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Fig. 1: GaussianGPT is a purely autoregressive approach for 3D Gaussian scene gen-
eration. Our approach enables unconditional scene generation, scene completion, and
large-scale scene synthesis using only a single model.

Abstract. Most recent advances in 3D generative modeling rely on dif-
fusion or flow-matching formulations. We instead explore a fully autore-
gressive alternative and introduce GaussianGPT, a transformer-based
model that directly generates 3D Gaussians via next-token prediction,
thus facilitating full 3D scene generation. We first compress Gaussian
primitives into a discrete latent grid using a sparse 3D convolutional au-
toencoder with vector quantization. The resulting tokens are serialized
and modeled using a causal transformer with 3D rotary positional embed-
ding, enabling sequential generation of spatial structure and appearance.
Unlike diffusion-based methods that refine scenes holistically, our formu-
lation constructs scenes step-by-step, naturally supporting completion,
outpainting, controllable sampling via temperature, and flexible gener-
ation horizons. This formulation leverages the compositional inductive
biases and scalability of autoregressive modeling while operating on ex-
plicit representations compatible with modern neural rendering pipelines,
positioning autoregressive transformers as a complementary paradigm for
controllable and context-aware 3D generation.
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1 Introduction

Recent advances in deep neural networks have enabled high-quality synthesis
across images, video, audio, and language. Extending these capabilities to struc-
tured 3D scene generation is a key step toward immersive virtual environments,
embodied AI, simulation, and content creation. While current 3D generative ap-
proaches often rely on holistic denoising, they lack the flexibility required for the
way environments are actually constructed: incrementally. In practice, 3D scenes
are rarely static; they are progressively extended, completed, and edited. This
creates a critical need for models that treat 3D space as a structured sequence,
enabling step-by-step construction. Accordingly, we frame 3D generation as an
autoregressive process in which the scene is iteratively built by predicting new
elements conditioned on the existing spatial context.

Despite rapid progress, generating structured 3D scenes remains difficult due
to the inherent high dimensionality and lack of a natural sequence in 3D data.
Unlike 2D images, 3D environments require representations that jointly capture
geometry, appearance, and semantics while maintaining multi-view consistency.
Indoor scenes exhibit both strong regularities and high variability, demanding a
balance between global structural coherence (e.g., room layout) and local compo-
sitional flexibility, including varied object placement, geometry, and appearance.
Furthermore, the lack of a canonical ordering makes it difficult to apply success-
ful autoregressive paradigms from other domains, as models need to serialize the
3D scene into a sequence while preserving spatial dependencies.

Recent state-of-the-art approaches [31, 49, 65, 66] predominantly rely on dif-
fusion or flow-based models operating over neural fields, Gaussian primitives,
or latent scene representations. While these methods achieve impressive visual
fidelity, they typically formulate generation as a global denoising or refinement
process, which can make incremental editing and structured completion less nat-
ural. In contrast, autoregressive transformers have demonstrated strong capabili-
ties for structured sequence modeling and controllable generation across language
and vision domains, yet remain comparatively underexplored for structured 3D
scene synthesis.

In this work, we introduce GaussianGPT, a novel method for autoregres-
sive indoor scene generation and completion that formulates 3D synthesis as
sequential prediction over structured scene primitives. We represent scenes as
sequences of discrete tokens derived from vector-quantized 3D Gaussian primi-
tives, enabling transformer-based models to incrementally generate, extend, and
edit scenes through next-token prediction. This formulation combines explicit 3D
representations with the compositional inductive biases of autoregressive trans-
formers, providing a complementary alternative to diffusion-based paradigms.

