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Abstract. Driving scene manipulation using real-world sensor data has
emerged as a promising alternative to traditional driving simulators. De-
spite advances in language control and neural scene representations, ex-
isting methods treat grounding, editing, and simulation as loosely con-
nected stages, relying on heuristic object localization, manual guidance,
and single-agent validation—thereby constraining semantic expressive-
ness and hindering scalable, reactive scenario generation. We introduce
SIMSplat, a driving scene editor built on scene-graph-based 4D Gaus-
sian Splatting augmented with language-aligned features. By embed-
ding appearance, motion, and location semantics directly into Gaus-
sian scene-graph nodes, SIMSplat makes reconstructed scenes queryable
through free-form natural language, bridging language understanding to
object-level editing and multi-agent simulation within a single frame-
work. Building on this language-grounded scene graph, SIMSplat sup-
ports diverse edits including fine-grained pedestrian manipulation, while
a multi-agent path refinement module propagates changes across all
agents to ensure reactive, physically plausible simulations. The pipeline
further integrates with Vision-Language Models for automated scenario
mining. Experiments show that SIMSplat more than doubles baseline
grounding accuracy, achieves the highest task completion rate, and pro-
duces the lowest failure rates across diverse driving scenarios.
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1 Introduction

Driving simulators have long served as essential testbeds for autonomous driving.
Traditional platforms such as CARLA [3] and AirSim [9] offer scalability through
game engines, while recent advances in neural scene reconstruction—including
diffusion models [4,12,19,23], Neural Radiance Fields [5,13,16,17], and Gaussian
Splatting [2, 21, 22]—enable photo-realistic scene editing directly from sensor
data. Language models have further been integrated to allow natural language
control over scene manipulation. Yet despite this rapid progress, a fundamental
gap persists: no existing framework provides a unified interface that seamlessly
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(Red car gradually stops to avoid collision with bulldozer)

(Jaywalking pedestrian steps back to avoid the gray vehicle)

Localization not needed

Add a bulldozer 5m behind the black car crossing the street

Add a wheelchair user crossing the street from beside the pedestrian standing on the left

Make a black car turning right at the intersection to go straight

Add a jaywalking pedestrian walking from (x1,y1,z1) to (x2,y2,z2)

(Black car stops to yield to pedestrians)

(Black car slows down to yield to wheelchair user)

Fig. 1: Overview of SIMSplat. Our framework enables language-guided, fine-
grained editing in driving scenarios. Based on human/VLM-generated prompts, it first
queries related objects from the Gaussian scene, then performs editing followed by
multi-agent path refinement, ensuring the final scene remains realistic and consistent
across all agents. SIMSplat supports a wide range of editing operations covering both
vehicles and pedestrians. The red/green areas indicate potential collision and refined
regions.

connects language understanding, object-level scene manipulation, and reactive
multi-agent simulation.

This gap manifests as fragmentation across existing frameworks, where each
addresses only a subset of the challenges. Language-guided editors [13, 23] de-
pend on online 3D detectors at inference or given instance IDs/attributes to
localize objects, translating natural language into rigid structured attributes. To
edit objects, they rely on pre-stored virtual assets or simple removal, limiting the
range of possible modifications on existing objects. Non-language editors [2, 16]
support broader object-level editing but require predefined instance attributes
for grounding and lack language controllability or automation. Across both lines
of work, most frameworks focus exclusively on rigid objects such as vehicles
while overlooking pedestrians despite their importance in safety-critical scenar-
ios. Moreover, scenario feasibility is typically validated only for the ego vehicle or
a single target object [13,19], ignoring the cascading effects that any behavioral
change has on surrounding agents. And to scale beyond individual hand-crafted
scenarios, they require manual intervention at every step. No single framework
addresses all of these challenges, as Table 1 summarizes.

