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Fig. 1: Natural-language editing. Cosmos [3] achieves high visual quality but fails
to align with the target behavior and modifies the background, showing poor control-
lability. While ChatSim [41] preserves background information, it suffers from poor
photorealism, inaccurate trajectory generation, and traffic violation (e.g., collision). In
contrast, our method achieves photorealism, instruction alignment, structure preserva-
tion, and traffic realism simultaneously, significantly outperforming previous methods.

Abstract. LangDriveCTRL is a natural-language-controllable frame-
work for editing real-world driving videos to synthesize diverse traffic
scenarios. It represents each video as an explicit 3D scene graph, decom-
posing the scene into a static background and dynamic object nodes. To
enable fine-grained editing and realism, it introduces a feedback-driven
agentic pipeline. An Orchestrator converts user instructions into exe-
cutable graphs that coordinate specialized multi-modal agents and tools.
An Object Grounding Agent aligns free-form text with target object
nodes in the scene graph; a Behavior Editing Agent generates multi-
object trajectories from language instructions; and a Behavior Reviewer
Agent iteratively reviews and refines the generated trajectories. The
edited scene graph is rendered and harmonized using a video diffusion
tool, and then further refined by a Video Reviewer Agent to ensure pho-
torealism and appearance alignment. LangDriveCTRL supports both ob-
ject node editing (removal, insertion, and replacement) and multi-object
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behavior editing from natural-language instructions. Quantitatively, it
achieves nearly 2× higher instruction alignment than the previous SoTA,
with superior photorealism, structural preservation, and traffic realism.

Keywords: Video Editing · Multi-modal Agents · Autonomous Driving

1 Introduction

Synthetic data generation [32] is increasingly adopted to address the limited di-
versity and coverage of real-world driving logs [33], especially for training and
validating autonomous driving stacks. Because collecting real driving videos, par-
ticularly those depicting safety-critical scenarios, is prohibitively expensive and
logistically impractical [44]. Traditional driving simulators such as CARLA [10]
and AirSim [29] can generate diverse scenarios. However, they rely on manually
created 3D assets and require engineers to write scripts for scenario generation
and human feedback for refinement.

Recent works attempt to scale these workflows by enabling natural-language-
driven scene editing. Agentic pipelines [16,40,41] leverage explicit 3D represen-
tations and Large Language Models (LLMs) [1] to orchestrate modular tools.
However, they suffer from three key issues. 1) They rely solely on unimodal text
reasoning without integrating multimodal scene context, which makes it diffi-
cult to accurately localize the target objects and generate realistic trajectories.
2) They simply composite the background with the inserted object, resulting
in poor rendering quality under large viewpoint changes and failing to achieve
lighting-aware insertion. 3) Most importantly, they do not verify intermediate
results after each step, leading to error accumulation and poor final results.

In contrast, implicit world models such as Cosmos [3] directly edit videos
in pixel space rather than 3D space, achieving strong photorealism and plau-
sible object behavior. However, it sacrifices controllability. Specifically, it does
not explicitly support object-level editing and may unintentionally alter scene
structure (e.g., inserting unrequested objects). Like agentic pipelines, it is also
feed-forward, lacking feedback mechanisms to correct instruction misalignment.

To address these challenges, we propose LangDriveCTRL, a feedback-
driven, natural-language-controllable framework that unifies explicit scene rep-
resentation with diffusion-based behavior and video refinement. Our approach is
based on two key insights. 1) Fine-grained controllability requires multi-modal
reasoning that jointly grounds language instructions in visual appearance and
traffic context. 2) Photorealism and instruction alignment require feedback-driven
iterative refinement, where intermediate behaviors and renderings are reviewed
and corrected in a closed loop.

LangDriveCTRL operates on a scene-graph representation obtained via ex-
plicit 3D decomposition. Each video is modeled as a static background node and
dynamic object nodes with trajectories. This design enables object-level editing
while preserving scene structure. A central LLM-based Orchestrator coordinates
reasoning-capable agents and functional tools. Agents (driven by LLMs or VLMs)
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interpret user intent, ground language instructions in scene context, reason about
traffic semantics, and iteratively review and refine intermediate outputs. While
tools execute atomic operations such as 3D reconstruction [8, 18], text-to-3D
generation [51], and multi-object trajectory simulation [7].

