachability check.

1 INTRODUCTION

Collecting sufficient real-world data is extremely time-consuming [1, 2, 3]. As a result, synthetic
environments and data are another important source of data [4, 5, 6, 7, 8].

We aim to generate random object poses that follow the scene layout configuration provided by the
user and ensure the scene is collision-free. However, the procedural-based approach often takes a
long time to produce a dataset at an acceptable scale [9, 10]. We introduce Sceniris, a fast procedural
scene generation framework based on Scene Synthesizer [4]. Specifically, we leverage faster APIs
in geometry libraries [11] and use batch matrix computations to speed up sampling, and we use
cuRobo [12] to speed up collision checking. In addition, we add more spatial relationships and an
optional robot reachability check.

2 RELATED WORK

Randomizing the object poses within a scene is important to improve the generalizability of the pol-
icy and increase the diversity of the data [13, 14, 8, 15]. Generative simulations [5, 16, 17, 18, 6],
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Figure 2: Sceniris takes a configuration and generates a batch of scenes efficiently. Alternatively,
Sceniris can generate a scene by adding objects step-by-step, but the efficiency is not optimized.

which generate the scene on-the-fly, require a reliable approach to generate object layouts. Infini-
gen [19] can generate high-quality multi-room scale indoor scenes using Monte-Carlo Metropolis-
Hastings sampling. ProcTHOR [5] also generates indoor scenes and places objects in a collision-
free manner. Scene Synthesizer [4] generates object layouts by rejection sampling with collision
checking. Table 1 compares procedural scene generation approaches. Learning-based methods, like
steerable scene generation [9], also require a huge dataset to train.

3 METHOD

Table 1: Comparison between Sceniris and existing procedural scene generation approaches, includ-
ing standalone approaches and embedded algorithms in simulation frameworks

Framework Scene Representation Sampling Collision Checking Batched Spatial Relationships Reachability
Standalone
Sceniris (Ours) Batched Trimesh Rejection Sampling cuRobo yes  pair and multi-object v
Scene Synthesizer [4] Trimesh Rejection Sampling FCL (Trimesh) X ‘on’, object connect X
Infinigen-indoors [19] Trimesh Monte-Carlo Metropolis—Hastings v X X
Spatial Scene Grammars [10] Tree unknown Drake X v X
In generative simulation
RoboGen [16] N/A Rejection Sampling/Collision Resolving PyBullet X {*on’, ‘in’} X
GenSim?2 [18] N/A Predefined + Small-range Sampling X X X X
GenSim [17] N/A Rejection Sampling 2D occupancy X X X
RoboTwin 2.0 [6] N/A Small-range Sampling X X X X
In simulation and game engines
Robocasa [8] N/A X X X X X
LIBERO [20] BDDL Rejection Sampling N/A X X X
VIMA [14] N/A Rejection Sampling 2D Occupancy X X X
RLBench [13] CoppeliaSim Rejection Sampling Bounding Box X X X
ProcTHOR [5] Trimesh Rejection Sampling FCL (Trimesh) X v X
UES PCG [21] Graph Rejection sampling Built-in Tool X v X

Scene Synthesizer [4] samples one possible object pose at a time, then checks collisions using the
CPU-based Flexible Collision Library (FCL). Our key design idea is to sample a large number of
scenes in a batch that leverages the parallelization capability of computing libraries.

3.1 Batched Scene Generation

Sceniris first loads the assets, determines the object placement order, and prepares the pose samplers
and collision checker (Figure 2). For each object, Sceniris samples its poses, performs collision
checking, and retries failed placements up to a configured limit.

Each scene-graph edge stores NV transform matrices as an (N, 4,4) tensor, representing the spatial
relationship between two nodes across the batch. Batched forward kinematics allows us to modify
the poses of articulated object parts in parallel.

3.2 Batch Sampling and Caching

The original Scene Synthesizer samples one 2D point from a support polygon at a time. Instead,
we first sample a larger batch than required and then cache the batch in a queue. When the cached
samples run out, it samples another batch. When support polygons share the same surface with
different world poses, we sample from one canonicalized polygon and transform each point using its
corresponding surface pose. For complex spatial constraints that cannot be affine-transformed from
the first scene instance (Section 3.4), the system falls back to sample points from each polygon.
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3.3 Collision and Reachability Checks

We use cuRobo [12] to perform collision checking for a batch of scenes on GPU. We pre-cache
all meshes and world configurations during initialization, then only modify mesh enabled/disabled
states and transforms. During retry, collision checking is performed only on scenes that require retry.
We also cache the asset-level Trimesh scene to avoid repeatedly converting object assets.

We utilize RM4D [22], a reachability map that uses a single 4D data structure to support both
forward and inverse queries. We batch process queries and transfer the data structure to the GPU.
Given a robot position and selected objects or object parts, this optional checker rejects sampled
poses that are not reachable by the robot.

a8 s

(a) X distance away (b Within x distance {c) Within x distance of the cabinet
of the cabinet | 1 with bbox awareness not higher
than the lower drawer (brown)

e

() % distance away, ¢ petween banana (f) Tap of the fg) In the
on the ”‘:":“ of the orange, mug, and cabinet i cabinet
. 5_30 drawer (purple) {magenta)

(rmagenta)

Figure 3: Example-s of additional spatial relationships supported by Sceniris
3.4 Extending Spatial Relationships

We extend Scene Synthesizer’s random and side-by-side placements to support more spatial rela-
tionships (Figure 3).

