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Abstract. Generative world models increasingly rely on 4D occupancy
for realistic autonomous driving simulation. However, existing genera-
tion frameworks are limited in two respects: geometric-condition-based
methods depend on explicit trajectories and cannot generalize to free-
form instructions, while text-based methods operate at a coarse attribute
level and fail to orchestrate complex, sequential multi-agent interactions.
We propose OccDirector, a framework that generates 4D occupancy dy-
namics conditioned solely on natural language scripts, without requir-
ing any geometric priors. OccDirector encodes free-form scripts via a
frozen VLM and processes occupancy tokens through a Spatio-Temporal
MMDIiT backbone. A history-prefix anchoring strategy further ensures
that generated sequences remain consistent with any provided context
over long horizons. To support training and evaluation, we introduce
Occlnteract-85k, a dataset of 85k clips annotated with multi-level lan-
guage instructions spanning static layouts to intricate multi-agent be-
haviors, alongside a novel VLM-based evaluation benchmark. Extensive
experiments demonstrate state-of-the-art generation quality and strong
instruction-following fidelity across diverse driving scenarios.

Keywords: 4D Occupancy Generation - Language-Guided Scene Gen-
eration - Multi-Agent Interaction Modeling - Vision-Language Model
Conditioning - Spatio-Temporal Transformer

1 Introduction

The evolution of autonomous driving (AD) systems [6,9,23] is increasingly rely-
ing on Generative World Models [11,34,58] that can simulate diverse and realistic
driving scenarios for closed-loop training and validation. Among various scene
representations, 4D Occupancy (space-time occupancy) [17,28] has emerged as
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Fig. 1: Script-driven behavior and interaction generation with OccDirector.
(a) vs. (b): Comparison between previous methods and our script-driven approach.
(c) Hierarchical generation capabilities across Static, Agent-Environment, and Multi-
Agent levels. The ego vehicle is marked with a black car icon. Note: Due to raw data
limitations Sec. 4.1, some results may exhibit missing ego vozels or sensor blind spots.

the most unified and comprehensive representation. Unlike 3D bounding boxes
which oversimplify object geometry [39,41], or LIDAR point clouds [1,46] which
suffer from sparsity and occlusion, 4D occupancy grids offer a dense, geometry-
aware, and temporally consistent description of dynamic environments. Conse-
quently, synthesizing high-fidelity 4D occupancy rollouts has become a critical
frontier in the computer vision community [8,55].

Despite impressive progress in 3D /4D generation, existing occupancy genera-
tion frameworks [3,22,44| heavily rely on explicit geometric conditions—such as
BEV semantic layouts, discrete navigation command, or predefined ego-vehicle
trajectories—to control the generative process. As illustrated in Fig. 1(a), meth-
ods like [3, 14, 36] depend on rigid explicit trajectories or simplistic attribute
prompts. While offering precise spatial constraints, these conditions are funda-
mentally inflexible and unscalable. Users must laboriously hand-design accurate
3D paths, a process that cannot intuitively express high-level intents. In con-
trast, our OccDirector (Fig. 1(b,c)) acts as a “scenario director”, interpreting
complex natural language scripts to orchestrate dynamic driving scenes, such as
“congested traffic jam” or “emergency braking”. To date, generating dynamic 4D
occupancy purely guided by natural language remains an unsolved challenge.

Pioneering text-driven 4D occupancy generation faces a significant challenge:
the Semantic-Spatiotemporal Gap. Language instructions inherently rely on re-
lational structures and sequential logic to describe abstract behaviors. For in-
stance, consider the instruction: “The ego vehicle followed a truck before the in-
tersection and overtook it after clearing the intersection.” Translating such high-
level temporal logic into occupancy generation is non-trivial, as it demands rigor-
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ous spatio-temporal consistency and physically plausible evolution at the voxel
level. However, most existing autonomous driving diffusion models [12, 45, 58]
fail to bridge this gap. Relying on generic text encoders [31,32] that function
largely as "bag-of-words" extractors, these models lack the compositional rea-
soning required to parse complex interactions [19,56]. Consequently, they often
produce implausible collisions, discontinuous motions, or topological violations
when processing intricate instructions [24].

