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Abstract

Text-to-LiDAR generation can customize 3D data with rich
structures and diverse scenes for downstream tasks. How-
ever, the scarcity of Text-LiDAR pairs often causes insuffi-
cient training priors, generating overly smooth 3D scenes.
Moreover, low-quality text descriptions may degrade gen-
eration quality and controllability. In this paper, we pro-
pose a Text-to-LiDAR Diffusion Model for scene genera-
tion, named T2LDM, with a Self-Conditioned Representa-
tion Guidance (SCRG). Specifically, SCRG, by aligning to
the real representations, provides the soft supervision with
reconstruction details for the Denoising Network (DN) in
training, while decoupled in inference. In this way, T2LDM
can perceive rich geometric structures from data distribu-
tion, generating detailed objects in scenes. Meanwhile,
we construct a content-composable Text-LiDAR benchmark,
T2nuScenes, along with a controllability metric. Based
on this, we analyze the effects of different text prompts
for LiDAR generation quality and controllability, provid-
ing practical prompt paradigms and insights. Furthermore,
a directional position prior is designed to mitigate street
distortion, further improving scene fidelity. Additionally,
by learning a conditional encoder via frozen DN, T2LDM
can support multiple conditional tasks, including Sparse-
to-Dense, Dense-to-Sparse, and Semantic-to-LiDAR gener-
ation. Extensive experiments in unconditional and condi-
tional generation demonstrate that T2LDM outperforms ex-
isting methods, achieving state-of-the-art scene generation.

1. Introduction
LiDAR perceives the surrounding environment and ge-

ometric structures, providing essential data support for 3D
scene understanding tasks such as autonomous driving [43],
virtual reality [55], and robotics [1]. However, collecting
LiDAR scene data with diverse structures and under adverse
weather conditions (e.g., rain) is costly [3, 36, 55], limiting
the advance of data-driven 3D perception models. There-
fore, this has motivated growing research interest in synthe-
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Figure 1. Due to lacking training priors, existing methods struggle
to generate detailed scene objects. In contrast, T2LDM can gener-
ate realistic (a and b) and diverse (c) variants of the same scene.

sizing realistic, diverse and controllable LiDAR scenes.
Convenient natural language can provide semantic guid-

ance for controllable scene generation. In recent years, nu-
merous studies have achieved success in Text-to-Image gen-
eration tasks. Benefiting from rich Text-Image paired data
[4, 50], some methods can be trained on even over 100 mil-
lion samples [45, 47, 48]. This provides strong cross-modal
alignment and semantic priors, enabling generative models
to synthesize realistic and diverse visual content from nat-
ural language descriptions. Inspired by this, researchers at-
tempt to introduce text conditions for customizing LiDAR
scenes [55], improving 3D data diversity and scalability.

Unfortunately, unlike the easily collected Text-Image
pairs (e.g., the internet [4, 44]), LiDAR data acquisition is
time-consuming and labor-intensive, making high-quality
and diverse Text-LiDAR pairs extremely scarce (the Text-
LiDAR pairs < 35K in nuScenes [6]). This limitation hin-
ders the sufficient training of generative models, thus often
resulting in overly smooth and homogeneous generation re-
sults that lack distinct object structures and realistic details
in LiDAR scenes (see Fig. 1). Moreover, the content and
form of text prompts for describing scene structures are cru-
cial to generation results [32, 38]. However, existing bench-
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marks [6] only provide unnatural text descriptions and lack
controllability evaluation metrics, further limiting the gen-
eration results of Text-to-LiDAR generative models.

To address these problems, in this paper, we propose a
Text-to-LiDAR Diffusion Model , named T2LDM. Inspired
by injecting regularization into DDPMs through representa-
tion learning [23, 62], T2LDM employs a Self-Conditional
Representation Guidance (SCRG) to learn geometric details
from data distribution, improving object fidelity in gener-
ated LiDAR scenes. Specifically, SCRG leverages a Guid-
ance Network (GN) to perceive multi-scale perturbed fea-
tures from DN while aligning with the real representations.
This allows GN to produce geometrically detailed features
under multi-level perturbations and conditional guidance,
providing multi-scale supervision signals for DN. In this
way, T2LDM can effectively learn geometric structures
from data distribution, generating detailed and realistic ob-
jects in scenes (see Fig. 1). Moreover, unlike requiring pre-
trained priors [23, 62], SCRG operates in an end-to-end
paradigm, and GN participates in gradient backpropaga-
tion only during the early training stage while detached
during inference, alleviating the computational cost.

