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Supplementary Material

6. Implementation Details
6.1. Base 3D Generative Model

To equip our system with a strong and expressive 3D prior,
we begin by training a base 3D generative model. Our
design follows the state-of-the-art structured 3D genera-
tive framework TRELLIS [6], particularly its structure-level
generation stage, which predicts sparse voxel occupancies
to capture the spatial organization of objects and to model
physically and semantically plausible scene layouts. Con-
cretely, we reuse the structured variational autoencoder of
TRELLIS as the backbone, providing a compact and ex-
pressive representation of 3D structures. To further en-
hance the model’s ability to interpret complex semantic
layouts, we adopt Qwen2.5-VL-7B-Instruct [1] as the text
encoder, ensuring rich cross-modal grounding. The de-
sign of our flow transformer builds upon the architecture of
Qwen-Image [5] and integrates the Multimodal Diffusion
Transformer (MMDIT) [2], thereby enabling unified mod-
eling of text and 3D representations within a single Trans-
former framework. Within each block of the MMDIT, we
incorporate a novel positional encoding mechanism, Mul-
timodal Scalable RoPE (MSRoPE), designed to provide
consistent and scale-robust positional representations across
both modalities. This formulation enables effective multi-
modal fusion while preserving stable positional semantics
for text and scalable spatial modeling for 3D latent repre-
sentations.

The detailed experimental settings are as follows. We
represent the 3D scene using a 642 voxel grid, which is used
across all training stages as well as during inference. For
training, we adopt classifier-free guidance (CFG) [3] with a
drop rate of 0.1 and use the AdamW optimizer [4] with a
learning rate of 1 x 10~%. The model is trained for 400K
steps on 16 A100 GPUs (80GB) with a batch size of 16 per
GPU. At inference time, the CFG strength is set to 3 and 50
sampling steps are used.

6.2. Teacher Model

With a strong 3D prior established, the next stage focuses
on applying it to layout generation. To preserve the spatial
knowledge already acquired by the base model, we min-
imize modifications to the original architecture. Specifi-
cally, as illustrated in Sec. 3.3, the teacher model builds
upon the base 3D generative model by jointly taking the
current scene state and the target object as input. To en-
able the model to distinguish between the scene and objects
while facilitating faster convergence, we further introduce
an identity-aware positional embedding. Together, these

designs allow the teacher model to achieve comprehensive
modeling of the geometric relationships between the scene
and objects. The experimental setup is largely consistent
with that of the first stage, with the main differences being
a reduced training length of 100K steps and a learning rate
of 5 x 1075,

6.3. Post-Training via Dual-Guidance Self-Rollout

To mitigate the exposure bias inherent in autoregressive
generation, we employ a dual-guidance self-rollout strategy,
as summarized in Algorithm 1. This stage distills a pre-
trained, few-step student generator following the methodol-
ogy detailed in the main paper Sec. 3.4. Below, we specify
the network components and hyperparameters used in this
process.

The distillation framework comprises four distinct mod-
els. The Student Model Gy is an efficient, few-step 3D lay-
out diffusion model, initialized via distillation from the Au-
toregressive Teacher Model trained in Sec. 6.2. The Holistic
Teacher pr, provides the final supervision signal Lpopistic
and is implemented using the frozen Base 3D Generative
Model described in Sec. 6.1. The Step-Wise Teacher pr,
provides intermediate corrective signals L., utilizing the
frozen Autoregressive Teacher Model detailed in Sec. 6.2.
Finally, to implement the Distribution Matching Distillation
(DMD) loss, we employ a trainable Critic Model f,,. This
critic is initialized with the same architecture and weights
as the Base 3D Generative Model, i.e., the Holistic Teacher,
and is trained to approximate the score function of the stu-
dent’s generated data distribution.

Training Hyperparameters. We perform post-training
with a batch size of 1 given the sequential, memory-
intensive nature of the self-rollout process. The Student
Model Gy is optimized using AdamW with a learning rate
of 2 x 107°, (81, B2) = (0.0,0.999), and weight decay of
0.01. The Critic Network fy, is optimized separately us-
ing AdamW with a learning rate of 5 x 1077, (31, 32) =
(0.0,0.999), and weight decay of 0.01. To stabilize score
estimation, we use a Generator/Critic update ratio of 1:5
(i.e., five critic updates per student update). For teacher
score computation s, Classifier-Free Guidance (CFG) is
applied with a scale of 3.0.