Given a user instruction, the Orchestrator first decomposes it into object-level
sub-tasks and constructs an execution workflow. An Object Grounding Agent
matches open-vocabulary descriptions to object nodes by jointly reasoning over
appearance, behavior, and position information. For behavior editing, a Behav-
ior Editing Agent generates counterfactual behavior based on trajectory history
and lane information, and invokes a diffusion-based multi-object simulator [7]
to generate trajectories. The Behavior Reviewer Agent then enforces instruction
alignment and traffic realism through a feedback loop. After editing the scene
graph, a coarse renderer produces an initial video, which is further harmonized
by a custom Video Diffusion Tool to address lighting inconsistencies and novel-
view artifacts. However, this harmonization may alter the appearance of inserted
vehicles. Therefore, a Video Reviewer Agent iteratively adjusts diffusion strength
and guidance to balance photorealism and appearance preservation. As shown
in Figure 1, this feedback-driven, multi-modal design achieves photorealism, in-
struction alignment, structure preservation, and traffic realism simultaneously,
significantly outperforming both world models and prior agentic pipelines.
Contributions. Our main contributions are:
– We introduce LangDriveCTRL, a feedback-driven, natural-language-controllable

framework for fine-grained object-level editing of driving videos. It supports
object removal, insertion, replacement, and multi-object behavior editing.

– We design two novel multi-modal reasoning agents: 1) an Object Grounding
Agent for open-vocabulary object querying, and 2) a Behavior Editing Agent
for multi-object trajectory generation.

– We propose feedback-driven iterative refinement of behavior and video via
a Behavior Reviewer Agent and a Video Reviewer Agent, improving both
instruction alignment and traffic realism.

– Extensive experiments demonstrate that LangDriveCTRL achieves nearly 2×
higher instruction alignment than prior state-of-the-art methods and signif-
icantly improves structural preservation, photorealism, and traffic realism.
Meanwhile, it maintains comparable latency to existing SoTA approaches.

2 Related Work

Neural Rendering for Driving Scene Editing. Neural rendering meth-
ods [13, 14, 18, 26, 37, 38] such as NeRF and 3D Gaussian Splatting have been
widely adopted for autonomous driving due to their ability to reconstruct com-
positional 3D scenes and support for object-level editing [8, 36, 43]. While these
optimization-based approaches enable modular manipulation of foreground ob-
jects and background, they struggle under significant view changes, lack multi-
object simulation capabilities, and do not natively support lighting-aware inser-
tion of new objects.
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def LangDriveCTRL(input_video, instruction):

 scene_graph = decompose_scene(input_video)

 

 # all functions can directly access the scene graph

 # object query, locate the reference vehicle based on the text

 white_vehicle = ground_object(obj_desc = “White Vehicle.")

 # object node editing, generate and insert the blue sedan into the scene

 blue_sedan = insert(obj_desc = “Blue sedan.")

 # behavior editing, generate and refine the trajectory

 # based on the feedback loop

 gen_traj(obj = blue_sedan, behav_desc = “Go straight.”,

init_pos_desc = “The right of the white vehicle, slightly behind it.”)

 # video rendering and iterative refinement

 render_and_refine()
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Fig. 2: Overall Pipeline. Given an input video and the user instruction, our pipeline
first builds a scene graph, which decomposes the scene into a static background node
and multiple dynamic object nodes with their trajectories. To execute the instruction,
the orchestrator coordinates agents and tools from different modules to work together:
the object query module localizes target objects in the scene graph based on textual
descriptions; the object node editing module performs object removal, insertion, and
replacement; the behavior editing module generates and refines multi-object trajecto-
ries based on a feedback loop; finally, the rendering and refinement module renders
the edited scene graph and iteratively refines it with a video diffusion tool. While the
figure illustrates single-object editing, our pipeline is capable of multi-object editing.