Meanwhile, we construct a content-composable Text-
LiDAR benchmark, T2nuScenes, with 3D box priors. This
offers three advantages. First, this enables more accurate
description of object locations than manual annotations (ac-
curacy). Second, this can generalize to any 3D detec-
tion dataset (generality). Third, this enables controllabil-
ity evaluation via detectors (evaluability). Moreover, Text-
to-LiDAR generation presents more flexibility than con-
ditioning on complex 3D boxes. This is also the first to
explore 3D box priors for scene text description, encourag-
ing more explorations of 3D text-guided scene generation.
Based on this, we investigate the effect of text forms for Li-
DAR generation, providing prompt paradigms and insights.

Furthermore, we find that the spherical projection from
LiDAR data to range map may cause directional confu-
sion, leading to distorted streets in generated scenes (see
Fig. 2(c)). Therefore, we design a directional position en-
coding to provide T2LDM with true directional priors for
rows and columns of range maps, further improving fidelity.

Additionally, T2LDM exhibits excellent results across
various conditional generation tasks via non-latent Con-
trolNet [64]. Our key contributions can be summarized as:
• We propose a Text-to-LiDAR Diffusion Model, T2LDM,

with a self-conditioned representation guidance.
• We construct a high-quality content-composable Text-

LiDAR benchmark, T2nuScenes, exploring effective text
prompt forms and providing insights.

• By leveraging a directional position prior, T2LDM allevi-
ates road distortion, further improving scene fidelity.

• Unconditional and conditional results show that T2LDM
can generate LiDAR scenes with detailed objects.

2. Related Works
LiDAR Scene Generation. LiDAR data can precisely de-
scribe the geometric structures and spatial relationships for
a scene, providing an effective representation of the real-
world environment. However, the high acquisition cost and
labor-intensive annotation process make high-quality and
diverse LiDAR data extremely scarce [5, 36, 55, 56, 71].
Some methods attempt to synthesize realistic scenes on Li-
DAR data using physics-based simulation [14, 34, 53, 59].
They typically model the physics of LiDAR signals based
on optical scattering and laser propagation principles, sim-
ulating signal attenuation, backscattering, and measure-
ment noise. Although effective, directly simulating real-
istic scenes on LiDAR data struggles to generate geomet-
rically diverse and structurally rich scenes, as this requires
high-quality LiDAR data as the shape foundation. Benefit-
ing from the strong data-driven capability of deep learning
[7–12, 19, 20, 24, 25, 28, 29, 51, 52, 58, 60, 61, 63, 65–67],
some researchers have explored using neural networks to
generate structurally diverse LiDAR scenes. [5] is the first
to explore LiDAR scene generation using generative mod-
els (VAE [18] and GAN [13]), exhibiting promising results.
Inspired by this, some works use DDPMs [17] to generate
3D scenes [36, 46, 55], achieving superior performance.

Although existing methods have achieved promising Li-
DAR scene generation results, insufficient training pri-
ors often lead to overly smooth and homogeneous scenes,
limiting applicability. In this paper, we propose a Self-
Conditional Representation Guidance, encouraging DN to
learn geometric representations by regularization, improv-
ing object details and structural fidelity in generated scenes.
Text-Guided Generation. Natural language can intuitively
describe scene content, providing flexible semantic guid-
ance. Benefiting from the available and high-quality Text-
Image sample pairs [4, 50], many methods can successfully
generate semantically aligned and diverse high-fidelity im-
ages from given natural language descriptions [45, 47, 48].
Inspired by these advances, some researchers have explored
using text guidance to generate 3D data. Due to the lack of
high-quality Text-Point Cloud data, early methods leverage
Text-Image priors to bridge the gap between text and point
clouds, achieving object-level Text-to-Point Cloud genera-
tion [27, 37, 41]. Subsequently, several works attempted
to directly generate object-level 3D data from text prompts
[33, 57]. Recently, some methods have showed the promise
of Text-to-LiDAR scene generation [55].