We observe that these limitations share a common root: the absence of a
shared scene representation that is both expressive enough to capture diverse
road dynamics and accessible enough to be controlled through natural language.
If scene elements were represented in a structured, language-accessible form that
jointly captures their visual appearance, dynamic behavior, and spatial context,
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then querying, editing, and simulating could all operate within a single coher-
ent framework while enabling automation of the full pipeline. This observa-
tion motivates SIMSplat, which achieves this unification through scene-graph-
based 4D Gaussian Splatting augmented with language-aligned features. Specif-
ically, we embed three types of language features—appearance, motion, and
location—directly into Gaussian scene-graph nodes, making the reconstructed
scene queryable through free-form natural language. This language-Gaussian
alignment serves as the entry point to a fully integrated pipeline: language
queries ground target objects within the Gaussian scene graph, edits operate
on the same graph structure, and multi-agent refinement validates consistency
across the scene. Building on this language-accessible scene representation, SIM-
Splat enables a set of tightly integrated capabilities. Once target objects are
grounded, the same scene-graph structure supports fine-grained manipulation
through language commands, with a rich suite of object-level edits—including
insertion, removal, replacement, and trajectory modification—covering both ve-
hicles and pedestrians. A multi-agent path refinement module then refines trajec-
tories of all scene-graph nodes, producing reactive simulations in which surround-
ing agents respond naturally to modifications at the full-scene level. Because
language alignment bridges natural language to the underlying scene structure,
the entire pipeline integrates directly with Vision-Language Models (VLMs) for
automated scenario mining. VLMs not only generate editing prompts but also
evaluate rendered outputs for plausibility, iteratively refining asset selection and
motion parameters until the modified scene satisfies both physical and semantic
constraints—enabling scalable generation of long-tailed driving scenarios with-
out manual intervention.

Experiments on the Waymo Open Dataset validate this approach. Our motion-
aware language alignment more than doubles the object grounding accuracy of
the strongest baseline. SIMSplat achieves the highest task completion rate across
diverse editing categories and produces the lowest collision and failure rates in
multi-agent scenarios. These results confirm that a language-aligned 4D Gaus-
sian representation provides a sufficient and effective foundation for driving scene
simulation—unifying capabilities that previously required manually coordinated
systems.

In summary, we propose SIMSplat, a driving scene simulation framework
built on 4D Gaussian scene graphs augmented with language-aligned features,
enabling the following contributions:

– Motion-aware language-Gaussian alignment, which embeds appear-
ance, motion, and location features into scene-graph Gaussians, enabling
precise open-vocabulary grounding of dynamic road objects by jointly en-
coding trajectory dynamics through learned codebooks.

– Language-controlled object-level editor, which builds on this language-
aligned Gaussians to support fine-grained manipulation of both vehicles
and pedestrians —including safety-critical agents—through free-form nat-
ural language.
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Table 1: Comparison of scene editors. We compare prior simulators and scene
editors across behavior editing, multi-agent path refinement, language control, au-
tomation, and object grounding, where Description denotes free-form natural language
requiring no predefined identifiers or spatial annotations.

Editing Path Refine. Controllability

Method Ped. Exist. Obj. Vehicle Ped. Language Auto. Obj. Ground.

MARS [16] ✗ ✓ ✗ ✗ ✗ ✗ Instance ID
HUGSIM [20] ✗ ✓ ✓ ✗ ✗ ✓ Tracking ID
ChatSim [13] ✗ ✗ ✗ ✗ ✓ ✗ Attributes
SceneCrafter [23] ✗ ✗ ✗ ✗ ✓ ✓ Bounding box
OmniRe [2] ✓ ✓ ✗ ✗ ✗ ✗ Instance ID

Ours ✓ ✓ ✓ ✓ ✓ ✓ Description
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Fig. 2: Editing process. Given multi-view driving scenes, VLMs or humans generate
prompts to perform the edit. After a feasibility check, target and anchor objects are
localized in the language-grounded scene graph based on the prompt. Object editing
is then applied, followed by multi-agent path refinement. The final output is rendered
after adjusting parameters through iterative validation.

– Multi-agent path refinement, which refines trajectories of all scene-graph
nodes to propagate edits across all road participants, producing reactive
simulations in which surrounding agents respond naturally to changes—
validating feasibility at the full-scene level rather than for a single target.

– Automated scenario mining, which bridges these capabilities through
language, enabling VLMs to not only generate editing prompts but also
evaluate rendered outputs and iteratively refine scene parameters, forming
a closed-loop pipeline for scalable long-tailed scenario generation without
manual intervention.

2 Method

SIMSplat is built on a scene-graph-based 4D Gaussian representation that is
made language-accessible through learned feature alignment. We first describe
the underlying scene-graph 4DGS formulation that provides structured, per-
object Gaussian nodes (Section 2.1), then introduce language-Gaussian align-
ment, which embeds appearance, motion, and location features into these nodes,
making them queryable through free-form natural language (Section 2.2). Then,
we describe how SIMSplat enables automated scenario mining (Section 2.3) and
how edited scenes are refined through multi-agent path prediction (Section 2.4).
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Fig. 3: Pipeline of language alignment. The appearance and motion-aware align-
ment modules extract appearance, motion, and location features, which are then em-
bedded into scene-graph Gaussians. Given a natural language prompt, these features
enable grounding of the corresponding objects in the road scene.