Diffusion Models for Driving Scene Editing. Recent editing methods com-
bine neural rendering with diffusion models [22, 31, 48] for improved robustness
to viewpoint changes and lighting-aware object insertion [12, 23, 50, 52]. These
pipelines, however, are usually controlled through low-level parameters or 2D/3D
bounding box, not natural language. In contrast, the purely generative world
model [3] can take natural language instructions and edit videos directly in pixel
space, but it lack fine-grained object-level control and often alter the underlying
scene structure of the input videos.

Natural-Language-Controllable Simulation. LLM-driven modular simula-
tion pipelines [16,40,41] leverage LLMs to provide natural-language control over
object-level operations (e.g., removal, insertion and replacement). However, they
struggle with accurate target object localization and realistic trajectory genera-
tion due to unimodal text reasoning, produce poor rendering quality from naive
compositing, and lack iterative refinement.
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3 Our approach

Our framework follows an agentic pipeline, as shown in Figure 2, that determines
which agents (with reasoning ability) and tools (without reasoning ability) to
invoke based on user instructions. The pipeline consists of different modules to
ensure controllability and interpretability while achieving high realism.

3.1 Input

Our pipeline takes a driving video, a user instruction and the scene map as input.
We assume that the original object trajectories and map are provided.

3.2 Orchestration Module

Orchestrator Agent. The orchestrator is the central agent in our system
that controls the overall workflow. It is implemented using an off-the-shelf LLM
[1] that we configure using in-context learning [5], and it produces executable
Python scripts that call other agents or tools provided in various modules of our
system, as shown in Figure 2.

The orchestrator first decomposes the user instruction into sub-instructions
for each target object, then designs execution workflows for each object and
invokes the corresponding agents and tools from different modules. To enable
this, we encapsulate the operations provided by various modules in our system
into modular functions that can be easily assembled into executable scripts. We
use in-context learning [5] to teach the LLM how to call these functions and
generate executable scripts to fulfill user instructions.

The execution workflow proceeds as follows. First, the orchestrator employs
the scene reconstruction tool to decompose the 3D scene into a static back-
ground node and dynamic object nodes with associated trajectories, generating
a scene graph. This scene graph is then shared across all target objects for sub-
sequent editing operations. For each target object, the orchestrator invokes the
object grounding agent to locate the target node in the scene graph based on
the textual description. Next, depending on the editing type (removal, insertion,
or replacement), it calls the appropriate tool or agent to modify the node and
update the scene graph. If the instruction involves trajectory editing, the orches-
trator invokes the behavior editing agent to generate trajectories, which are then
checked and iteratively refined by a behavior reviewer agent. Finally, after all
objects have been processed, the orchestrator calls the coarse rendering tool to
generate a coarse video, which is then harmonized by the video diffusion tool. A
video reviewer agent iteratively refines the result to achieve both photorealism
and appearance alignment.

3.3 Scene Decomposition Module

The goal of this module is to decompose the input driving video into a scene
graph SG that enables object-level reasoning and controllable editing. The scene
graph contains a static background node and multiple dynamic object nodes
representing vehicles and pedestrians, providing a modular and interpretable
representation for fine-grained editing.
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Scene Reconstruction Tool. 3D Gaussian Splatting (3DGS) [18] is good at
representing and rendering static scenes with high photorealism. Following [8],
the tool decomposes the scene into static background Gaussians and canonical
object nodes with trajectory-based transformations. These components form a
scene graph:

SG(t) = {Nbg, {N i
asset(t)}Ki=1 },

where Nbg represents the static background Gaussian primitives, and N i
asset(t)

are time-dependent object nodes with node ID i. Each canonical object node
is transformed by its pose that captures its motion trajectory. This formulation
preserves the spatiotemporal consistency of real-world trajectories while enabling
fine-grained, per-object editing.

3.4 Object Query Module

The object query module establishes correspondence between textual object de-
scriptions and scene graph nodes through attribute-based reasoning. To achieve
this goal, previous methods can be roughly categorized into two types: open-
vocabulary detection/tracking algorithms [9, 24, 28, 45] and 3DGS-based ap-
proaches [21, 27, 30]. Although these methods perform well at category-level
recognition, they struggle with attribute-based distinctions (e.g., color, type,
spatial relationship, and motion).