Some explorations have demonstrated the potential of
text-guided LiDAR generation, but the lack of high-quality
Text-LiDAR pairs hinder this progress. In this paper, we
construct a content-composable Text-LiDAR benchmark
and provide a controllability evaluation metric. This relies
only on 3D box priors, enabling easy extension to detection
datasets and promoting Text-to-LiDAR generation research.
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Level Type Prompt Example Sample Distribution FSID ↓ FPVD ↓ TBR(%) ↑

(■) Object

Quantity

(♠) Two cars. 857,1873,2099,29320 67.32 66.34 31.12
(♠) There are two cars in the scene. 857,1873,2099,29320 67.54 66.78 30.55
(♠) Two cars. One car is in front. One car is behind. 857,1873,2099,29320 67.63 66.81 29.88
(♣) Two cars. → There are two cars in the scene. 857,1873,2099,29320 68.55 67.10 29.23
(♣) There are two cars in the scene. → Two cars. 857,1873,2099,29320 68.32 67.01 29.94

Adjusted Text (♦) Less/More than five cars. 10692,23457 65.10 64.15 60.35
Location One car is behind to the right of one pedestrian. 681,478,...,339,468 68.12 66.95 12.23
Adjusted Text (♦) No car./One car is around one pedestrian/barrier/truck. 12273,11534,3819,6523 66.74 65.54 23.42
Orientation One car is facing backward. 7416,6662,9994,8711,1366 66.45 65.12 37.12
Adjusted Text (♦) No car./One car is facing right/left. 1366,16127,16656 65.54 64.32 59.42

(▲) Scene Weather Rainy. 6670,27479 65.14 64.55 -
Time Night. 3987,30162 65.53 64.74 -

- Wea., Loc. (⋆) Rainy. One car is around one pedestrian 10101,9876,2966,4536,... 66.93 65.84 23.44

Table 1. Results of different text forms. ”Text1. → Text2.” means that the model is trained with the text form of ”Text2”, while using
”Text1” as conditional input in inference. ”Wea., Loc.” denotes ”Weather, Location”. In nuScenes, original descriptions like “Turn right
at intersection, cross bridge, many peds” are unnatural (the comparison between the original and re-annotated text descriptions in SM).

3. Text Prompt for LiDAR Generation
In this section, we use the re-annotated Text-LiDAR

benchmark to evaluate the effect of different text prompts
for LiDAR generation quality and controllability, providing
the optimized prompt form and scene description insights.

3.1. Annotation and evaluation
Text Annotation. We re-annotated all LiDAR data from
34149 samples in nuScenes with object-level (the target ob-
ject: “car”) and scene-level text descriptions (the annotation
process in the supplementary material (SM)). Meanwhile,
they are stored independently for flexible text combinations.
Evaluation Metric. We train T2LDM on different text
forms, using FID [46] and TBR to evaluate generation qual-
ity and controllability. TBR means the matching Rate be-
tween the Text prompt and the Boxes obtained by applying
a detector [31] on 10,000 generated samples (details in SM).

3.2. Text Prompt Comparison
Quantity, Location, and Orientation (■). Tab. 1 shows
the comparison of generation quality and controllability
across different object-level text prompts. Surprisingly, the
explicit location prompt yields the worst results. Moreover,
the generation controllability is substantially lower than that
of other text prompt forms.
Weather and Time (▲). Meanwhile, we also exhibit the re-
sults of scene-level text descriptions in Tab. 1, significantly
outperforming object-level text prompts in generation.
Text Length (♠). We further evaluate the generation results
for different text lengths. In Tab. 1, longer text prompts with
similar semantics cause a slight degradation in results. This
is because, redundant information in longer prompts may
hinder the model from capturing key semantics [32].
Form Transfer (♣). Furthermore, as shown in Tab. 1, text
prompts with similar semantics but different forms cause
only a slight decrease in results. We believe that this ben-
efits from the text encoder [44] effectively identifying se-
mantics and producing reliable features.

3.3. Text Prompt Analysis
In general, layout-aware text prompts are intuitively ex-

pected to enhance generation quality and controllability
[68, 69]. However, the results in Tab. 1 indicate otherwise.
In fact, this phenomenon can be explained from the perspec-
tive of sample distribution. The more dispersed sample dis-
tribution can produce richer text descriptions but may cause
insufficient training priors due to sample scarcity. This be-
comes particularly severe when the training data are inade-
quate. This also provides an explanation: the more complex
texts typically lead to poorer generation results [30, 40].

Meanwhile, the above results provide some insights:
• Text prompts should be clear and concise while retaining

sufficient semantic information (see Text Length).
• A strong semantic-aware text encoder is crucial for text

prompt generalization [48] (see Form Transfer).
• Annotating Text-LiDAR sample pairs should account for

the sample distribution of the dataset to generate appro-
priate text descriptions for each scene (see Sec. 3.3).