To sum up, our contributions are:

(i) a structured tokenization of Gaussian-based scene representations that en-
ables autoregressive modeling of complex indoor environments

(ii) an autoregressive transformer framework for incremental 3D Gaussian scene
generation, completion, and outpainting.
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2 Related Works

3D Representations for Generation. A critical design choice in 3D generative
modeling is the underlying 3D representation. Early generative approaches pre-
dominantly modeled shapes using discretized or implicit geometric formula-
tions, including voxel-based occupancy grids, signed distance functions, and
point clouds [1, 13, 44, 52, 62, 64, 67]. Meshes constitute another explicit sur-
face representation and have recently been explored for 3D generative model-
ing [53,65,66]. The introduction of Neural Radiance Fields (NeRF) [40] enabled
high-fidelity 3D generative modeling through continuous volumetric representa-
tions [41,42,47,59]. However, NeRF-based representations require dense volumet-
ric sampling, resulting in high training and inference costs that limit scalability.
3D Gaussian Splatting [29] has emerged as an efficient and expressive alterna-
tive for 3D generative modelling, combining high visual quality with real-time
rendering [11, 31, 66]. However, unconstrained sets of 3D Gaussians lack struc-
tural regularity, which makes them difficult to model. To address this, structured
Gaussian parameterizations aligned to spatial grids have been proposed to in-
troduce regularity while preserving rendering efficiency [49]. Furthermore, rather
than generating the structured 3D Gaussians directly, we follow the paradigm of
latent-space generation [16,50], which has been widely adopted in 3D generative
modeling to improve stability, scalability, and sample quality.

Autoregressive 3D Generation. Early generative approaches for 3D modeling
were largely based on variational autoencoders and generative adversarial net-
works [1, 62, 64, 67]. More recently, advances in 3D generative modeling have
been driven predominantly by diffusion and flow-matching paradigms, which
model complex data distributions through iterative denoising or continuous-
time transformations and achieve strong synthesis quality across representa-
tions [13, 21, 35, 47, 52]. In parallel, autoregressive modeling, popularized by
Transformer-based sequence architectures such as GPT-style models [4, 48, 60],
has achieved remarkable success in language, vision, and multimodal generation
by factorizing joint distributions into a sequence of conditional predictions. This
formulation enables likelihood-based training, progressive generation, and flexi-
ble conditioning. Despite its success in tokenized domains, autoregressive mod-
eling remains comparatively underexplored for 3D generation. Existing works
primarily focus on sequential modeling of discretized geometric representations,
including mesh-based generation [9,18,53], hierarchical voxel or octree tokeniza-
tions [24], and structured geometric token modeling [8, 17, 69]. In contrast, we
explore autoregressive generation over structured Gaussian primitives, enabling
scalable modeling of both objects and full scenes while avoiding the iterative
sampling procedures characteristic of diffusion-based methods.

From Objects to Scenes. On object level, 3D generative modeling has seen re-
markable progress in recent years [12, 31, 58, 65, 66]. In contrast, full 3D scene
generation remains comparatively underexplored. Scenes introduce additional
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challenges, including large spatial scale, long-range spatial dependencies, multi-
object compositionality, and the need for coherent layout and physical plau-
sibility. Existing approaches address these challenges in different ways. Some
decompose scene generation into structured layout prediction followed by object
retrieval or object-level synthesis [46,57,61]. Others leverage strong priors from
pretrained image or video generative models to guide 3D optimization or recon-
struction [23, 51], or rely on large-scale foundation models to provide semantic
or structural supervision [14, 32, 33, 71]. A further line of work formulates scene
generation as feed-forward reconstruction using depth or multi-view cues com-
bined with Gaussian splatting, focusing on reconstruction rather than uncondi-
tional generative modeling [7,10,25,34,56,70]. While these strategies demonstrate
promising results, they often depend on external priors, multi-stage pipelines,
or optimization-heavy procedures. In contrast, we aim to learn a unified au-
toregressive generative model that directly models 3D scenes without relying on
pretrained 2D diffusion or video priors, enabling scalable scene synthesis within
a single probabilistic framework.