The editing process is illustrated in Figure 2, and all mathematical notations
are described in the supplementary material.

2.1 Scene-Graph-based 4D Gaussian Splatting

4DGS represents a scene as a set of anisotropic Gaussian blobs carrying spa-
tial and appearance attributes. A Gaussian at time t is represented as gi(t) =
(µi(t), si(t), qi(t), ci(t), oi), where µi(t) is the 3D center, si(t) the scale, qi(t) the
orientation, ci(t) the color features, and oi the opacity of Gaussian i. When
projected onto the image plane, each Gaussian contributes a 2D footprint deter-
mined by its position, scale, orientation, and opacity, and the final pixel color is
obtained by alpha blending of overlapping Gaussians:

Ct(u) =
∑
i

ci(t), αi(t)
∏
j<i

(
1− αj(t)

)
, (1)

where αi(t) is the transparency weight of Gaussian i at pixel u, computed from
its spatial and opacity parameters. As shown in Eq. (1), the compositing follows a
front-to-back blending rule. Extending beyond static 3DGS, the 4D formulation
G(t) = {gi(t)}Ni=1 models temporal evolution by allowing Gaussians to transform
smoothly over time.

To faithfully reconstruct dynamic scenes while preserving the motion and
geometry of diverse road objects, we adopt a scene-graph formulation of 4DGS.
In contrast to neural field-based approaches [18], the scene-graph decomposes
a scene into separate nodes, enabling modular reconstruction and controllable
editing. Following existing frameworks [2, 21, 22], we represent the scene with
three node types: rigid nodes (e.g., vehicles), non-rigid nodes (e.g., pedestri-
ans), and the static background. Each node is defined in a canonical space and
transformed into the world coordinate system at time t. For a rigid node v, the
time-dependent Gaussians are given by Grigid

v (t) = Tv(t) ⊗ Ḡrigid
v , where Ḡrigid

v

are canonical Gaussians and Tv(t) ∈ SE(3) is the rigid body transformation. For
a non-rigid node h, the Gaussians undergo both global motion and local defor-
mation, expressed as Gnonrigid

h (t) = Th(t)⊗F
(
Ḡnonrigid

h , t
)
, where F (·, t) denotes
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a non-rigid deformation function applied to the canonical Gaussians, modeling
human pose and gestures through joint-level prediction.

Finally, the complete dynamic scene at time t is obtained by aggregating all
node types into a unified scene graph S(t) = {Gbg, {Grigid

v (t)}, {Gnonrigid
h (t)}},

where Gbg represents static background Gaussians, and the other terms corre-
spond to rigid and non-rigid nodes. The final rendered scene is produced through
blending and rasterization of all Gaussian components.

2.2 Language-Gaussian Alignment

To make the scene-graph representation controllable through natural language,
we introduce language-Gaussian alignment, which embeds language semantics
directly into 4D object nodes. As prompts often involve spatial and temporal
understanding of road dynamics, accurately localizing target objects according
to the prompt within dense driving scenes is challenging. For example, simple
attribute matching (e.g., color, type) is ill-suited for complex driving environ-
ments where such attributes frequently overlap across objects. Bounding box
prompting, on the other hand, is prone to localization errors, especially when
generated directly from VLMs, which tend to produce imprecise spatial coor-
dinates. To address these issues, rather than relying on prior information or
ambiguous matching, we embed appearance-, motion-, and location-language
features directly into the Gaussians, enabling flexible localization solely from
free-form descriptive queries. This language grounding supports more accurate
and generalizable object retrieval at both the pixel and node level.
Appearance Alignment. As shown in Figure 3, first, we embed static lan-
guage features on Gaussians to capture object appearance in a time-independent
manner. We extract segmentation masks Mt(o) for each object o at time t by
projecting per-node Gaussians from the scene graph onto the image plane, re-
moving the need for an external segmentation model at this stage. From each
masked object, we extract CLIP features fCLIP

t (o) ∈ RD. Since CLIP features
are high-dimensional, we train a lightweight autoencoder (E,Ψ) to compress
them into a latent space:

ht(o) = E(fCLIP
t (o)) ∈ Rd, d ≪ D, (2)

with the reconstruction objective Ψ(ht(o)) ≈ fCLIP
t (o). As defined in Eq. (2), the