3.4. Text Prompt Optimization
Adjusting Text (♦). Based on the above insights, we adjust
the description forms of quantity, position, and orientation
in Tab. 1. The improvement in generation quality and con-
trollability shows the reliability of annotating text descrip-
tions from the sample distribution perspective.
Prompt Template (⋆). Based on the sample distribution
and text diversity, we consider the benchmark prompt as
“weather, location”, since this covers the weather, object
number, and object layout of scenes. We also provide de-
tailed sample distributions of text combinations in SM.

4. Methodology
4.1. Generation Process

Input Representation. Range Map (RM) represents the
entire LiDAR scene through a spherical projection of 3D
coordinates [35]. The columns and rows represent the Li-
DAR Horizontal (0◦-360◦, HFoV) and Vertical (fdown-fup,
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VFoV) Fields of View. The projection of pi = (x, y, z) is:

u =
1

2
[1− arctan(y, x)π−1]W,

v = [1− (arcsin(zr−1) + fup)f
−1]H,

(1)

where (u, v) and (H,W ) denote the 2D coordinates and the
height, width of RM. Meanwhile, r = ||pi||2 represents the
depth distance of each point pi from the LiDAR sensor.

Range Map and LiDAR data exhibit a (partially) invert-
ible relationship (LiDAR → RM → LiDAR), thus can be
used for generation tasks. Meanwhile, we use depth r and
intensity I as pixel values of RM∈ RH×W×2 [36, 55].
Conditional DDPMs for Text-to-LiDAR Generation.
Given a Range Map x0 ∼ PRM projected from LiDAR co-
ordinates by Eq. 1, a conditional text c ∼ Ptext, and a prior
noise xT ∼ Pnoise, conditional DDPMs achieve the dis-
tribution transformation process between PRM and Pnoise

via: a predefined forward process q that gradually adds per-
turbation to x0 until xT , and a trainable reverse process pθ
that slowly removes noise xT back to x′

0 conditioned on c.
Meanwhile, the timestep t ∼ U [1024] governs the transition
dynamics. In this process, to effectively learn the distribu-
tion transformation, conditional DDPMs typically require
sufficient training priors to match PRM [54, 70].

Then, the training objective of conditional DDPMs is:

L(θ) = Eϵ∼N (0,I)||v − vθ(xt, t, c)||2, (2)

where the target v can be converted into ϵ or x0 (the deriva-
tion in SM). Meanwhile, unconditional generation can be
regarded as a special case of conditional generation (c = ∅)
[42]. Therefore, in this paper, we can achieve the classifier-
free guidance (CFG) [16] by alternately training uncondi-
tional DDPMs and conditional DDPMs.

Subsequently, we can iteratively transform xT sampled
from Pnoise to x′

0 ∼ PRM by the trained vθ in inference.
Finally, x′

0 is converted back to the 3D coordinates to
generate the LiDAR scene using the inverse of Eq. 1 [35].

4.2. Self-Conditioned Representation Guidance

Unlike easily accessible Text-Image data [23, 62], Text-
LiDAR pairs are scarce due to costly collection and an-
notation [5, 36, 55, 71]. This often leads to insufficient
training priors for generative models, resulting in overly
smooth results that lack detailed objects in LiDAR scenes
(see Fig. 1). In image generation, some methods leverage
pretrained priors to enhance the representation capacity of
generative models, achieving promising generation perfor-
mance [23, 62]. However, there are some limitations:
• Requiring large-scale pretrained knowledge priors [39].
• Involving more costly multi-stage training.

In this paper, we propose a Self-Conditional Representa-
tion Guidance (SCRG) that employs a Guidance Network
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Figure 2. (a) In LiDAR space, carA is at the front-right of carB ,
but it appears as the left in RM (window shift). (b) By defin-
ing the horizontal angle θ and vertical angle ϕ in RM, DPE pro-
vides true directional priors, enabling the model to correctly per-
ceive object orientations in the scene. For example, the model can
clearly understand the relative position between carA(θ1,ϕ1) and
carB(θ2,ϕ2). (c) Existing methods produce bend or broken streets
due to directional confusion. T2LDM generates realistic ones.

(GN, xϕ) to learn geometric features with reconstruction
details from data distribution in an end-to-end manner. GN
can provide adaptive perturbation and condition supervision
signals for the Denoising Network (DN, vθ) to effectively
learn geometric details, while detached during inference.