Object-parent relationship Sceniris supports ‘on’ and ‘inside’, selecting parent mesh sur-
faces without or with a “roof”, respectively.

Object-object relationships Our schema specifies anchor objects O, direction v, distance d, and
distance type d;. For one anchor, v specifies left, right, front, back, an arbitrary direction vector,
or no directional restriction, in a global or local reference frame. The distance types ‘greater’,
‘less’, and ‘equal’ place an object at least d, at most d, or approximately d from the anchor.
We construct a polygonal approximation of a (partial) annulus .S, using the direction, distance, and
angular tolerance, then sample from S’ = S,. N S, where S is the original support polygon. The
face_to attribute forces an object to face another object. For two or more anchors, d; = ‘middle’
places the object in the space between the anchors.
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Figure 4: (a) The benchmark scene, simplified for visualization. (b) Execution time. (¢) The num-
ber of valid environments generated per second. Sceniris handles 311 and 6,321 times more envi-
ronments per second than 10 multi-processed Scene Synthesizer, under cold start and warm start,
respectively.
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Figure 5: Total time spent on key steps in Scene Synthesizer (1 scene) and Sceniris (ours, 1024
scenes). Both approaches use the same scene configuration in Section 4.1. Regions in green show
the time spent on placing objects.

Object-support relationship The ratio_on_support parameter loosely controls surface-
boundary placement: 1 ideally keeps the entire object projection supported, while 0 requires only its
pivot on the surface. We erode the support polygon by this ratio times half the shorter edge of the
projected object mesh. This approximation does not guarantee the exact configured ratio.

4 EXPERIMENTS

4.1 Batched Scene Generation

We benchmark a scene (Figure 4(a)) with an apple and a cabinet randomly placed on a plane, a
banana inside the upper drawer, and randomized drawer joints. All spatial relationships are sup-
ported by both methods. The benchmark is conducted on a Google Cloud VM with 16 CPU threads
(Intel Xeon CPU @ 2.20GHz) and an NVIDIA L4 GPU. We run Scene Synthesizer on 10 processes
simultaneously, evenly distributing the scene instances. Each object is allowed 10 collision retries;
unresolved scenes are marked invalid.

We vary the total number of scenes to generate from 4 to 16,384. Sceniris processes 16,384 scenes
in 32s, while Scene Synthesizer processes 64 scenes in 39s, giving about 311 x higher throughput.
A warm start executes only the “Generation” step in Figure 2, finishing 16,384 scenes in 2.52s.
Considering only valid scenes, Sceniris achieves 234 x higher throughput in the cold start case and
2,936 in the warm start case (Figure 4(c)). This supports continuous scene randomization for
parallel reinforcement learning or data collection.

4.2 Scaling up with Complex Spatial Relationships

We extend the benchmark configuration (Mid) to Hard and 10° o
Hard+. Hard places the apple at least 0.5m in front of the V7
drawer and an orange between them. Hard+ adds a mug to
the drawer’s right within 0.7m, with the orange between the
drawer, mug, and apple. Hard and Hard+ use two and three
complex spatial relationships, respectively. Scene Synthe-

-—r

mid (C)
180 mid (W)

Execution Time (s)

. . . . . Hard (02
sizer does not support these relationships, preventing a direct iab 3
. —=— Hard+ (L)
comparison. Each level adds about 20-30s for cold starts and Harde (W)
. . 16t
20s for warm starts (Figure 6), because some constraints re- MR gt SR
s

quire per-scene sampling polygons rather than a shared rigid Bisiber: g seefies
transformation. Nevertheless, Sceniris still achieves about Figure 6: Execution times for Mid,
249 valid scenes/s in Hard+ (cold start). Batch sampling from Hard (2 complex relationships), and
heterogeneous polygons on a GPU is a potential future im- Hard+ (3). C: cold start; W: warm
provement. start.
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4.3 Component Breakdown

According to Figure 5, Sceniris spends 10.17s on generating 1,024 scenes and Scene Synthesizer
takes 2.99s for 1 scene. Much of the baseline’s “other overhead” comes from repeatedly convert-
ing object assets to Trimesh scenes, which Sceniris caches. Enabling reachability checks for the
apple and cabinet has little effect on runtime: each query takes ~0.0001s, at most 1/20 of the col-
lision check cost. Initializing cuRobo world configurations remains a significant overhead and an
opportunity for future improvement.

Pressure test A batch of 524,288 scenes fits in an L4 GPU using about 20GB VRAM. It takes
769.67s from a cold start, with 113,820 invalid scenes, yielding 533.30 valid scenes/s versus 408.77
in the smaller benchmark. Warm start throughput reaches 5,279.84 valid scenes/s.

Figure 7: Generated scenes: six room-scale configurations (top) and three articulated-object con-
figurations (bottom). Each group shows four randomized instances and the time to generate 1,024
scenes (on RTX6000 Ada).

Figure 7 shows room-scale and articulated-object variations with batch generation times.

S CONCLUSIONS

Sceniris uses batched sampling, caching, and GPU collision checking to generate collision-free
scenes with rich spatial relationships and optional robot reachability checks. It achieves 234 x higher
valid-scene throughput than multi-process Scene Synthesizer from a cold start and 2,936 x from a
warm start, supporting large-scale scene randomization.
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