encoder E(·) produces low-dimensional latent codes ht(o), which act as ground-
truth supervision for Gaussian appearance features capp

i ∈ Rd, optimized in a
self-supervised manner. Each Gaussian at time t is therefore extended as

gi(t) =
(
θi(t), c

app
i

)
, (3)

where θi(t) = (µi(t), si(t), qi(t), ci(t), oi) denotes the original Gaussian param-
eters, and the additional term capp

i represents the appearance-aligned feature
in the latent space. As shown in Eq. (3), this formulation integrates language-
aligned appearance information directly into the Gaussian representation. Dur-
ing inference, the rasterized features capp

i are decoded back into the CLIP space
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Ψ(capp
i ) ∈ RD and compared with encoded text queries, enabling open-vocabulary

selection at both pixel and Gaussian levels.
Motion-Aware Alignment. Through experiments, we found that existing
methods to embed static or dynamic language features, such as LangSplat and
4DLangSplat [7, 8], are not capable of understanding the behavior of road ob-
jects. In particular, queries often involve driving-scene-specific descriptions such
as “a pedestrian crossing the street on the left side of the ego vehicle” or “a
vehicle crossing the intersection from right to left,” which include motion cues
(e.g., speed, direction, turning) and relative location. However, prior methods
primarily capture object appearance (e.g., color, shape) and are limited to simple
indoor dynamics (e.g., opening or closing a cup).

To address this limitation, we propose a motion-aware alignment module that
encodes trajectories X = {(xt, yt)}Tt=1 of each object into a latent representation
z = Etraj(X) ∈ Rd using a trajectory encoder, which is then associated with two
codebooks: a motion codebook and a location codebook, defined as

Cmot = {pmot
k }Km

k=1, Cloc = {ploc
k }Kl

k=1, (4)

where each prototype vector p corresponds to a typical motion or location on the
road (e.g., turning left, moving right to left, in front of ego, on the left side of ego).
To account for the different motion patterns of rigid and non-rigid agents, we
maintain separate motion codebooks for vehicles and pedestrians, while sharing
the same location codebook across object types. Given a trajectory embedding
z, similarity scores with prototypes are computed, and the aggregated features
fmot, f loc ∈ Rd are obtained as convex combinations of the corresponding code-
book vectors. These serve as temporal language features capturing both the
object’s movement and location relative to the ego view.

During training, motion and location alignment losses are combined with
commitment terms as Ltemp = λalign(Lmot+Lloc)+λcommit Lcommit, where Lmot
and Lloc measure the cosine distance with text prototypes, and the commitment
terms Lcommit enforce closeness between z and the weighted codebook features.

Finally, the temporal feature is associated with each object node, represented
as

Go(t) =
(
{gi(t)}No

i=1, c
temp
o

)
, (5)

where {gi(t)}No
i=1 are the Gaussians belonging to object o, and ctemp

o = (fmot, f loc)
encodes the behavioral context at the object level. As shown in Eq. (5), this for-
mulation binds temporal features to each object node, enabling open-vocabulary
reasoning over object dynamics. During inference, object trajectories are first en-
coded into temporal features ctemp

o and compared with the encoded text prompt.
This yields a unified embedding that compactly represents the behavioral dy-
namics of each object. The detailed implementation of motion-aware alignment
can be found in the supplementary material.
Gaussian Object Querying. For querying the scene with both appearance
and temporal features, we first encode the text prompt with E5 Sentence Trans-
former [11]. Appearance features rendered from Gaussians are decoded through
a pretrained autoencoder and compared against prompt embeddings to generate
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pixel-level similarity maps, which are post-processed into binary masks. These
masks are then used to select candidate object instances per prompt. For vehicles
and pedestrians, separate trajectory encoders are loaded (trained with motion
and location codebooks) together with their text projectors, and the extracted
temporal features of candidate trajectories are compared with prompt embed-
dings using cosine similarity. At inference, appearance similarity first narrows
down candidate regions, after which motion and location features are combined
to select the most relevant object based on the highest similarity.

2.3 Automated Scenario Mining

While human-guided driving scene editing enables fine-grained control, it inher-
ently limits scalability and diversity due to its reliance on manual prompting
and intervention. To address this, SIMSplat supports VLM-driven scenario min-
ing that automates scene augmentation at scale, integrating scenario generation,
validation, and refinement within a single pipeline.