3 Methodology

Our goal is to synthesize 3D Gaussian scenes using unconditional autoregressive
generation with a GPT-style transformer. Since GPT models operate on dis-
crete token sequences and have limited contextual scope, we first require a com-
pact and discrete representation of 3D scenes. To this end, we leverage a sparse
3D convolutional autoencoder that maps Gaussian scenes to a discrete latent
grid representation and faithfully reconstructs them (Sec. 3.1). Given this rep-
resentation, we serialize the latent grids into token sequences and train a causal
transformer to model the joint distribution of grid occupancy and features. An
overview of the full pipeline can be seen in Fig. 2. We detail the autoregressive
formulation, architectural design, inference procedure, and the incorporation of
3D spatial priors in Sec. 3.2.

3.1 Scene Compression via Sparse 3D Latent Encoding

To enable token-based autoregressive modeling, we first transform a continu-
ous 3D Gaussian scene into a compact discrete latent grid representation. Our
compression stage consists of (i) projecting Gaussian primitives into a sparse
3D feature grid, (ii) encoding this grid using a sparse 3D convolutional autoen-
coder, and (iii) discretizing the latent representation via vector quantization.
The resulting quantized latent grid forms the basis for subsequent autoregres-
sive modeling.

Sparse 3D Feature Grid. Following 3D Gaussian Splatting [29], our input is a
scene represented by a set of Gaussian primitives. Each primitive is defined by a
set of continuous attributes: position, opacity, size, rotation, and color. We de-
fine a grid in world coordinates and assign Gaussians to the corresponding voxels
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Fig. 2: Overview of GaussianGPT. A 3D Gaussian scene is subsampled into a sparse
voxel grid and encoded into per-voxel features. A sparse 3D CNN compresses the grid
into discrete codebook indices. The resulting latent grid is serialized via xyz order-
ing and represented as interleaved position tokens pi and feature tokens fi. A causal
transformer with 3D RoPE predicts alternating position and feature tokens, which are
mapped back to voxel locations and decoded through LFQ to reconstruct the 3D Gaus-
sian scene.

based on their positions. We replace absolute positions with relative offsets from
the voxel centers and randomly subsample, when multiple Gaussians are present
in a voxel, to obtain our input 3D Gaussian scene. For each voxel, we use a set of
lightweight encoding heads to encode each Gaussian feature, then concatenate
the results into a unified vector to obtain a sparse input feature grid. Symmet-
rically, after passing through the 3D CNN, a set of per-feature decoding heads
converts the predicted per-voxel feature vectors back into individual Gaussian
attributes.

Sparse 3D CNN Encoder-Decoder. The input feature grid is processed by a sparse
3D convolutional encoder E and decoder D following L3DG [49]. The encoder
progressively downsamples the grid to a compact latent representation, while
the decoder reconstructs voxel-level features. The convolutional design preserves
spatial locality and translation equivariance, yielding structured latent features
well suited for subsequent generative modeling.

Vector Quantization. In contrast to the L3DG implementation, we adopt lookup-
free quantization (LFQ) [68], which has been shown to improve codebook uti-
lization and quality. Following the concept of LFQ, the output of our encoder z
directly corresponds to the codebook indices by discretizing to 0 or 1 based on
the sign.

Training. The network is trained on randomly selected images by using a com-
bination of re-rendering, occupancy, and codebook losses. For the re-rendering



6 N. von Lützow et al.

losses, LRGB is an L1 color loss and Lperc is a VGG19-based [54] perceptual loss;
both are aggregated over a set of sampled images and poses. Occupancy predic-
tions in the decoder upsampling layers are guided by a binary cross-entropy loss,
Locc, following L3DG. Lastly, LLFQ aims to increase the codebook usage by
increasing entropy, as introduced in [68]. We pass the result through an offset
softplus function to obtain positive loss values.