Object Grounding Agent. To address this limitation, we design an object
grounding agent powered by the vision-language model (VLM) [17]. It receives
three types of information from the input videos, scene graphs and maps to lo-
cate target object nodes: 1) appearance information: each node is projected into
pixel space and segmented using SAM [19] to extract its visual appearance; 2)
behavior information: motion descriptions are generated from trajectory analy-
sis (speed/heading/lane changes) using heuristic rules; 3) position information:
trajectory coordinates and lane information are used for spatial relationship
analysis. Given all this context information, the agent identifies the target node
through a two-stage process. First, it decomposes the query into a triplet: ref-
erence node, target node, and their spatial relation (e.g., “the black SUV on the
left of ego": <ego, black SUV, left>). Then, it locates the reference node by
matching appearance and behavior, filters candidates by spatial relation, and
selects the target node through the same matching process.

3.5 Object Node Editing Module

After identifying the target node, editing operations (e.g., removal/insertion/re-
placement) can be easily performed by corresponding tools and agents.

Removal Tool. It removes all Gaussian primitives belonging to the target node,
and updates the scene graph.
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Insertion Agent. It first invokes a text-to-3D tool (i.e., Hunyuan3D [51]) to
generate a mesh, then adjusts its size and local coordinate system to align it
with the scene. Finally, the mesh is added to the scene graph as a new node.
For size adjustment, the agent first calculates the mesh’s bounding box and
rescales it to the scene’s actual size. For orientation alignment, the agent aligns
the mesh’s local coordinate system with the scene’s world coordinate system by:
1) rendering the mesh from a fixed axis, 2) analyzing its facing direction in the
rendered image, 3) determining the local axes.

Replacement Agent. It essentially combines the removal and insertion oper-
ations to replace an existing object node with a new one, while the new node
inherits the original trajectory.

3.6 Behavior Editing Module

The behavior editing process involves two specialized agents. The Behavior Edit-
ing Agent generates a counterfactual behavior combination list for each object
node based on its original trajectory and map information, then selects the be-
havior combination that best matches the instruction. It uses the selected result
to generate trajectories through a multi-object simulation tool [7]. The Behavior
Reviewer Agent then checks the generated trajectories and performs iterative
refinement to ensure instruction alignment and traffic realism.

Behavior Editing Agent. The agent first uses heuristic tools to generate be-
havior description of the object’s original trajectory. This is essentially a behav-
ior combination that describes all matched behaviors (e.g., “slow down, change
from the middle lane to the left lane, turn left"). The next step is counterfactual
behavior generation. Replace/remove/keep/add operations are applied to each
behavior in the combination to produce new behavior combinations, which form
a combination list. These combinations are then filtered using the map to re-
move unreasonable behaviors, such as ask a vehicle to make a turn when there is
no intersection. Additionally, mutually contradictory behaviors are also filtered
out, such as combinations containing both “going straight" and “static". Finally,
the agent selects the best match from the combination list according to the user
instruction and original behavior. The selected result is then used as the text
condition for LangTraj [7], a diffusion-based, language-conditioned trajectory
simulator for multi-object simulation. Importantly, the selection is a behavior
combination rather than a single behavior (e.g., if the user instruction is “speed
up", and the original behavior is “slow down, change from the middle lane to the
left lane, turn left", the selected behavior combination will be “speed up, change
from the middle lane to the left lane, turn left"). The purpose of doing this is
twofold: 1) to filter out unreasonable behaviors; 2) to preserve the object’s orig-
inal behaviors as much as possible. For example, if the original behavior is “go
straight" and the user asks the vehicle to slow down, the vehicle should maintain
going straight while slowing down.
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Coarse Video Iteration 1 Iteration 2 Iteration 3

Appearance Preservation: ✓

Photorealism:✗

Next Step: increase diffusion strength

Appearance Preservation: ✓

Photorealism:✓
Finish!

Appearance Preservation: ✗

Photorealism: ✓

Next Step: apply stronger L2 guidance

“Insert a yellow taxi on the right of the ego vehicle, 6 meters ahead, and make it go straight.”

Fig. 3: Effect of the video reviewer agent. The video reviewer dynamically adjusts
the diffusion strength and the L2 guidance weight based on feedback. Iteration 1:
The taxi looks realistic, but appearance preservation is compromised (the roof light
disappears), so the agent increases the L2 guidance weight. Iteration 2: The appearance
is preserved, but it looks unrealistic (too bright), so the agent increases the diffusion
strength. Iteration 3: Both photorealism and appearance preservation are achieved,
and the agent stops the refinement.