To this end, we introduce OccDirector, taking a decisive step toward language-
driven scenario orchestration. Unlike prior works constrained by geometric pri-
ors, OccDirector establishes a new paradigm of purely text-guided 4D occupancy
generation, bridging the gap from appearance synthesis to complex agent be-
havior and interaction generation. By replacing rigid trajectory inputs with a
director-like natural language interface, OccDirector enables comprehensive con-
trollability along three complementary axes, as visualized in Fig. 1(c): (i) Static
Environment, synthesizing diverse topologies like “traffic jams” via seman-
tic composition; (ii) Agent-Environment Interaction, executing topology-
constrained maneuvers such as yielding at intersections; and (iii) Multi-Agent
Interaction, generating physically plausible reactive behaviors like “emergency
braking to avoid collisions”. Technically, OccDirector leverages a powerful Vision-
Language Model (VLM) as the text encoder to deeply comprehend procedural
semantics. The joint text-occupancy sequence is modeled using a scalable spatio-
temporal MMDIT equipped with Spatio-Temporal Separated Attention (STSA)
and a history-prefix token-replace strategy for interaction-consistent rollouts.
Furthermore, to overcome the complete absence of paired text-4D occupancy
data, we develop an automated data engine that translates real-world logs and
simulator data into abundant, logic-rich occupancy-language pairs.

Our contributions can be summarized as follows:

— We propose OccDirector, a pioneering framework for text-guided 4D occu-
pancy generation, enabling director-like control over agent behaviors without
rigid geometric priors.

— We design a VLM-driven Spatio-Temporal MMDiT with STSA and a history-
prefix anchoring strategy, effectively bridging the semantic-spatiotemporal gap
for consistent interactions.

— We introduce Occlnteract-85k, a large-scale dataset with hierarchical language
instructions ranging from static layouts to complex interactions, alongside a
novel VLM-based benchmark.

— Extensive experiments demonstrate that OccDirector achieves state-of-the-art
generation quality and unprecedented instruction-following capabilities.

2 Related Work

2.1 Generative World Models for Autonomous Driving

Generative world models have emerged as a paradigm shift in autonomous driv-
ing simulation, enabling the synthesis of diverse driving scenarios for closed-loop
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training [16, 34, 45, 58]. Early approaches predominantly focused on 2D Video
Generation [12,13,18], leveraging diffusion models to produce photorealistic cam-
era views. While visually compelling, these perspective-view methods often lack
explicit 3D geometric consistency and struggle to support downstream planning
tasks that require precise spatial reasoning.

Recently, 4D Occupancy has been established as a unified representation
bridging visual fidelity and geometric explicitness [41,51]. By representing the
world as a dense, voxelized spatiotemporal volume, it supports physically grounded
simulation. However, existing occupancy world models [57,59] primarily focus
on predicting future states from past observations (forecasting). They lack the
generative flexibility to create new scenarios from scratch based on user intent,
limiting their utility for controllable simulation.

2.2 Conditioned 4D Occupancy Generation

Unlike forecasting, occupancy generation aims to synthesize plausible 4D scenes
conditioned on specific inputs. Current state-of-the-art frameworks heavily rely
on Explicit Geometric Conditions. For instance, methods like OccSora [44] and
DynamicCity [3] condition the diffusion process on HD maps, 3D semantic lay-
outs, or pre-defined agent trajectories. While these strong priors ensure struc-
tural validity, they impose a rigid generation paradigm: users must provide pre-
cise, low-level geometric inputs (e.g., drawing a spline for a lane change) to
control the output. This “trajectory-engineering” process is labor-intensive and
non-intuitive. In contrast, OccDirector proposes a paradigm shift from geometry-
driven to language-driven generation. We eliminate the need for pre-defined tra-
jectories, allowing users to orchestrate scene evolution through high-level seman-
tic scripts (e.g., “an aggressive cut-in”), thereby offering a more scalable interface
for scenario design.

2.3 Text-Conditioned Scene Generation and Fine-Grained Control

The integration of natural language into generative models has significantly ad-
vanced image and video synthesis [26,35,40,43]. In the autonomous driving do-
main, however, language control remains largely limited to high-level attributes.
Existing works [7, 11, 30, 58] typically utilize text prompts to control Global
Attributes (e.g., weather conditions, time-of-day) or static scene composition.
While some approaches like UniScene [22] incorporate text, they primarily use
it for texture rendering or style transfer, leaving the core spatiotemporal dy-
namics (i.e., how agents move) determined by other modalities. Other works like
X-Scene [54] adopt a hierarchical approach, converting text into intermediate
layouts or bounding boxes before generation. Although this bridges language
and static layout, it may struggle to capture the continuous nuances of dynamic
interactions.