L = λRGBLRGB + λpercLperc︸ ︷︷ ︸
re-rendering

+ λoccLocc︸ ︷︷ ︸
occupancy

+λLFQsoftplus (LLFQ + 5)︸ ︷︷ ︸
codebook entropy

. (1)

3.2 Autoregressive Modeling of Latent 3D Grids

Given the quantized latent grid, our goal is to model the joint distribution of its
occupancy and features using a sequence-based autoregressive model. Our first
step is therefore to serialize the 3D grid into a 1D token sequence, after which we
can train a causal transformer to model the underlying patterns. We additionally
provide priors to the model by separating position and feature vocabularies and
injecting 3D positional embeddings.

3D Grid Serialization. We linearize the 3D structure into a 1D sequence using
a simple and fixed xyz traversal order. Since z is the least significant dimension,
an intuitive understanding of this is that we iterate a scene-height column at
every (x, y) position before jumping to the next one. While this pattern does
not preserve 3D locality in the 1D sequence, its advantages lie in its simple,
interpretable ordering (see Sec. 4.5).

Given the ordering and relative position indices of the voxels, we construct
our sequence by interleaving position and feature tokens. Since the possible se-
quence grows cubically with scene size, we limit the required context size by
operating our GPT model on chunks rather than entire scenes. Each voxel is as-
signed a position index relative to the current grid chunk rather than its absolute
position, enabling the model to operate locally and generalize across positions,
scenes, and layouts.

Vocabulary Design. Although our sequences are processed by a shared trans-
former backbone, we employ separate vocabularies for position and feature to-
kens. Following the regular alternating pattern of position and feature tokens, we
alternate between a distinct position and feature head. The task of the position
head is to predict the next occupied voxel index, and the feature head predicts
the feature at the preceding position. This explicit separation in vocabulary and
predictions decouples geometric structure from appearance modeling and pre-
vents competition between spatial and semantic features over shared indices.
Incidentally, this design also allows us to freely control the chunk size and the
corresponding number of position indices, irrespective of the feature codebook
size.
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3D Rotary Positional Encoding. Transformers, as used in GPT-style models,
process inputs as a 1D token sequence and require an explicit notion of position.
In standard applications, positional information is injected along this 1D index,
either via learned absolute embeddings or via relative encodings such as rotary
positional embeddings (RoPE) [55]. However, in our setting, the token sequence
is not an inherently one-dimensional signal: it is obtained by serializing a sparse
3D latent grid. If we were to apply standard 1D positional encoding directly
to the serialized order, the model would primarily learn notions of sequence
proximity, which can translate poorly to spatial proximity. In particular, voxels
that are close in (x, y, z) may be far apart in the serialization, and vice versa.

To inject an explicit spatial inductive bias, we encode actual voxel coordinates
inside the attention mechanism using 3D RoPE. This way, the attention score
becomes a function of the relative spatial offset between the tokens rather than
the sequence offset. The approach follows recent uses of coordinate-aware rotary
embeddings in 3D generation [65], enabling the model to reason about the spatial
locality independent of the serialization order.

Finally, our sequence alternates between position and feature tokens, both
of which correspond to the same 3D location. In practice, we therefore extend
the rotary embeddings with an additional 4th dimension that indicates the to-
ken type. This token-type rotary component helps the transformer to further
disentangle geometry from appearance while retaining a single unified attention
formulation over the mixed token stream.

Transformer Architecture. Our decoder-only causal transformer architecture fol-
lows the standard GPT formulation with stacked multi-head self-attention and
feed-forward blocks. Our model is based on GPT-2 [48] and builds on nanochat
[28] as its technical backbone. Compared to the vanilla GPT-2 pipeline, we ad-
ditionally employ rotary positional embeddings (extended to 3D as described
above), query–key normalization, per-layer residual scaling, and the Muon opti-
mizer [19, 26, 27]. While part of the default configuration of the nanochat back-
bone, we do not use value embeddings or sliding-window attention [4, 72].