Loss Function Formulation. Our dual-guidance objec-
tive Lguai = Lhotistic + Lstep 1s formulated using Distri-
bution Matching Distillation [7]. This objective minimizes
the reverse Kullback-Leibler divergence by leveraging the



Algorithm 1 Dual-Guidance Self-Rollout Distillation

Require: Denoise timesteps {¢1,...,¢tr}, number of ob-
jects N

Require: Student generator Gy, step-wise teacher pr,,
holistic teacher pr

Require: Initial state Sy, object sequence {O;}Y ;. text
prompt ¢

1: loop

2 Sctx < SOa Soutputs < H

3 Sample s ~ Uniform(1,...,T)

4 fori=1,...,N do

5: Ci < (Sex, 04 0)

6 Initialize z¢, ~ N(0, )

7 forj=T,... sdo

8

9

if j == s then

: Enable gradient computation
10: 5'() — Gg(ztj;tj,ci)
11: Soutputs-append(Sp)
12: Seix S’o.detach()
13: else
14: Disable gradient computation
15: SO — Gg(ztj;tj,Cz-)
16: Sample € ~ N(0, I)
17: Zt;_, \I/(Svo,e,tjfl)
18: end if
19: end for
20: end for
210 Lgtep + 0, Sex <+ So
22: fori=1,...,Ndo
23: Si — Soulputs [7']
24: Ci + (Se, 0i, ) R
25: £step <~ Estcp + LDMD(S’i;pTP? Cl)
26: Seix — Si.detach()
27: end for
28: Sy Soutputs-1ast()
29: Lhotistic < Lomp(SN; P75, €)
30: [’dual — ['step + Cholistic
31: Update 0 via Vo L gya1
32: end loop

score difference between the student (approximated by the
critic fy,) and the teacher. The gradient for the student Gg
is derived as follows:

VoLauai = By, i [(s7(xt,t) — s9(24, 1)) Vozo] (1)

where xg = Gg(zy, t, C;) denotes the clean layout predicted
by the student. Here, sy represents the score function of the
fixed teacher (either p7, for Lyopistic OF P13 for Lgiep), and
sy 1s the score estimated by the critic. The critic is con-
currently trained to approximate the student’s score using a

standard denoising objective.

7. Additional Results
7.1. Scalability to More Objects

We evaluate on 8—10 objects for fair comparison against ex-
isting baselines. Thanks to self-rollout distillation, Lavi-
Gen inherently supports a “train short, test long” paradigm
and can handle scenes with more than 20 objects, as shown
in Fig. 8.
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Figure 8. Qualitative results for long-sequence generation with
more than 20 objects.

7.2. Generalizability Across Backbones

Our framework is not tied to a specific 3D generative back-
bone. To validate this, we apply LaviGen to TRELLIS [6]
using its original CLIP text encoder, without our addi-
tionally trained Qwen encoder. As shown in Fig. 9, the
model maintains high physical plausibility and semantic co-
herence, confirming that our recipe successfully transfers
across different base architectures without relying on large-
scale training infrastructure.
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Figure 9. Generalization across different 3D generation back-
bones.

7.3. Generation Diversity

LaviGen naturally supports diverse outputs via stochastic
sampling. Given the same input instruction, the model gen-
erates varied yet plausible layouts, as illustrated in Fig. 10.
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Figure 10. Diverse layout results generated from the same input
instruction.

8. Limitations and Future Work.

Although LaviGen gains strong geometric distribution mod-
eling capability from operating in the native 3D space,



several limitations remain. First, due to constraints in
model capacity and computational resources, we adopt a
643 3D grid resolution. While generally adequate for most
objects, this resolution becomes insufficient for small in-
stances, leading to mismatches in subsequent spatial co-
ordinate computations. To address this issue, our future
work will explore more efficient computation strategies for
higher-resolution voxel grids and investigate denser 3D rep-
resentations capable of supporting higher spatial resolutions
and capturing finer spatial details. Additionally, as shown
in Tab. 1, the semantic consistency of the generated lay-
outs remains suboptimal. We attribute this primarily to the
scarcity of high-quality annotations, particularly for layouts
with complex spatial configurations or object arrangements.
In future work, we will enhance our annotation pipeline
to collect and process additional high-quality labeled data,
and explore more advanced text-conditioning mechanisms
to further improve the robustness and semantic reliability of
LaviGen.
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