In this work, we introduce OccDirector, which pioneers end-to-end text-to-
4D occupancy generation. Unlike methods that treat text as a style modifier or
rely on intermediate layout proxies, we learn a direct mapping from procedural
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Fig.2: Model Architecture of OccDirector. (a) Scalable 4D Generation
Backbone: A Spatio-Temporal MMDIiT processes text and occupancy tokens via
dual streams, utilizing separated spatial and temporal attention. (b) Semantic Ex-
traction: A frozen VLM and a Token Refiner bridge the semantic-spatial gap. (c)
Interaction-Consistent Forecasting: The history-anchoring strategy ensures the
generated future strictly adheres to the context during both training and sampling.

language instructions to continuous spatiotemporal voxel flows, enabling fine-
grained control over multi-agent interactions and maneuvers purely from natural
language.

3 OccDirector: Language-Conditioned 4D Occupancy
Interaction Generation

3.1 Method Overview

OccDirector is designed for script-driven behavior and interaction gemeration
within 4D occupancy rollouts (Sec. 1). Formally, given a natural language script
7 and an optional history context Ojy.;, our goal is to generate a future 4D occu-
pancy sequence Op1.p that strictly adheres to the spatial layout and dynamic
interaction intents specified in 7. Fig. 2 illustrates our architecture.

3.2 Joint Latent Representation

Directly modeling raw 4D occupancy data and complex natural language is com-
putationally intractable and semantically challenging. To map both modalities
into a unified, efficient latent space, we formulate our input encoding stage with
three specialized components.
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Geometry-Aware Occupancy Tokenization. To alleviate the extreme
memory and computational footprint of 4D occupancy sequences Oy.p € {0, ..., K—
1}EXHEXWXD © e require a geometry-aware compression mechanism. Building
upon the discrete auto-encoding principles of DOME [14], we adopt a frozen
Occ-VAE. This module maps the discrete 4D rollout into a compact, continuous
latent grid, which is subsequently patchified and projected into a sequence of
tokens H € RI*XSXdmodel where F is the temporal length and S denotes the
number of 3D spatial tokens per frame. Unlike DOME’s implementation, we
pretrain the Occ-VAE with variable-length rollouts, enabling flexible generation
horizons.

Procedural Semantic Extraction via VLM. Effective script-driven gen-
eration requires controlling dynamic interaction intents (e.g., yielding, cut-in)
over time. Standard CLIP-style embeddings [31,32] often lack the relational and
procedural semantics needed for such fine-grained control. Recent advancements
have demonstrated that leveraging LLMs or VLMs for text feature embedding
yields superior performance compared to CLIP-style embeddings [40,49, 50, 53].
To capture these complex global relations, as shown in Fig. 2(b), we utilize a
frozen Vision-Language Model (VLM) text encoder (Qwen3-VL-2B [52]). Given
a prompt 7, the encoder extracts dense, high-dimensional representations Ce
REIxdiext where L is the sequence length.

Token Refiner. While VLM features provide rich semantics, they are in-
herently suboptimal for direct generative control in 4D spatial-temporal lay-
outs due to modality gaps. To bridge this semantic-spatial divide, we introduce
a lightweight bidirectional token refiner (Fig. 2(b)) [20,27]. This module, de-
noted as Refine(+), employs a shallow transformer alternating between full self-
attention and MLP blocks. It projects the raw features to the model dimension,
C = Reﬁne(é) € RExXdmoaer producing text tokens with enhanced compositional
alignment for occupancy generation.

3.3 Scalable 4D Generation Backbone

Modeling environment constraints and multi-agent interactions in 4D space de-
mands capturing long-range dependencies; failure to do so results in accumulated
errors, such as geometry violations or implausible discontinuities. However, the
cubic complexity of 3D spatial tokens (S) multiplied by the temporal dimension
(F) makes standard full attention computationally prohibitive.

To resolve this scalability bottleneck while maintaining strict text-to-layout
alignment, we formulate a double-stream transformer backbone (Fig. 2(a)) that
builds upon the MMDIT architecture [10]. This design preserves a dedicated
text pathway, allowing for repeated, deep interactions between text tokens C
and occupancy tokens H to strengthen fine-grained conditioning.

To efficiently process the massive number of occupancy tokens, we factorize
the attention mechanism via Spatio-Temporal Separated Attention (STSA) [29].
Specifically, each transformer block decomposes the operation into two sequential
steps: (i) Frame-wise 3D spatial joint attention, which models interactions be-
tween text tokens and spatial occupancy tokens within each independent frame
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to ensure script-to-layout grounding; followed by (ii) Patch-wise temporal self-
attention, applied solely across the temporal axis of occupancy tokens to propa-
gate dynamics smoothly over time. To align with this factorization, we apply 2D
spatial RoPE [37] on the HxW grid within each frame (with the Z-axis folded
into the channel dimension), and 1D temporal RoPE across frames.