Training. The transformer is trained to model the distribution of serialized scene
tokens using a standard autoregressive objective. Given a tokenized scene se-
quence t = (t1, . . . , tT ), the model predicts each token conditioned on all previ-
ous tokens:

LCE = −
T∑

i=1

log pθ(ti | t<i). (2)

Training is performed with teacher forcing, where we provide ground-truth to-
kens as input, and the model learns to predict the next token in the sequence.
Since our representation alternates between position tokens and feature tokens,
the cross-entropy loss is computed over the corresponding vocabulary at each
step. Invalid vocabulary entries are masked such that the model only predicts
position tokens at position steps and feature tokens at feature steps.
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Scene Generation and Completion. At inference time, scenes are generated au-
toregressively by sampling tokens conditioned on previously generated context.
Starting from a begin-of-sequence (BOS) token, the transformer alternates be-
tween predicting position tokens and feature tokens until an end-of-sequence
(EOS) token is produced.

A key advantage of the autoregressive formulation is that scene completion
and unconditional generation are handled by the same mechanism. Given a par-
tial scene, we simply serialize the observed tokens and use them as a prefix
prompt from which the model continues generation. This allows the transformer
to naturally infer missing geometry and appearance while remaining fully consis-
tent with the existing scene context. The same principle also enables large-scale
scene synthesis beyond the fixed training chunk size. By repeatedly applying
completions on a sliding window of previously generated tokens as context, we
can continuously outpaint the scene.

Due to the compositional nature of autoregressive generation, we can further
limit predictions based on the current sequence. Specifically, since each posi-
tion token directly corresponds to a voxel index within the current chunk, we
can mask already generated locations, ensuring that the sampled sequence al-
ways respects ordering constraints. Additionally, the sequential nature of our
approach enables tree search. We use this when generating larger scenes by
resampling columns without occupancy, thereby creating more occupied and
connected scenes.

4 Experiments

We evaluate GaussianGPT on unconditional generation, scene completion, and
large scene outpainting. First, we describe the datasets and experimental setup.
We then present quantitative results on shape generation, scene generation, and
scene completion, as well as qualitative results and large-scale outpainting exam-
ples. Lastly, we showcase larger scenes synthesized by our approach and ablate
the effect of our design choice for sequence ordering.

4.1 Datasets

PhotoShape. For object-level experiments, we follow the setup of DiffRF [41] us-
ing PhotoShape [45]. The dataset contains 15,576 chairs normalized to a canon-
ical grid, and associated with 200 rendered views each.

3D-FRONT. To obtain high-fidelity Gaussian scenes, we construct a dataset
based on 3D-FRONT [15]. For each scene, we render multi-view images and
initialize Gaussian primitives from depth maps. These Gaussians are optimized
using Scaffold-GS [37] for 60k iterations. By aligning anchors with voxel centers
and restricting each anchor to a single Gaussian, we obtain a high-fidelity Gaus-
sian scene within the input domain of our autoencoder. After filtering scenes
based on spatial extent, our resulting dataset contains 4,472 scenes. To increase
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data diversity, we additionally apply rotational and reflection-based augmenta-
tions, effectively increasing the dataset size by a factor of eight.

Aria Synthetic Environments. For large-scale scene modeling, we additionally
use Gaussian scenes derived from Aria Synthetic Environments (ASE) [2] opti-
mized as part of SceneSplat++ [39]. The dataset contains 25,000 indoor scenes
with diverse layouts, object arrangements, and appearances.

4.2 Experimental Setup

Autoencoder Configuration. The scene autoencoder operates on a base voxel size
of 0.025m and applies three downsampling stages, resulting in a latent grid with
a voxel size of 20 cm. For objects, shapes are discretized on a 1283 grid with two
downsampling stages to match prior work [49]. We do not model view-dependent
appearance for scenes, while objects use first-order spherical harmonics. Across
all experiments, the codebook size is set to 4,096. For more information on the
autoencoder hyperparameters, see Appendix F. For the re-rendering losses, we
use λRGB = 7.5 and λperc = 0.3 with 12 images for scenes, and λRGB = 12.5 and
λperc = 0.1 with 4 images for objects following [49]. λocc = 1.0 and λLFQ = 0.1
are the same across all trainings.