Specifically, GN receives the multi-level perturbation
features F vθ

noise with conditional guidance from DN, align-
ing real coordinates (x0) to reconstruct geometric details:

L(ϕ) = ||x0 − xϕ(x0, F
vθ
noise)||

2. (3)

Subsequently, to inject regularization for DN, F vθ
noise is

aligned with the multi-scale reconstruction features F xϕ
recon

from GN (see Fig. 3 and Fig. 9(bottom)):

LSCRG = lrecon(F
xϕ
recon − F vθ

noise), (4)

where lrecon(·) is a reconstruction loss (the cosine similar-
ity in this paper, the additional ablation studies in SM).

This simple and effective approach:
• With Lower Training Cost. GN participates in gradi-

ent backpropagation only in the early stage and provides
adaptive regularization to DN in an end-to-end manner.

• Without Inference Cost. The detachable design of GN
prevents cost and information leakage in inference.

• With Faster Convergence. The regularization from GN
guides DN to learn high-frequency semantics for faster
early-stage convergence (see Tab. 8 and Fig. 9(bottom)).

4.3. Directional Position Encoding

RM represents the entire LiDAR scene by flattening the
spherical projection [35]. However, window-based opera-
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Figure 3. The overall framework of T2LDM. The Text Encoder
(TE) encodes text prompts to generate semantically reliable fea-
tures. Meanwhile, the Denoising Network (DN) models the de-
noising process under text guidance, DPE, and timestep. Further-
more, the Guidance Network (GN) introduces regularization with
reconstruction details for DN while detached during inference.

tions (e.g., convolution or local attention) perceive RM as a
rectangular image rather than a circular image. This often
leads to directional confusion, making the model struggle
to understand proper object orientations in the scene. The
effect is most evident in distorted streets, as the starting an-
gle is typically defined at the center of the street (see Fig. 2).

In this paper, we design a Directional Position Encoding
(DPE) for RM. By encoding the HFoV and VFoV angles,
DPE can inject spherical geometric orientation priors, mak-
ing the model perceive the true position of content in RM.

Specifically, given x ∈ Rb×c×h×w from vθ or xϕ, DPE
first defines the angle coordinate of each pixel (i, j) in RM:

θ = 2π − (2π − 0) ∗ (i+ 0.5)/w,

ϕ = fup − (fup − fdown) ∗ (j + 0.5)/h.
(5)

Then, the Fourier expansion and a learnable gating are
applied for the angle coordinate (θ,ϕ):

DPE(θ,ϕ) = FourierK(θ,ϕ),

x′ = x+ α ∗DPE(θ,ϕ),
(6)

where α means a learnable gating parameter. K denotes
the number of Fourier expansion terms, FourierK(θ,ϕ) =⊕K−1

k=0 [sin(2kθ), cos(2kθ), sin(2kϕ), cos(2kϕ)].
DPE encodes pixel angles via multi-level Fourier ex-

pansions to provide multi-scale directional priors in RM.
Meanwhile, the learnable gating adaptively modulates the
weights of multi-frequency features.

4.4. Network Architecture

In this section, we present T2LDM overall architecture,
consisting of three key components in Fig. 3: the Text En-
coder (TE), the Denoising Network (DN), and the Guidance
Network (GN) (parameters and optimizations in SM).

The Text Encoder. TE encodes text prompts to provide se-
mantic conditional features. The text prompt generalization
largely depends on TE (see Sec. 3.3). Therefore, we use the
frozen CLIP to produce 768-dimensional text features with
Text-to-Image semantic alignment [27, 41].
The Denoising Network. DN models the denoising, deter-
mining the generation results, following the U-Net architec-
ture [47]. Each stage consists of Attention Block (AB) and
Residual Block (RB) in the encoder and decoder.

Specifically, AB receives text features FCLIP
text from TE

as conditional guidance. This fuses the projected fea-
tures F vθ

noise ∈ Rl×Cvθ→(Q) ∈ Rl×C and FCLIP
text ∈

Rn×768→(K,V ) ∈ Rn×C by a cross-attention block:

O = mlp(WV ) + F vθ
noise,

F = ffn(O) +O,
(7)

where W ∈ Rl×n = softmax(QKT

√
C

) and l = h× w.
Replacing FCLIP

text with F vθ
noise means unconditional gen-

eration. The timestep t and DPE are introduced into RB to
identify denoising level and enhance scene fidelity.
The Guidance Network. GN produce the supervision sig-
nals with reconstruction details for DN (see Sec. 4.2). This
follows DN architecture with four stages in the encoder and
decoder. To provide perturbation and conditional adapta-
tion regularization, GN receives noise features from DN by
Eq. 7. Meanwhile, we use only RM as input to ensure GN
focuses on learning geometric features of data distribution.