3.4 Interaction-Consistent Forecasting via History Anchoring

To train OccDirector for stable and high-quality continuous latent generation, we
adopt the Continuous Normalizing Flow (CNF) framework via Flow Matching
[25]. We define ¢ = 0 as the ground-truth clean data and ¢ = 1 as the pure
noise. Let x¢ denote the ground-truth latent occupancy tokens and x; ~ N (0, 1)
be the standard Gaussian noise. We construct a linear probability path x; =
(1 — t)xg + txy, where ¢ ~ U(0,1). The corresponding vector field is given by
v¢(x) = x1 — Xg. The base objective trains the model vy to regress this vector
field conditioned on the refined text tokens C.

Training with History-Prefix Anchoring. For behavior generation, users
often specify partial layouts or history contexts O1.;. Maintaining strict consis-
tency with these constraints is critical, as small deviations in early frames can
compound into collisions or interaction drift. Rather than relying on training-
free heuristics during inference (which often yield temporal inconsistencies), we
explicitly equip the model with forecasting capabilities during the training phase.

To achieve this, we introduce a stochastic token-replace anchoring strategy,
visualized in Fig. 2(c) [20]. During training, we randomly sample a history hori-
zon h. With a certain probability (similar to classifier-free guidance dropping),

we replace the noisy history prefix xgl:h) with the perfectly clean ground-truth

tokens Xélzh). Let x; denote this partially clean, partially noisy input sequence.

To ensure the model focuses entirely on forecasting the unknown dynamics, we
apply a masked loss that only penalizes the predictions on the future frames
(h+1:F):

2
L Anchor = Et,Xo,xl {Hve(ihc’t)(hﬁ-l:ﬂ _ (Xl _ XO)(h—i—l:F)HJ . (1)

This formulation forces the network to learn the conditional transition dynamics
from a clean history to a noisy future, strictly guided by the script C.

Inference via Step-wise Anchoring. During the inference (ODE sam-
pling) phase, we start from pure noise x; and integrate backwards to ¢ = 0.
To enforce robust controllability and ensure the generated sequence perfectly
matches the user-provided history Hjy.,, we apply step-wise anchoring. At every
integration step ¢, after the solver updates the sequence, we forcefully overwrite
the history prefix with the clean condition xgl_:z)t < H;.;,. Because the model
has been explicitly trained to condition on clean history prefixes via Eq. (1), this
step-wise replacement seamlessly anchors the generation process without intro-
ducing out-of-distribution artifacts, ensuring that the future dynamics xth:F)
remain strictly coherent with the provided context.
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4 Occlnteract-85k: A Language-Conditioned Occupancy
Dataset

To train OccDirector with language-conditioned occupancy prediction, we re-
quire paired supervision between (i) 4D occupancy representations and (ii) natural-
language descriptions that emphasize geometry, topology, and interaction intent
rather than appearance. To this end, we introduce OcclInteract-85k, a dataset
constructed via an automated pipeline that synthesizes three complementary cor-
pora: static layout captions (Occlnteract-Static), environment-interaction clips
(Occlnteract-Env), and agent-interaction simulations (Occlnteract-Agent). All
annotations are generated with structured prompting and enforced output schemas,
enabling scalable production and automatic filtering.

4.1 Data Curation Pipeline

Our pipeline integrates three data sources to balance realism, scale, and diversity:
(i) Real-world Logs. We leverage UniOcc [47] to aggregate real-world autonomous
driving logs, providing unified occupancy representations with high photoreal-
ism. (ii) Large-scale Simulation. To overcome the scalability limits of real logs,
we collect extensive simulator-based data following the CarlaSC protocol [48],
enabling diverse environmental configurations. (iii) Safety-critical Scenarios. To
target long-tail and safety-critical interactions, which are often absent in real
logs. Therefore we generate text-defined scenarios using TTSG [33]. These are
rendered via CarlaSC, ensuring coverage of high-risk edge cases.

Standardization. We standardize these raw sources into paired occupancy—language
training instances. Following UniOcc [47], we standardize all data sources into a
unified occupancy grid format. Then, we render semantic occupancy grids into
BEV sequences and prompt a frozen VLM (qwen3-v1-235b-a22b-instruct) to
generate schema-constrained, machine-parseable JSON captions. This process
yields annotations at three temporal granularities: (i) single-frame layout cap-
tions for learning geometric priors, (ii) clips around key maneuvers for learning
behavior-conditioned structure, and (iii) specified multi-agent plans for generat-
ing diverse interactions, forming the sub-datasets detailed below. Table 1 sum-
marizes the statistics. Concretely, all sources are unified to a 200x200x 16 voxel
grid (0.4m/voxel, X/Y : £40m, Z: —3.2-3.2m) sampled at 2 Hz, with semantic
labels remapped to a shared 11-category ontology following UniOcc [47].