Transformer Configuration. For scene modeling, we use a GPT-2 medium-sized
transformer with a context window of 16,384 tokens, which is sufficient to cover
a fully occupied chunk. For object generation, we use a GPT-2 small-sized trans-
former with a context window of 8,192 tokens. All results are sampled with a
temperature of 0.9 and Nucleus Sampling [22] with p = 0.9.

Training Strategy. Scene training is performed on spatial chunks with fixed ver-
tical positions in order to align floor heights across scenes and datasets. During
training, we randomly sample chunk locations subject to minimum occupancy
thresholds. For ASE scenes, supervision for autoencoder training is obtained by
comparing against rendered ground-truth Gaussians, whereas for 3D-FRONT
scenes, we use the previously rendered images. We limit supervision to image
pixels within the corresponding chunk, as defined by the GT geometry. For
object experiments, both the autoencoder and transformer are trained on full
shapes without chunking.

Optimization and Compute. The autoencoder is trained using Adam [30] with a
learning rate of 10−4, and the transformer uses a combination of AdamW [36] and
Muon [26] with per-module learning rates [28]. Both models use cosine learning
rate decay to 10% of the initial value. Autoencoder training uses 4 RTX A6000
GPUs, with an effective batch size of 8 for scenes and 24 for objects. Transformer
training uses 4 GH200 GPUs with an effective batch size of 64. We train the au-
toencoder for around 4 days on scenes and 2 days on PhotoShape. GPT training
takes around 1 day on scenes and 4.5 hours on PhotoShape. We additionally
fine-tune both models on 3D-FRONT only, which takes around 1 day for the
autoencoder and 10 hours for the GPT model.
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DiffRF L3DG Ours

Fig. 3: Qualitative results on unconditional chair generation. From left to right:
DiffRF [41], L3DG [49], and GaussianGPT (ours). All models generate high-fidelity
shapes; our method produces clean Gaussian allocations with consistent geometric
structure.

Table 1: Quantitative evaluation of unconditional generation of 1000 shapes after
training on the PhotoShape Chairs dataset [45]. MMD and KID scores are multiplied
by 103.

Method FID ↓ KID ↓ COV ↑ MMD ↓

π-GAN [6] 52.71 13.64 39.92 7.387
EG3D [5] 16.54 8.412 47.55 5.619
DiffRF [41] 15.95 7.935 58.93 4.416
L3DG [49] 8.49 3.147 63.80 4.241
Ours 5.68 1.835 67.40 4.278

4.3 Shape Synthesis

Following the evaluation protocol of L3DG [49], we evaluate GaussianGPT on
unconditional chair generation using PhotoShape [45], Rendering quality is mea-
sured using Frechet Inception Distance (FID) and Kernel Inception Distance
(KID) on 128×128 images [3,20,43]. For geometric evaluation, we compute Cov-
erage (COV) and Minimum Matching Distance (MMD) using Chamfer Distance
on 2k surface points of meshes extracted from generated Gaussians, following [1].
COV measures sample diversity, while MMD reflects geometric fidelity.

Quantitative results are reported in Tab. 1. Our autoregressive model achieves
the best FID, KID, and COV among all methods, while remaining competitive
in MMD, indicating strong alignment with the target distribution in both ap-
pearance and geometry.
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Qualitative results are shown in Fig. 3. Both L3DG and GaussianGPT pro-
duce high-quality chairs with plausible geometry and appearance. However, our
model tends to avoid noisy outlier primitives, resulting in sharper structures
and cleaner renderings while maintaining substantial variation in shape and
style. Overall, these results demonstrate that autoregressive modeling of vector-
quantized Gaussian representations can achieve state-of-the-art performance in
unconditional 3D shape synthesis.