Behavior Reviewer Agent. However, generated trajectories from LangTraj [7]
may not align with instructions and may involve collisions or off-road scenarios.
The reviewer agent addresses this through an automatic feedback loop that itera-
tively validates and refines trajectories. Specifically, it employs trajectory valida-
tion functions to evaluate the instruction alignment and traffic rule compliance.
For multi-object simulation, the agent handles successful and unsuccessful ob-
jects differently. For objects that already satisfy all requirements, it stores their
successful trajectories and uses them as guidance for subsequent generations.
This makes it easier to achieve trajectory-instruction alignment and also enables
interaction with other objects. For objects that do not meet the requirements,
the agent adjusts the guidance configuration for LangTraj [7] accordingly. Specif-
ically, if behavior misaligns with the instruction, it increases the classifier-free
guidance weight. For off-road or collision violations, it adds the corresponding
off-road or collision avoidance guidance and adjusts its weight to improve traffic
compliance. Based on this feedback loop, the module can consistently generate
realistic and accurate trajectories.

3.7 Rendering and Refinement Module

Coarse Rendering Tool. This tool renders the edited scene from the up-
dated scene graph. Specifically, it renders the 3DGS based scene graph using
the rasterization algorithm [18], and renders the inserted object meshes using
PyVista [34]. The rendered components are then composited with depth infor-
mation. However, videos generated by this tool typically lack photorealism. The
newly inserted objects often appear unnatural, and when new viewpoints dif-
fer significantly from the original ones (e.g., when modifying the ego vehicle’s
trajectory), the rendering quality of 3DGS drops quickly.
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Video Diffusion Tool. To address the quality issue, this tool employs a video
diffusion model that takes the coarse video as condition to generate the enhanced
output. Specifically, it adopts CogVideoX [46] as the backbone and finetunes the
model using two strategies: 1) replacing Gaussian primitives in the 3DGS rep-
resentation with object meshes to learn the photorealistic vehicle appearances,
2) training on noisy Gaussian rendering pairs curated via cycle reconstruction
strategy [42] for effective denoising.

Video Reviewer Agent. However, while the video diffusion tool can generate
photorealistic results, it may alter the appearance (shape, key parts, type, color,
etc) of inserted vehicles. In diffusion processes, higher denoising strength (i.e.,
greater noise levels) generally produces more realistic outputs but risks losing
information from the conditioning input [4, 25]. For example, in Iteration 1 of
Figure 3, the yellow taxi’s roof light disappears. To improve video quality while
preserving vehicle appearance, this VLM powered agent employs feedback-driven
iterative refinement. It dynamically adjusts the denoising strength to control
photorealism and tunes the L2 guidance loss weight to preserve object appear-
ance. The L2 guidance loss is computed at each denoising step by measuring the
L2 distance (in latent space) between the inserted-vehicle regions of the predicted
and the condition video.

The iterative refinement process works as follows. First, the agent applies
diffusion with relatively high denoising strength, which empirically produces
photorealistic results. The agent then reviews the output. If appearance is com-
promised (e.g. key parts are missing, shape/color changes), it increases the L2
guidance weight. Conversely, if the inserted vehicle appears unrealistic (e.g.,
lighting mismatches the environment), it increases the denoising strength. This
process continues until both photorealism and appearance preservation are sat-
isfied, or the maximum iteration number is reached, as shown in Figure 3.

4 Experiments

4.1 Evaluation Metrics

We evaluate our method on the following five aspects. 1) Photorealism. We use
FID [15] to assess image realism, and FVD [39] to evaluate temporal consistency
and overall video quality. 2) Instruction Alignment. We measure instruction
alignment using the following two metrics. For Appearance Alignment metric,
we sample frames from both the original and edited videos. We then use the
VLM [17] to compare them and determine whether the target object has been
accurately deleted, inserted, or replaced. For Behavior alignment metric, we first
use the Grounded-SAM-2 [28] model to track the edited object, and then back-
project its trajectory from pixel coordinates to world coordinates. Finally, based
on the map information, we evaluate whether the trajectory matches the instruc-
tions. 3) Structure Preservation. Following [20], we use the self-similarity
matrix from DINO [6] to capture the structural information of images. We then
compare the difference between the matrices of the original and edited images.
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Ours

“Make the ego vehicle change to the right lane.”
“Insert a black sedan 4 meters to the left of ego vehicle, 9 meters ahead,

and make it change to the right lane.”