4.2 Dataset Composition

OccInteract-Static: Static Layout Priors. This subset pairs single-frame BEV
semantic occupancy snapshots with ego-centric layout captions. The annotations
focus on road topology (e.g., lane structures, intersections) and drivable regions,
providing fundamental geometric priors independent of temporal dynamics.
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Table 1: Dataset Statistics. Overview of the processed corpora. Instances denote
single frames for Occlnteract-Static and video clips for Occlnteract-Env / Occlnteract-
Agent.

Dataset # Instances Total Duration
Occlnteract-Static 73.5k  N/A (Single-frame)
Occlnteract-Env 7.6k 128 h
OcclInteract-Agent 4.6k 12h

(a) Clip length Analysis (b) Criticality Score Distribution
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Fig. 3: Data Statistics of OcclInteract-Agent. (a) Distribution of clip lengths. (b)
Histogram of VLM-predicted criticality scores. (c¢) Distribution of caption lengths.

Occlnteract-Env: Behavior-Conditioned Dynamics. Targeting key maneuvers at
junctions, this subset provides clip-level supervision. Each instance includes a
discrete ego-action command (straight/left /right) and a description of the local
topology. This facilitates learning how occupancy structures evolve conditioned
on ego-behavior.

OccInteract-Agent: Multi-Agent Interactions. This corpus covers a spectrum
from routine driving to safety-critical near-misses. Each instance is paired with
an interaction-focused caption and a criticality score (s € [0,10]), predicted by a
frozen VLM judge (qwen3-v1-235b-a22b-instruct). We interpret this score as
a proxy for risk: a low score corresponds to routine, non-conflicting interactions;
medium indicates potential conflicts requiring caution (e.g., nearby vulnerable
road users or occlusions); high reflects imminent hazards or near-collision situa-
tions. As shown in Fig. 3 (b), the scores exhibit a trimodal distribution (peaks at
1/4/7), effectively stratifying samples into low, medium, and high-risk regimes.
This metadata enables curriculum learning and targeted sampling of rare safety-
critical scenarios. Furthermore, Fig. 3 (a) and (c) present the statistics for clip
durations and caption lengths.

4.3 Automated Quality Assessment

To close the loop between data generation and model learning, we implement
a rubric-based VLM evaluator. This mechanism serves a dual purpose: filtering
low-quality synthetic data and benchmarking model performance (see Sec. 5).
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Table 2: Automated Data Validation. Mean rubric scores (1-5) assessing the qual-
ity of the generated dataset.

Dataset Judge VLM Completeness T Structural T Sem. Align. ¥ Mean 1
gemini-3.0-pro 4.16 4.20 3.84 4.08
OcclInteract-Static  gpt-5.2 2.97 3.71 3.03 3.24
qwen3-v1-235b-a22b-instruct 3.22 3.84 3.97 3.68
gemini-3.0-pro 4.62 4.60 3.55 4.26
OcclInteract-Env gpt-5.2 3.21 3.78 3.01 3.33
qwen3-v1-235b-a22b-instruct 3.32 3.81 3.66 3.60
gemini-3.0-pro 4.51 4.53 3.49 4.18
OcclInteract-Agent  gpt-5.2 3.21 3.72 2.58 3.17
qwen3-v1-235b-a22b-instruct 3.30 3.64 3.32 3.42

FEvaluation Protocol. We adopt a reference-free evaluation paradigm. Specifi-
cally, we render the generated semantic occupancy grids into BEV video clips
and prompt a frozen VLM judge to score them against the source text descrip-
tions. We define three evaluation axes, scored on an integer scale of [1, 5]: (i) scene
completeness (coverage of relevant static/dynamic elements), (ii) structural cor-
rectness (physical plausibility and topological consistency), and (iii) Semantic
Alignment (faithfulness to the prompt).

To ensure robustness, we employ three state-of-the-art VLMs as judges:
gemini-3.0-pro, gpt-5.2, and qwen3-v1-235b-a22b-instruct. We sample
100 instances from each sub-dataset, with each instance evaluated five times
to reduce variance.