4.5. Training and Inference

Training. As mentioned earlier (see Sec. 4.1 and Sec. 4.2),
T2LDM models the denoising process with SCRG. There-
fore, the training objective is:

Ltotal = L(θ) + L(ϕ) + λLSCRG, (8)

where λ means an epoch-wise weighting factor (details in
SM). Meanwhile, xϕ only participates in gradient back-
propagation for the first 100K steps, then remains frozen.
Inference. T2LDM iteratively transforms xT into x′

0 by
only vθ, due to the detachable design of xϕ (see Sec. 4.2):

xt−1 =
1

√
αt

(xt −
1− αt

σt
[σtxt +

√
ᾱt vθ]) + σ̃tϵ, (9)

where σt =
√
1− ᾱt, σ̃t =

√
1−ᾱt−1

1−ᾱt
(1− αt).

5. Experiments
5.1. Experiment Setup

Dataset. Two LiDAR benchmarks are used for training
and evaluation: nuScenes [6] (32-beam, 34,149 samples)
and KITTI-360 [26] (64-beam, 76,165 samples). Mean-
while, the LiDAR data are projected into RM32beam ∈
R32×1024×2 and RM64beam ∈ R64×1024×2 (see Sec. 4.1).
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Reference R2DM LiDM T2LDMText2LiDAR

Figure 4. The generated visualization results on KITTI-360. Due to insufficient training priors, existing methods can only generate high-
quality scenes with a few objects (top row). In contrast, T2LDM produces fine-grained geometric details even in complex multi-object
scenes (bottom row). This is crucial for models to recognize 3D scenes in downstream tasks. For more visualizations, please refer to SM.

Metric. FID (FSVD, FPVD), JSD, and MMD (×10−4)
are used for generation quality evaluation [46]. For fair
comparison, we compute the true distribution over all real
samples instead of randomly selecting subsets for FID
[46, 55]. Meanwhile, for text-guided controllability, we
propose TBR (see Sec. 3.1), the matching rate between text
semantics and 3D boxes obtained by a detector [31].

5.2. Unconditional Generation
64-Beam LiDAR. We first evaluate the generation quality
on KITTI-360. Tab. 2 shows that T2LDM better matches
the true distribution, as evidenced by the significantly lower
FID. Benefiting from SCRG, T2LDM can more effec-
tively learn realistic scene details from the data distribution.
Therefore, compared with methods lacking sufficient prior
training, T2LDM produces results with finer geometric de-
tails. Fig. 4 further presents the qualitative results.

Methods Gen. Sam. Rea. Sam. FSVD↓ FPVD↓ JSD↓ MMD↓
LiDARVAE [5] 10000 76165 281.14 286.14 0.35 6.84
LiDARGAN [5] 10000 76165 346.23 339.55 0.38 5.43
ProjectedGAN [49] 10000 76165 187.89 201.62 0.33 3.45
LiDARGen [71] 10000 76165 238.72 243.69 0.32 3.93
LiDM [46] 10000 76165 211.68 230.19 0.35 4.78
R2DM [36] 10000 76165 31.82 35.94 0.32 4.05
Text2LiDAR [55] 10000 76165 51.55 54.82 0.33 4.11
T2LDM 10000 76165 21.12 25.39 0.30 3.35

Table 2. The results on KITTI-360. T2LDM significantly outper-
forms existing methods on all metrics.

32-Beam LiDAR. We also evaluate on the 32-beam bench-
mark. Compared with KITTI-360, nuScenes with fewer

points and the larger spatial distance between points is more
challenging due to the harder-to-capture geometric details.
This also leads to poor performance for existing methods on
nuScenes. However, T2LDM can achieve excellent genera-
tion results in Tab. 3. As described in Sec. 4.2 and Sec. 4.3,
T2LDM captures effective geometric and directional priors
during training through SCRG and DPE, enhancing the abil-
ity to perceive geometric details from the data distribution.
Fig. 5 and Fig. 1 further demonstrates T2LDM can effec-
tively generate rich and diverse details in sparse scenes.

Methods Gen. Sam. Rea. Sam. FSVD↓ FPVD↓ JSD↓ MMD↓
R2DM [36] 10000 34149 86.54 83.97 0.42 5.02
Text2LiDAR [55] 10000 34149 85.98 80.94 0.34 3.45
T2LDM 10000 34149 64.21 62.85 0.26 3.01

Table 3. The results on nuScenes. T2LDM achieves superior gen-
eration results across all metrics in sparse scenes.