As shown in Figure 2, the VLM takes multi-view driving scene images as
input and generates natural language prompts describing potential scene modi-
fications. Each prompt is validated against a predefined set of supported editing
functions to ensure feasibility. SIMSplat then performs visual grounding in the
language-aligned 4D Gaussian scene to identify the referenced objects. For ex-
ample, given the prompt “Make the black car turning at the intersection go
straight,” the VLM extracts the caption “black car turning at the intersection”
and retrieves the most relevant object from the Gaussian scene, as described
in the previous section. Because language semantics are embedded directly into
the Gaussian scene-graph nodes, object localization becomes an intrinsic prop-
erty of the representation, eliminating the need for online detectors or manually
specified spatial annotations.

SIMSplat then designs object trajectories by adjusting motions (e.g., accel-
erating, reversing, lane changing, or turning), inserting new dynamic or static
objects (e.g., adding a following vehicle or placing a roadside obstacle), or per-
forming object replacement and removal. The framework supports flexible action
parameterization (including speed, direction, start time, relative distance, and
start/end positions) to enable diverse and fine-grained scene edits. Generated
motions are further validated and refined by the multi-agent path refinement
module to ensure global consistency, as discussed in the following section.

For new object insertion, SIMSplat retrieves appropriate assets from an asset
bank covering vehicles, pedestrians, traffic signs, and road objects such as bar-
riers, cones, and construction equipment. Unlike conventional simulators that
rely on synthetic or static pedestrian models, our asset bank includes dynamic
real-world pedestrian assets extracted directly from sensor data, each annotated
with descriptive captions (e.g., “a pedestrian walking from left to right with a
red backpack”), enabling realistic insertion and improving simulation fidelity.

After editing, the modified 3D scene is rendered onto the 2D image plane and
validated. Invalid outcomes such as collisions or off-road behavior are first filtered
out. The VLM then evaluates semantic plausibility by taking the edited RGB
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images, BEV map, and trajectories of target and surrounding agents as input
to determine whether the modification faithfully follows the original prompt. If
inconsistencies are detected or plausibility is not satisfied, the system iteratively
refines asset selection or motion parameters. Once all constraints are met, the
editing process is finalized. While the framework supports full automation, hu-
man intervention is also available for manual prompting and detailed parameter
tuning.

2.4 Multi-agent Path Refinement

While the trajectory outputs generated by pre-defined function sets provide a
useful starting point, they are not specifically designed as a multi-agent path
planner and therefore have limited ability to reason about surrounding traffic
participants and road context. Existing approaches often generate modified tra-
jectories with built-in functions, but these typically focus only on producing
collision-free paths for the target object without considering the impact of the
modification on other agents. To address this limitation, our framework aims to
create reactive scenarios in which not only the edited target agents but also the
surrounding agents respond naturally to changes.

To achieve this, we apply multi-agent path refinement using a motion pre-
diction model that forecasts the future trajectories of all agents potentially af-
fected by the edits. Specifically, we train SMART-1B [15] on the Waymo Open
Dataset [10] and use it to simulate the collective behavior of road agents. Given
the pre-generated trajectory τ edit of the target object from the Motion Con-
troller and the observed history X1:t = {xo

1:t}No=1 of all agents, the predictor P
generates future rollouts

X̂t+1:T = P (X1:t, τ
edit), (6)

where X̂t+1:T denotes the refined trajectories for both the target and surrounding
objects. This refinement enables our framework to roll out realistic multi-agent
scenarios. For instance, a following vehicle may detour or stop when the edited
vehicle ahead brakes abruptly, or adjacent cars may react to avoid a collision
when a jaywalking pedestrian appears. This process not only adapts vehicle
behaviors but also captures pedestrian dynamics, e.g., a pedestrian halts when
a newly inserted obstacle blocks the crosswalk. Since the refinement depends on
a prediction model and may be sensitive to uncertainty or failure cases, we also
provide the option to bypass this module when deterministic editing is preferred.

3 Experiments

3.1 Datasets and Settings

To evaluate the proposed driving scene editor in realistic driving environments,
we conduct experiments on the Waymo Open Dataset [10]. For training, we use
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Fig. 4: Qualitative comparison of ob-
ject querying. Our method effectively
captures the motion and location of road
agents within the scene. (Frames are sam-
pled from different timesteps to match
when each grounded object appears.)