Analysis. Table 2 presents a comprehensive evaluation across three axes. First,
regarding absolute quality, gemini-3.0-pro consistently awards high scores (mean
> 4.0), confirming that our synthesized occupancy scenes possess high complete-
ness and physical plausibility. Second, regarding scorer calibration, we observe
a systematic offset between judges; for instance, gpt-5.2 is notably stricter
(mean ~ 3.2). We attribute this to the inherent visual abstraction of voxelized
representations, which stricter VLMs may penalize compared to photorealis-
tic imagery. Third, and most importantly, we demonstrate pipeline robustness
through relative consistency. Despite the increasing complexity from static lay-
outs (Occlnteract-Static) to multi-agent interactions (Occlnteract-Agent), the
score variance under the same judge remains minimal (e.g., gpt-5.2 means range
tightly: 3.17-3.33). This stability indicates that our automated pipeline main-
tains uniform fidelity regardless of scenario complexity, validating the reliability
of Occlnteract-85k for large-scale training.

5 Experiments

5.1 Experimental Setup

Data. We evaluate on the same processed dataset described in Sec. 4, which
contains about 85k training instances.
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Compared methods. We compare OccDirector with recent state-of-the-art 4D
occupancy generation methods, including DOME [14], COME [36], and Dynam-
icCity [3]. As discussed in Sec. 1, these traditional approaches rely on explicit
geometric conditions, such as predefined ego-vehicle trajectories or semantic lay-
outs, to control the generation process. To the best of our knowledge, OccDirec-
tor is the pioneering framework for purely text-guided 4D occupancy generation.
Lacking direct off-the-shelf baselines, we adapt DynamicCity by replacing its ge-
ometric control tokens with text embeddings from pre-trained encoders, estab-
lishing two baselines: DynamicCity + CLIP [31] and DynamicCity + T5 [32].
Finally, we report results for two variants of our proposed model: (i) w/o history-
prefix control, and (ii) w/ history-prefix control.

Implementation Details. We implement OccDirector using PyTorch, trained
for 100k iterations with batch size 32, AdamW optimizer (Ir=1x10"%, 3;=0.9,
B2=0.95), and CFG dropout probability 0.15. The MMDIT backbone has 14
transformer layers (dmode1=896) with a 2-layer Token Refiner. At inference we
use 20 Euler steps with CFG scale 7.5.

Evaluation Metrics. Following previous work [3,21,54], we render the 3D/4D
occupancy grids into BEV-view RGB images and clips. These rendered RGB rep-
resentations are subsequently utilized to evaluate all single-frame and video-level
visual quality metrics. Specifically, we report Inception Score (IS) [2], Fréchet
Inception Distance (FID) [15], Kernel Inception Distance (KID) [4] and Fréchet
Video Distance (FVD) [42] to assess fidelity and temporal coherence, along-
side Precision and Recall for diversity. For instruction alignment, we employ the
VLM-based instruction alignment score (Sec. 4.3). To ensure consistent and rig-
orous comparison, we fix gemini-3.0-pro as our sole judge VLM for all exper-
iments. For evaluation, we uniformly sample 10K ground-truth 16-frame clips
and generate a matching set via the CFG unconditional branch. Single-frame
metrics (IS, FID, KID, Precision, Recall) are computed on 5 frames uniformly
sampled per clip using Inception-v3 [38]| features; video-level FVD and video
Precision/Recall use the full 16-frame sequences with 13D [5] features.

5.2 Generation Quality Results

Quantitative results. We present the single-frame visual quality results in Tab. 3
and the video generation quality results in Tab. 4.

As shown in Tab. 3, OccDirector demonstrates highly competitive per-frame
generation quality. It is important to note that traditional methods (e.g., DOME,
COME, DynamicCity) rely on explicit geometric conditions (e.g., trajectories or
layouts) which naturally constrain the generation space and aid in structural con-
sistency. Despite OccDirector being designed for the more abstract text-to-4D
task, our unconditional samples achieve an Inception Score (IS) of 3.40 and FID
of 62, performance that is comparable to these geometric-guided upper bounds.
Crucially, when compared to the direct text-adapted baselines (DynamicCity
+ CLIP/T5) which share the same functional goal, our method consistently
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Table 3: Single-frame visual quality. We evaluate per-frame image fidelity and
diversity using Inception Score (IS), Fréchet Inception Distance (FID), Kernel Inception
Distance (KID), Precision and Recall.