5.3. Text-Guided Generation

Unlike other conditions with various constraints, text
prompts are more accessible for human beings and can pro-
vide customized and diverse scene descriptions.

We further validate the results on Text-to-LiDAR gen-
eration for T2LDM. Benefiting from detection priors, we
can measure the generation controllability using the match-
ing rate (TBK) between text prompts and 3D boxes ob-
tained from a detector [31]. Meanwhile, as described in
Sec. 3.4, we perform evaluations on “weather, location”.
Tab. 4 presents that T2LDM exhibits remarkable results in
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Reference R2DM Text2LiDAR T2LDMT2LDM

Figure 5. The generated visualization results on nuScenes. Similar to KITTI-360, existing methods can generate certain geometric details
in scenes with few objects (top row) but struggle to handle complex multi-object scenes (bottom row), duo to the sufficient training data.
This becomes more pronounced in the sparse scenes of nuScenes. In comparison, T2LDM can generate detailed objects even in multi-
object scenes. Fig. 1 also shows that T2LDM can generate diverse structures for the same scene. More visualizations are provided in SM.

generation quality and controllability. With the perturbation
and condition-guided adaptation regularization from GN,
T2LDM can further perceive conditional features, improv-
ing the understanding of guided information. Furthermore,
Fig. 8 shows the qualitative comparison.

Methods Gen. Sam. Rea. Sam. FSVD↓ FPVD↓ JSD↓ MMD↓ TBK(%)↑
R2DM [36] 10000 34149 91.15 88.55 0.45 5.11 15.45
Text2LiDAR [55] 10000 34149 90.13 87.62 0.38 4.01 17.15
T2LDM 10000 34149 66.93 65.84 0.28 3.05 23.44

Table 4. The text-guided results on nuScenes. T2LDM exhibits
outstanding performance in generation quality and controllability.

5.4. Other Conditional Generation
By freezing unconditional DN, T2LDM can achieve var-

ious conditional tasks. This also marks the first explo-
ration of ControlNet [64] into 3D generation in non-latent
DDPMs (please refer to the implementation details in SM).

Methods 4× 8×
CD↓ MSE↓ EMD↓ CD↓ MSE↓ EMD↓

Grad-PU [15] 0.400 4.169 2.324 0.364 4.031 2.142
PUDM [42] 0.198 4.275 2.124 0.103 4.102 1.914
T2LDM 0.104 3.610 1.987 0.074 3.574 1.910

Table 5. The results of the 4× rate and the 8× rate on nuScenes.
T2LDM exhibits significantly upsampling results.

Sparse-to-Dense Generation. We downsample the train-
ing set (28,140 samples) by 4× using FPS as sparse LiDAR
for training, while the original and 2× upsampled valida-
tion sets (6019 samples) are used as 4× and 8× Ground
Truth for evaluation. We follow existing methods [15, 42]
by directly validating the PU-GAN [22] pretrained model
on nuScenes. Meanwhile, we find that PUDM shows better
qualitative but inconsistent quantitative results than Grad-
PU. For fair comparison, we normalize point coordinates
to [0,1] (CD×10−5, MSE×10−5, EMD×10−3). Tab. 5
presents the remarkable upsampling results for T2LDM.
Fig. 6(a) further illustrates the superior qualitative results.

Ground Truth
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u
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2 / 4 / 8 /
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65536 65536 65536 65536

32768 16384 8192 4096

Figure 6. (a) Qualitative results of upsampling. (b) Without re-
training, T2LDM can perform downsampling at arbitrary rates.

Dense-to-Sparse Generation. Meanwhile, since the output
LiDAR data shape is determined by the input noise size, we
can directly achieve downsampling by upsampling-enabled
T2LDM. Fig. 6(b) shows the Dense-to-Sparse results.
Semantic-to-LiDAR Generation. Furthermore, we also
implement Semantic-to-LiDAR generation on nuScenes.
Tab. 6 and Fig. 7 present the quantitative and qualitative
results, respectively (SemanticKITTI [2] results in SM).

Methods Gen. Sam. Rea. Sam. FSVD↓ FPVD↓ JSD↓ MMD↓
T2LDM+Uncon. 10000 34149 64.21 62.85 0.26 3.01
T2LDM+Seman. 10000 34149 62.91 60.54 0.23 2.94

Table 6. The Semantic-to-LiDAR results on nuScenes. T2LDM
achieves excellent results for semantic map guidance generation.