Table 2: Object querying results.
Metrics reported are accuracy (Acc.) and
video-level IoU (vIoU).
Method Vehicle Pedestrian Total

Acc. vIoU Acc. vIoU Acc. vIoU

LangSplat 0.27 0.47 0.30 0.32 0.28 0.40
4DLangSplat 0.33 0.53 0.37 0.44 0.35 0.49
Ours 0.83 0.81 0.63 0.78 0.73 0.80

Table 3: Ablations on language fea-
ture components. App., Mot., and Loc.
denote Appearance, Motion, and Location.

Features Vehicle Pedestrian Total

App. Mot. Loc. Acc. vIoU Acc. vIoU Acc. vIoU

✓ 0.53 0.56 0.27 0.38 0.40 0.47
✓ ✓ 0.73 0.70 0.27 0.38 0.50 0.54
✓ ✓ 0.57 0.64 0.33 0.42 0.45 0.53
✓ ✓ ✓ 0.83 0.81 0.63 0.78 0.73 0.80

images from the front, front-left, and front-right cameras, with 100 frames sam-
pled at 10 Hz for each sequence. Every 10th frame is reserved for the test set, and
training is performed on a single NVIDIA A100 GPU. For motion generation,
the first 11 timesteps of each trajectory are used as input, which predicts 80 fu-
ture timesteps. For VLM-driven automation, Qwen3-VL-32B [1] is used. Further
training and evaluation details are provided in the supplementary material.

3.2 Road Object Querying

We first verify that language-aligned Gaussians provide accurate object ground-
ing by comparing open-vocabulary querying results against state-of-the-art base-
lines, LangSplat and 4DLangSplat. As shown in Table 2, when given queries con-
taining object descriptions, our method achieves an overall accuracy of 0.73 and
a vIoU of 0.80, outperforming other models by a significant margin. In particular,
for vehicle objects, our method attains 0.83 in accuracy and 0.81 in vIoU, nearly
doubling the performance of 4DLangSplat. Even for pedestrians, which are typ-
ically smaller and harder to detect than vehicles, our model achieves 70.3% and
77.3% higher accuracy and vIoU scores, respectively, compared to 4DLangSplat.

Figure 4 illustrates qualitative examples of querying results. Compared with
4DLangSplat, which often fails to locate the correct object following a motion
description, our model successfully identifies the target. For instance, in the first
case, our model successfully finds the vehicle turning right among several moving
vehicles, whereas 4DLangSplat instead selects a vehicle driving straight. In an-
other case, our model identifies the pedestrian standing still on the left side, while
4DLangSplat incorrectly highlights a pedestrian walking across the crosswalk.
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“Add a stop sign 5 meters to the right of the bus ahead.”

Original

"Add a pedestrian crossing the street in front of ego” “Make the black SUV abruptly back up”

“Remove the children crossing the street ahead”"Replace a yellow taxi at the intersection into a white laborghini”

"Make the white vehicle to cut into the ego vehicle’s lane”

Original Original EditedEdited

(a) (b)

Fig. 5: Qualitative editing results. (a) Human-guided editing. (b) VLM-driven
editing. SIMSplat supports detailed modifications including vehicles, pedestrians, and
static road objects. Summarized versions of the prompts are shown for better visibility.

Although not shown in the figure, even when specific appearance-based prompts
are provided (e.g., black sedan, pedestrian with red coat), multiple agents with
similar appearances may exist due to the density of road participants. In such
cases, our model resolves ambiguity by incorporating motion and location cues
into the language field. These results demonstrate that our motion-aware align-
ment strategy effectively embeds the dynamic nature of road agents, thereby
enabling more accurate and reliable language-grounded querying.

To examine the contribution of motion and location features in our alignment
module, we conduct ablation studies on different language feature components.
As shown in Table 3, combining motion and location features with appearance
features yields the best performance across all metrics and tasks. Moreover, when
motion features are used alongside appearance features, the accuracy and vIoU
for vehicle objects improve, whereas combining location features with appearance
features enhances the metrics for pedestrian objects. These results indicate that
when applied separately, motion and location features each contribute distinct
benefits to different object types, and their combination significantly enhances
the overall querying performance for dynamic road objects by providing richer
behavioral cues.