Cosmos

ChatSim

Fig. 4: Qualitative comparison with baselines. The results generated by Cos-
mos [3] fail to align with the instruction and do not preserve the background well.
ChatSim [41] produces editing results with poor visual quality, inaccurate trajectories,
and collision issues. Our method clearly outperforms them in photorealism, instruction
alignment, structure preservation, and traffic realism.

4) Traffic Realism. The generated trajectories should not violate traffic rules.
Therefore, we also report the Collision Rate and Off-road Rate by sampling
frames from edited videos and using the VLM [17] to detect such incidents. 5)
User Study. For all four aspects mentioned above, we also conduct human
evaluation with 26 participants. For each aspect, participants are asked to select
which method performs best among the three methods and “none”.

4.2 Experiment Settings

Dataset and Instructions. We curate 30 diverse scenes from a real-world
driving dataset (Waymo Open Dataset [35]), covering different times of day, road
types, and weather conditions. Our work primarily focuses on vehicle editing in
driving scenes, so we select scenes with fewer pedestrians. For test instructions,
we generate them using GPT-4 [1], followed by human filtering. For each scene,
we generate 4 types of instructions (with 2-3 instructions per type): 1) removal
(e.g., “remove the blue sedan in front”); 2) replacement (e.g., “replace the van
on the right with a yellow taxi”); 3) behavior editing (e.g., “make the ego vehicle
turn left”); 4) insertion (e.g., “insert a black SUV 10 meters in front of the ego
vehicle and make it change to the right lane”).

Baselines. We use both LLM agent-based (ChatSim [41]) and diffusion model-
based (Cosmos [3]) driving scene editors as baselines. Both are state-of-the-art
open-source methods in their respective categories. To ensure fair comparison,
we strictly follow the original settings of each method. We evaluate all methods
on the same scene and instruction pairs.
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Table 1: Quantitative comparison with baselines. Our method consistently out-
performs all baselines across all metrics while maintaining efficiency. Abbreviations:
App. = Appearance, Beh. = Behavior, Str. = Structure Distance, Col. = Collision,
Off. = Off-road. User (%) shows the percentage of user study participants who choose
each method as the best for that aspect, with options including the three methods and
"none". Editing time is measured in minutes per scene on a single A6000 GPU.

Photorealism Instr. Align. Struct. Pres. Traffic Realism Efficiency

Method FID ↓ FVD ↓ User (%) ↑ App. (%) ↑ Beh. (%) ↑ User (%) ↑ Str. ↓ User (%) ↑ Col. (%) ↓ Off. (%) ↓ User (%) ↑ Time (min) ↓

Cosmos [3] 33.42 797.51 34.60 46.25 32.86 10.50 74.07 19.10 3.16 3.95 35.5 16.9
ChatSim [41] 47.70 605.69 4.80 42.33 26.64 3.90 46.52 7.40 27.62 24.71 5.60 19.3
Ours 32.85 467.20 54.20 82.19 71.67 60.40 34.62 65.00 0.58 1.73 48.30 17.1

Implementation Details. We use the front camera of scenes for experiments.
The input videos are 8 seconds long with an FPS of 10. For the LLM model, we
use GPT-4 [1], and for the VLM model, we use GPT-4o [17]. For the behavior and
video reviewer agents, we set the maximum iteration number for the feedback
loop as 5. For the video diffusion tool, we adopt CogVideoX [46] as the backbone
and initialize the model with pretrained weights fromTrajectoryCrafter [47]. We
further fine-tune it in two stages: 1) 40k iterations on 33-frame short videos,
followed by 2) 20k iterations on 81-frame long videos. Both stages are trained
with a batch size of 4 on a 4×H100 GPU workstation, for 48 hours each.