Ground Truth T2LDM Ground Truth T2LDM Ground Truth T2LDM

Figure 7. Semantic-to-Lidar results on nuScenes. With the DN
frozen, T2LDM shows remarkable semantic-guided generation.
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Figure 8. Text-guided generation results on nuScenes. Existing methods produce overly smooth results with insufficient object details,
making the difficult to satisfy the text semantics. However, T2LDM shows superior detail generation that aligns well with the text prompts.

5.5. Ablation Study

Component Effectiveness. We first perform ablations
for component effectiveness. Tab. 7 shows that removing
SCRG and DPE leads to a significant drop for the gener-
ation quality and controllability of T2LDM. As discussed
in Sec. 4.2 and Sec. 4.3, insufficient training priors make
learning real details from the data distribution difficult for
the model, leading to blurry objects in the generated scenes.

Methods Gen. Sam. Rea. Sam. FSVD↓ FPVD↓ JSD↓ MMD↓ TBK(%)↑
T2LDM∅ 10000 34149 73.64 71.91 0.34 3.21 19.32
T2LDMD 10000 34149 71.32 70.44 0.32 3.15 20.95
T2LDMS 10000 34149 68.45 67.77 0.30 3.07 22.15
T2LDM 10000 34149 66.93 65.84 0.28 3.05 23.44

Table 7. Ablation study of component effectiveness for text-
guided generation on nuScenes. T2LDM∅, T2LDMD , and
T2LDMS denote removing DPE and SCRG, keeping only DPE,
and keeping only SCRG, respectively. DPE and SCRG can pro-
vide effective priors and regularization, enhancing scene fidelity.

Convergence Speed. We further evaluate the effect of
SCRG on the convergence speed for T2LDM. Fig. 9(top)
shows that SCRG allows DN to capture high frequency de-
tails early in training, generating detailed scene structures.
Fig. 9(bottom) presents that GN can learn rich geometric
detail features to offer effective regularization. Fig. 9(right)
shows that SCRG enables faster and more stable conver-
gence of T2LDM. Tab. 8 presents results at 30k iterations.

Methods (30k Itera.) Inf. Param. Inf. Steps Gen. Sam. FSVD↓ FPVD↓ JSD↓ MMD↓
R2DM [36] 31.1M 1024 10000 175.82 152.57 0.55 10.08
Text2LiDAR [55] 45.8M 1024 10000 340.95 320.43 0.84 16.61
T2LDMD 30.4M 1024 10000 91.32 88.44 0.45 1.45
T2LDM 30.4M 1024 10000 47.29 55.57 0.35 0.55

Table 8. The results on KITTI-360 at 30k iterations. SCRG en-
ables T2LDM to learn high-frequency semantics early.

End-to-End vs. Pretrained Mode. We also conduct the

R2DM

Input Generated Input

Text2LiDAR T2LDMD T2LDM

Generated Input Input

Loss of T2LDM

Loss of T2LDMD

Loss of Text2LiDAR

Loss of R2DM

30K for GN30K for GN

30K Iterations30K Iterations 30K Iterations 30K Iterations

𝐿𝑜𝑠𝑠 = 𝐿 𝜃 + 𝐿 𝜙 + 𝐿𝑆𝐶𝑅𝐺
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Figure 9. Ablation study of convergence speed on KITTI360. The
loss combination of T2LDM shows more stable and superior.

ablation study on the end-to-end and pretrained paradigms
of SCRG. As shown in Tab. 9, pretrained training even leads
to performance degradation, since GN cannot perceive DN
features to provide adaptive regularization [21]. In contrast,
end-to-end paradigm enables joint training of GN and DN,
allowing GN to produce feature-aware supervision signals.

Methods Gen. Sam. Rea. Sam. FSVD↓ FPVD↓ JSD↓ MMD↓
T2LDMD 10000 34149 68.11 67.32 0.31 3.11
Pretrained Mode 10000 34149 68.77 67.94 0.33 3.12
End-to-End Mode 10000 34149 64.21 62.85 0.26 3.01

Table 9. Ablation study of end-to-end vs. pretrained training for
SCRG on nuScenes. The end-to-end mode yields better results.

6. Conclusion
In this paper, we proposed a Text-to-LiDAR diffusion

model that leverages a self-conditioned representation guid-
ance to enhance details in generated LiDAR scenes. Mean-
while, a directional position prior is used to resolve di-
rectional confusion, correcting road distortion. Moreover,
we design a 3D box-based annotation scheme to construct
a content-composable Text-LiDAR benchmark, offering a
controllability generation metric and insights to encourage
researchers to focus on Text-to-LiDAR generation.
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