3.3 Scene Editing

We evaluate scene editing results across various types of modifications and lan-
guage commands. As baselines, we primarily compare against ChatSim [13],
which provides the most diverse range of language-based editing among existing
frameworks, and OmniRe [2], which supports object-level editing in Gaussian
scenes. For fairness, all models are trained under the same scenario.
Qualitative Results. Figure 5 presents qualitative examples of scene editing
using our framework, with human-guided editing shown on the left and VLM-
driven editing on the right. As illustrated in the prompts, object placement
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can be specified either through relative descriptions (e.g., “in front of the con-
struction worker” or “next to the bus ahead”) or via explicit coordinates (x, y, z).
Beyond editing individual objects, our framework also supports group-level com-
mands, such as “remove all crossing pedestrians/vehicles” Notably, as shown in
the bottom-left example, our framework uniquely supports pedestrian editing.
It enables not only modification of existing pedestrians (e.g., adjusting walking
speed) but also insertion of real-human pedestrian assets extracted from other
scenarios. This capability allows users to introduce realistic pedestrians while
preserving natural joint motions and gestures. For instance, the figure demon-
strates a newly inserted pedestrian crossing the street with coherent and natural
movement. Such functionality further facilitates the creation of safety-critical
scenarios, e.g., “insert a jaywalking pedestrian” or “a wheelchair user abruptly
appearing behind the truck,” through precise and controllable pedestrian manip-
ulation. In addition to pedestrian editing, our framework provides detailed vehi-
cle control, including speed adjustment and trajectory modification (e.g., turning
left, changing lanes, or reversing). As shown in (b), these behavior changes are
effectively used to generate adversarial scenarios such as aggressive cut-ins or
abrupt reversals. Motion edits can be further specified using either absolute or
relative positioning (e.g., “start 2m next to the white car,” “stop at (x, y, z)”),
and new vehicles can likewise be introduced with user-defined behaviors.

Figure 6 showcases how our framework refines agent trajectories and inte-
grates predictive interactions into edited scenes. In the top-left case, a construc-
tion worker and a pedestrian standing on the left originally cross the street,
but after a barrier blocks the crosswalk, they remain stopped at the edge. In
the top-right case, we insert a truck proceeding straight through an intersec-
tion. To merge with right-turning vehicles, it waits for a safe gap before merging
smoothly into traffic, demonstrating our framework’s ability to adapt to new ob-
jects in ongoing traffic conditions. In the bottom-left case, a traffic cone is added
in the middle of a crosswalk. Two approaching vehicles detect the new obstacle
and gradually stop in front of it. In the last case, a vehicle attempting parallel
parking abruptly halts, likely due to becoming stuck. The following gray vehicle
then makes a slight detour to avoid it. As shown in these examples, multi-agent
path refinement adapts all agents, including both vehicles and pedestrians, to
coordinately respond to changes. These results demonstrate that our framework
not only enables efficient scene editing but also generates coherent multi-agent
interactions through predictive path refinement.

Task Completion. We evaluate task completion rates using prompts grouped
into three categories: adding new objects, modifying existing objects, and re-
moval. As shown in Table 4, our human-guided model achieves the highest over-
all completion rate (87.2%). Even without human intervention, the VLM-driven
version outperforms all baseline methods, demonstrating the effectiveness of our
automated pipeline built upon language-aligned Gaussians. ChatSim supports
the insertion of new vehicles and static objects, but does not enable pedestrian
editing or modification of existing objects, as it does not model individual road
agents explicitly nor capture their temporal motion dynamics. In contrast, Om-
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Edit: A newly added construction barrier

 Pedestrians remain stopped at the edgeAfter refinement:

Edit: A newly added traffic cone on the crosswalk

 Two vehicles coming from left side gradually stopAfter refinement:

Edit: Vehicle stuck during parallel parking

Following gray vehicle makes a slight detourAfter refinement: 

Edit: A newly added truck moving straight

Smoothly merge in between the right-turning vehiclesAfter refinement: 

GT

Edited

GT

Edited

GT

EditedEdited

GT

Fig. 6: Qualitative results with predictive path refinement. The multi-agent
path refinement adapts both target and surrounding objects to interact in edited scenes.

Table 4: Task completion results. The metric represents the success rate of exe-
cuted prompts. Obj. denotes a static object. † denotes an extended version with editing
functions.

Method Add new Modify Remove Total
Vehicle Stat. Obj. Ped. Vehicle Ped.