4.4 Scene Synthesis

We evaluate unconditional scene generation and scene completion. For qualita-
tive comparison, we contrast GaussianGPT with the original L3DG model [49],
which is trained to generate full normalized indoor rooms. To enable a controlled
quantitative comparison, we additionally train both GaussianGPT and L3DG on
the same chunked 3D-FRONT data under matched spatial settings. The quanti-
tative results below refer to this matched chunk-level setup. Qualitative results
for the chunked L3DG model are provided in Appendix G.

L3DG Ours

Fig. 4: Qualitative results on unconditional scene generation. We compare the original
full-room L3DG [49] against GaussianGPT trained only on 3D-FRONT.

Evaluation Protocol. We evaluate unconditional generation as well as comple-
tion from partial context using the metrics in Tab. 2. The given context is a
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spatially contiguous subset containing the first 25% or 50% in the x dimension.
Appearance quality is measured by FID and KID over rendered views sampled
along horizontal orbits around each chunk. For geometry, we compute Chamfer
distance-based COV and MMD from point sets sampled from the Gaussian cen-
ters. Compared to the shape-level evaluation, we raise the resolution to 256×256
and the number of points to 16k. We additionally assess layout quality using FID
and KID on top-down depth renderings. For this, we only keep the bottom 60%
of Gaussians per-chunk to remove ceilings. Completion is evaluated using CLIP
similarity between the orbit renderings and their GT equivalents. We use Re-
Paint [38] to evaluate L3DG for completion.

Qualitative Results. As shown in Fig. 4, both methods produce coherent indoor
layouts with plausible object placement and appearance. The causal formulation
naturally conditions on arbitrary prefixes, enabling scene completion without
architectural changes or specialized conditioning mechanisms, as can be seen in
Fig. 6. We observe that generated completions are both semantically meaningful
and diverse across samples, indicating strong modeling of the conditional scene
distribution from partial inputs.

Table 2: Quantitative evaluation on scene chunks. We compare unconditional gener-
ation and completion with 25% and 50% context in terms of appearance, geometry,
layout, and completion consistency after training on 3D-FRONT data. Generation is
evaluated on 1000 generated and randomly selected GT chunks, while completion uses
200 GT chunks with 5 completions each. GT chunks are selected from held-out scenes.

Appearance Geometry Layout Completion

FID ↓ KID ↓ COV ↑ MMD ↓ FID ↓ KID ↓ CLIP-Sim. ↑

Generation
L3DG 100.98 0.095 0.692 0.096 93.84 0.092 –
Ours 94.85 0.084 0.548 0.118 84.14 0.077 –

Completion (25% context)
L3DG 109.35 0.100 0.925 0.106 112.57 0.093 0.834
Ours 100.06 0.084 0.879 0.089 95.60 0.068 0.841

Completion (50% context)
L3DG 106.54 0.096 0.940 0.084 111.71 0.092 0.843
Ours 98.13 0.081 0.940 0.057 90.77 0.063 0.851

Quantitative Results. Table 2 highlights a trade-off for unconditional generation.
Consistent with the qualitative examples, L3DG produces more varied samples
and better matches the ground-truth geometry distribution, while GaussianGPT
produces cleaner geometry and stronger appearance and layout metrics. As the
task shifts toward completion and more of the scene is observed, this trade-off
increasingly favors our autoregressive formulation.
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Fig. 5: 12m × 12m scene synthesis via autoregressive outpainting. GaussianGPT se-
quentially generates and appends latent grid columns, enabling scenes to grow beyond
the training horizon.