Method ISt FID| KID | Precision? Recall 1
DOME [14] 3.21 67 0.06 0.38 0.23
COME (36| 3.26 7 0.06 0.40 0.23
DynamicCity [3] 3.39 61 0.05 0.31 0.23
DynamicCity + CLIP 3.39 65 0.05 0.32 0.24
DynamicCity + T5 3.36 66 0.05 0.31 0.22
OccDirector w/o history-prefix control  3.39 64 0.05 0.34 0.24
OccDirector w/ history-prefix control ~ 3.40 62 0.05 0.33 0.23

Table 4: Video generation quality and instruction alignment. We evaluate
video-level fidelity and diversity using Fréchet Video Distance (FVD), Precision and
Recall. Instruction alignment is evaluated using the VLM-based rubric score (Sec. 4.3).

Video realism ‘ Instruction alignment
Method FVD | Precision t Recall 1 ‘ Completeness ©  Structural T Sem. Align. +  Mean 1
DOME [14] 437 0.55 0.03 N/A N/A N/A N/A
COME |36] 391 0.56 0.04 N/A N/A N/A N/A
DynamicCity [3] 401 0.57 0.08 N/A N/A N/A N/A
DynamicCity + CLIP 388 0.60 0.008 3.03 3.54 2.69 3.09
DynamicCity + T5 396 0.64 0.02 2.84 3.34 2.73 2.97
OccDirector w/o history-prefix control 354 0.48 0.12 3.59 3.66 3.04 3.43
OccDirector w/ history-prefix control 275 0.58 0.12 3.81 4.01 3.32 3.73

achieves superior performance across all single-frame metrics. This confirms that
our architecture effectively learns the underlying scene distribution and gener-
ates high-fidelity occupancy frames, outperforming naive adaptations of previous
works.

For video-level generation (Tab. 4, left), OccDirector significantly improves
temporal coherence and dynamic realism. Our full model achieves an FVD of
275, outperforming the strongest baseline (DynamicCity + CLIP, FVD 388) by a
remarkable 29.1%. Furthermore, OccDirector achieves the highest video Recall
(0.12) while maintaining a strong Precision (0.58). We observe an interesting
phenomenon with the text-adapted baselines (DynamicCity + CLIP/T5): while
they achieve relatively high Precision (e.g., 0.64 for T5), their Recall is extremely
low (e.g., 0.008 for CLIP). This suggests a severe mode collapse, where standard
text encoders fail to adequately capture complex text instructions, leading the
model to repeatedly generate a limited set of “safe” or static scenarios. In con-
trast, our method generates spatio-temporal occupancy sequences that are not
only realistic but also encompass a significantly wider diversity of dynamic sce-
narios.

Furthermore, in terms of text-to-occupancy instruction alignment (Tab. 4,
right), OccDirector substantially surpasses the text-adapted baselines across
all VLM-based rubric scores. For instance, our full model achieves a mean
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score of 3.73. The low semantic alignment scores of DynamicCity + CLIP/T5
further corroborate our observation regarding their low Recall: standard text
encoders struggle to differentiate between diverse prompts, resulting in poor
alignment and limited generation diversity. This highlights the severe semantic-
spatiotemporal gap in standard text encoders and proves the superiority of our
VLM-driven architecture. Notably, the inclusion of the history-prefix control
mechanism further boosts the structural correctness and instruction-following
capabilities (improving the mean score from 3.43 to 3.73), demonstrating the ef-
fectiveness of our proposed conditioning design for complex multi-agent scenario
orchestration.

Qualitative results on history-prefix control. As the teaser in Sec. 1 highlights
OccDirector’s diverse controllability, we further investigate its capability in long-
horizon autoregressive rollouts. Fig. 4 illustrates two multi-stage narratives where
the ego vehicle is denoted by a black car icon. In the stop-and-go scenario
(top), the model follows the instruction to decelerate on a one-way street and
stop behind a van at a red light (Stage 1). In Stage 2, responding to the “green
light” prompt, the van initiates movement across the intersection edge (marked
by red dashed lines), correctly prompting the ego to prepare to follow. In the
emergency braking scenario (bottom), the ego initially cruises on a wide,
empty straight road. Subsequently, the model successfully generates a sudden
pedestrian crossing event at a T-intersection (highlighted by a red circle), forcing
the ego to execute an emergency stop. These results confirm that history-prefix
control effectively maintains spatio-temporal coherence and causal logic across
generation stages.