ChatSim [13] 46.7 63.3 0.0 0.0 0.0 50.0 26.7
OmniRe† [2] 26.7 23.3 16.7 36.7 23.3 40.0 27.8

Ours (VLM) 70.0 70.0 66.7 73.3 66.7 80.0 71.1
Ours (human) 86.7 83.3 93.3 83.3 90.0 86.7 87.2

niRe allows adding pedestrians and modifying existing objects through its scene-
graph-based reconstruction. However, it lacks the ability to control objects with
given language commands, such as specifying target objects or relative positions.
Moreover, ChatSim identifies existing objects primarily through attribute match-
ing, whereas our model can localize objects using free-form language descrip-
tions. This capability aligns particularly well with the VLM-leveraged frame-
work, which excels at generating rich semantic descriptions rather than explicit
bounding box or pixel-level selection. Overall, SIMSplat achieves substantially
higher task completion rates across diverse editing categories, owing to its ac-
curate object grounding within the 4D scene and extensive editing support for
both vehicles and pedestrians.
Motion Generation. We then assess whether multi-agent path refinement pro-
duces consistent simulations after editing. Table 5 reports failure rates in terms
of interactions with the surrounding environment. GPT2Motion refers to us-
ing GPT-5 directly as a motion generator, and we also evaluate a variant of
our model without the multi-agent path refinement module. As shown, when
analyzing total failure cases, our model achieves the lowest error rates. Other
baselines perform well when a static object is placed in isolation, away from sur-
rounding agents. However, when the edited object must coordinate with nearby
agents, collisions or off-road driving occur much more frequently. While target
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Table 5: Motion generation results.
We report collision rates, off-road driving,
and total failures.

Method Col. veh. Col. ped. Off-road Failure

ChatSim 53.3 36.7 33.3 53.3
OmniRe† 63.3 30.0 26.7 70.0
GPT2Motion 60.0 73.3 36.7 80.0

Ours (w/o ref.) 43.3 26.7 10.0 53.3
Ours 13.3 16.7 6.7 20.0

Table 6: Comparison of VLMs. We re-
port the number of iterations, task comple-
tion, and plausibility score.

Model # Iter. Task Comp. Plaus.

Qwen3-VL-32B [1] 4.5 71.1 2.80
Qwen3-VL-8B [1] 7.4 48.3 2.10
GPT-5 3.6 78.9 3.25
GPT-5-mini 4.1 73.3 2.95
Claude-Opus-4.1 3.9 80.0 3.10

vehicle-oriented planning and validation may succeed in sparse traffic or isolated
settings, they often fail to adapt effectively in complex urban scenarios. These
results highlight that scene editing in real-world driving requires not only gener-
ating collision-free trajectories for a single object but also dynamically adjusting
the motions of surrounding agents in line with their predicted interactions.
VLM-driven Scenario Mining. Finally, we compare how different VLMs per-
form when driving the automated pipeline by evaluating the number of itera-
tions, task completion rate, and plausibility score across open-source and com-
mercial VLMs. The number of iterations reflects how efficiently a model con-
verges to its final output. As shown in Table 6, GPT-5 generates scenes with
the fewest iterations (3.6 on average), whereas Qwen3-VL-8B requires the most.
Larger models such as GPT-5 and Claude-Opus-4.1 also achieve higher task
completion rates of 78.9% and 80.0%, respectively. The plausibility score is eval-
uated using Gemini, following prior work in 3D generative modeling that lever-
ages VLM-based evaluators to quantify output quality [6,14]. Scores range from
1 (poor) to 4 (good), with detailed evaluation rubrics provided in the supplemen-
tary material. Consistent with the other metrics, GPT-5 and Claude-Opus-4.1
achieve the highest plausibility scores of 3.25 and 3.10, respectively. Although
SIMSplat currently employs the open-source Qwen3-VL-32B model, our results
suggest that larger VLMs can further improve both the efficiency and quality of
scenario mining, while smaller models remain attractive for their faster inference
speed and lower computational cost.

4 Conclusion

We presented SIMSplat, a framework that bridges language understanding, object-
level scene editing, and reactive multi-agent simulation within a single pipeline
built on language-aligned 4D Gaussian scene graphs. By embedding appearance,
motion, and location features into scene-graph Gaussians, SIMSplat makes re-
constructed driving scenes queryable through free-form natural language, bridg-
ing language understanding to object-level editing and multi-agent simulation.
Our motion-aware alignment more than doubles the grounding accuracy of prior
methods, and this language-aligned scene-graph in turn enables a rich suite of
edits—including fine-grained pedestrian manipulation—while multi-agent path
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refinement ensures that surrounding agents respond naturally to changes. The
full pipeline integrates with VLMs for automated scenario mining, achieving the
highest task completion rate and the lowest failure rate across diverse driving
scenarios, with larger VLMs further improving both efficiency and output qual-
ity.
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