Large Scene Generation. As shown in Fig. 5, our model can extend scenes be-
yond the fixed training horizon. We iteratively generate and append latent-grid
columns using previously generated regions as context. To promote occupancy
across larger scene generation, we leverage the step-by-step generative process
to introduce a backtracking resampling strategy. If a column without any geom-
etry is predicted, we move back to the last prior token and attempt sampling
again up to 5 times. GaussianGPT produces coherent and stylistically consis-
tent extended scenes over substantial spatial ranges, although quality gradually
degrades with distance from the initial context, as analyzed in Appendix C.
These results highlight the flexibility of autoregressive modeling for open-ended
3D scene synthesis, where scene size is not predetermined, and generation can
naturally scale with context.

4.5 Autoregressive Modeling Ablations

We ablate key design choices of our autoregressive model on the combined ASE
and 3D-FRONT training setup. Specifically, we study how the 3D latent grid is
serialized into a token sequence and how spatial and feature information are rep-
resented within the transformer. For all variants, we keep the remaining architec-
ture and training configuration fixed and report average training and validation
cross-entropy over epochs 70–74.

Serialization Strategies. Table 3 compares different 3D-to-1D serializations. Be-
sides our column-wise xyz traversal, we evaluate Z-order and Hilbert space-filling
curves and their transposed variants following Point Transformer V3 [63]. Despite
stronger locality guarantees, these orderings do not improve performance. The
simple xyz traversal performs best overall, while transposed Z-order achieves
nearly identical validation performance. This suggests that 3D RoPE already
provides sufficient spatial information, reducing the importance of locality in
the serialized sequence.

Core Model Components. Table 4 evaluates separate vocabularies for position
and feature tokens, as well as 3D RoPE. A shared vocabulary increases vali-
dation cross-entropy, while learned positional embeddings or 1D RoPE degrade
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Input / GT Completions

Fig. 6: Qualitative results on scene chunk completion. Given one quarter of a validation
chunk as context, GaussianGPT produces plausible and diverse completions.
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both training and validation performance. Together, these results show that
separating spatial and feature prediction and explicitly encoding 3D coordinates
provide useful inductive biases for autoregressive scene modeling.

Table 3: Ablation of 3D-to-1D serializa-
tion strategies.

Ordering Train CE ↓ Val CE ↓

Z-order 2.203 2.432
Trans. Z-order 2.204 2.423
Hilbert 2.347 2.439
Trans. Hilbert 2.334 2.434
xyz (ours) 2.151 2.421

Table 4: Ablation of the core design deci-
sions: separate vocabulary and 3D RoPE.

Setup Train CE ↓ Val CE ↓

Ours 2.151 2.421

w/ Shared Vocab. 2.157 2.449
w/ Learned PE 2.210 2.461
w/ 1D RoPE 2.227 2.446

5 Conclusion

We introduced GaussianGPT, a fully autoregressive framework for 3D scene
generation and completion operating directly on vector-quantized Gaussian rep-
resentations. By combining sparse 3D latent compression with structured tok-
enization and 3D-aware transformer modeling, we show that sequential next-
token prediction is a viable and complementary alternative to diffusion-based
approaches for structured 3D synthesis. Compared to diffusion-based methods,
our formulation enables several new capabilities. Scenes can be generated in-
crementally as a sequence of discrete spatial decisions, allowing explicit control
over sampling, causal reasoning over partially generated geometry, and seamless
support for completion and outpainting using the same model.

We demonstrate improved visual quality in 3D shape synthesis and scene-
level generation and completion, with stronger perceptual and layout quality
while retaining a trade-off in geometric diversity. More broadly, our work high-
lights the potential of treating 3D scenes as structured token sequences, opening
new opportunities for controllable and compositional 3D generation. Future work
includes extending the framework to real-world data, where uncertainty-aware
modeling becomes essential, and autoregressive approaches are particularly well-
suited. We also imagine other promising avenues for mitigating large-scene degra-
dation, improving long-horizon stability, and extending the generation context
beyond fixed spatial chunks and orderings.
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