Qualitative comparison on fine-grained text alignment. Fig. 5 compares OccDi-
rector with text-adapted baselines on three prompts requiring precise semantic
understanding. In the first column “...follows a lead car, with no other traf-
fic...”, baselines fail to respect the negation, generating extraneous vehicles. We
highlight these hallucinations in baselines versus the correct single lead car in
our result using red circles. In the second column “...moving ego... stop by a
bus”, baselines exhibit attribute confusion (e.g., DynamicCity + CLIP renders
a completely static scene, while the T5 variant incorrectly halts the ego vehicle
while moving the bus). Here, red circles contrast the baselines’ incorrect objects
with our successfully generated blocking bus. Finally, for the “cut-in” prompt,
we indicate the ego’s forward direction with red dashed lines. While baselines re-
vert to simple lane-following, only OccDirector synthesizes the lead car’s lateral
intrusion across this line, demonstrating superior grasp of spatial dynamics.

5.3 Ablation Study

To thoroughly evaluate the effectiveness of our proposed architectural designs, we
conduct comprehensive ablation studies. Since the impact of the history-prefix
control has already been demonstrated in Tab. 4 and Fig. 4, we establish our
ablation baseline using the text-to-occupancy generation setting without (w/o)
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r = Stagel: The ego vehicle
drives along a one-way
street and decelerates to
stop behind a van waiting at
a red light.

Stage2: When the light turns
green, the leading van
initiates forward movement
while the ego vehicle
prepares to follow.

;= Stagel: The ego vehicle
r/\‘.nitially cruises on a wide,
empty straight road.
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Fig. 4: Long-horizon narrative generation. We visualize multi-stage rollouts for
a stop-and-go scenario (top) and an emergency braking event (bottom).

Table 5: Ablation study on model architecture. We evaluate the impact of the
attention mechanism (Full vs. STSA) and the Token Refiner under the setting w/o
history control.

Architecture Design ‘ Video realism ‘ VLM score 1
Backbone Token Refiner ‘ FVD | Precision T Recall 1 ‘ Completeness 1 Structural 1 Instr. follow 1+ Mean 1
Full attention X 592 0.48 0.02 2.98 2.86 2.48 2.77
Full attention v 532 0.41 0.07 2.97 2.74 2.63 2.78
STSA (ours) X 407 0.49 0.14 3.46 3.39 2.86 3.24
STSA (ours) v 354 0.58 0.12 3.59 3.66 3.04 3.43

history control. We focus on two key components: (i) The backbone strategy,
where we compare our Spatio-Temporal Separated Attention (STSA) against
a Full Attention baseline that applies standard joint attention over the entire
flattened 4D token sequence. (ii) The Token Refiner, a bidirectional transformer
module designed to bridge the semantic-spatial gap of VLM features. Results
are summarized in Tab. 5.

Effectiveness of STSA and Token Refiner. First, STSA is critical for modeling
4D dynamics. Compared to the Full Attention baseline (FVD 532), STSA sig-
nificantly reduces FVD to 354 and improves the VLM score (2.78 — 3.43), con-
firming the benefit of factorizing spatial and temporal computation. Second, the
Token Refiner effectively bridges the gap between frozen text embeddings and oc-
cupancy features. Removing the refiner degrades performance (FVD 354 — 407),
verifying its necessity for aligning high-dimensional text features with spatial
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~= The moving ego vehicle was forced to ~=The ego vehicle experiences a cut-in

The ego vehicle follows a lead car,
with no other traffic ahead or
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Fig. 5: Qualitative comparison of text-to-occupancy alignment. We evaluate
adherence to fine-grained instructions: (Left) Negation and cardinality; (Middle) Dy-
namic attribute binding; (Right) Complex “cut-in” trajectory.

constraints. Notably, the Full Attention backbone fails to fully leverage the re-
fined tokens (VLM score stagnates at 2.78), whereas our STSA architecture
successfully integrates them to achieve state-of-the-art fidelity and alignment.

6 Conclusion

In this paper, we presented OccDirector, a pioneering framework capable of
generating dynamic 4D occupancy scenes purely from natural language instruc-
tions. By shifting the paradigm from rigid geometric conditioning to high-level
semantic orchestration, OccDirector acts as a “scenario director”, enabling in-
tuitive control over complex multi-agent behaviors and environmental interac-
tions. To achieve this, we introduced a VLM-driven Spatio-Temporal MMDiT
architecture equipped with a novel history-prefix anchoring strategy, effectively
bridging the semantic-spatiotemporal gap and ensuring physically plausible,
interaction-consistent rollouts. Furthermore, we contributed Occlnteract-85k,
a large-scale dataset with multi-level language descriptions, alongside a rig-
orous VLM-based evaluation benchmark. Extensive experiments demonstrate
that our approach achieves state-of-the-art generation quality and unprecedented
instruction-following capabilities.
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