4.3 Quantitative Comparison with Baselines

Editing Performance. We report editing performance metrics across four key
aspects in Table 1. As can be seen, our method outperforms the baselines across
all metrics, particularly in appearance and behavior alignment. In terms of pho-
torealism and structure preservation, our editing results not only achieve the
highest visual quality and temporal consistency, but also preserve the original
structure well. While Cosmos [3] demonstrates good photorealism on individ-
ual frames, it tends to modify the background simultaneously. ChatSim [41], on
the other hand, shows poor performance in both visual quality and structure
preservation. For instruction alignment, both Cosmos [3] and ChatSim [41] fail
to accurately remove, insert, or replace objects, and cannot generate precise tra-
jectories for target behaviors. In contrast, our method substantially outperforms
them in both appearance and behavior alignment. Regarding traffic realism, our
method effectively models multi-object interactions, thus significantly reducing
traffic violations such as collisions and off-road incidents. For user study, our
method also greatly outperforms baselines, particularly in instruction alignment
and structure preservation.

Computational Efficiency. We also report editing time for each method in
Table 1. All methods generate 8-second videos at 10 fps on a single NVIDIA
A6000 GPU. Our method requires 17.1 minutes per edit, comparable to base-
lines (Cosmos: 16.9 minutes, ChatSim: 19.3 minutes). Note that both ChatSim
and our method require a one-time 3D reconstruction preprocessing step per
scene, which takes around 2 hours. We further analyze per-module timing for our
method in Table 2. The object node editing module (dominated by Text-to-3D
Tool) and video iterative refinement are the most time-consuming components.
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Input
Multi-object Behavior Editing: “Have both the ego vehicle and 

the tan sedan on the left change to the middle lane.”

Insertion Editing: “Add a red sedan 7 meters in front of the ego

vehicle and make it change to the middle lane.”

Replacement Editing: “Replace the tan sedan on 

the left with a white sedan.”

Fig. 5: Qualitative editing results. We demonstrate our method’s editing capabili-
ties for diverse scenario generation. Note that for better visualization, the timestamps
are not strictly aligned.

Table 2: Per-module timing for our method. Object node editing and video
iterative refinement dominate the runtime. Note that behavior editing time already
includes the feedback loop. All timings measured on a single A6000 GPU.

Ours Object Query Object Node Editing Behavior Editing Coarse Rendering Video Iterative Refinement

Time 1.4 mins 6.1 mins 1.5 mins 0.5 mins 7.6 mins

4.4 Qualitative Comparison with Baselines

We provide visual comparison results in Figure 4. The first example involves ego
vehicle trajectory editing (“Make the ego vehicle change to the rightmost lane.").
We not only achieve accurate ego view changes, but also capture the surrounding
environmental lighting information (e.g., realistic highlights and reflections on
the vehicle body). In contrast, both Cosmos [3] and ChatSim [41] fail to perform
accurate ego vehicle trajectory editing. ChatSim [41] also suffers from poor visual
quality (e.g., artifacts in moving objects).

In the second example (“Insert a black sedan 4 meters to the left of ego ve-
hicle, 9 meters ahead, and make it change to the right lane."), we use a more
challenging scenario at nighttime. Our editing results show that the inserted ve-
hicle not only executes the lane change accurately, but also seamlessly adapts to
the nighttime lighting. Cosmos [3] not only fails to insert the requested vehicle
but also adds unrequested pedestrians, completely disregarding the instruction.
Although ChatSim [41] correctly inserts a black sedan, the result looks highly
unnatural. Moreover, the generated trajectory does not follow the target be-
havior, and the inserted vehicle collides with existing vehicles, failing to achieve
proper multi-vehicle interaction.

4.5 Diverse Editing Capabilities

In Figure 5, we show our method’s diverse editing capabilities, including multi-
object behavior editing, object-level insertion and replacement. The examples
illustrate that the object grounding agent reliably localizes the target object
nodes based on textual descriptions (“tan sedan on the left”), while the behavior
editing module correctly modifies the trajectories of both the ego vehicle and
the referenced sedan according to the instructions.
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“Make the ego vehicle change to the middle lane and make car 2 change to the right lane.”

Original Iteration 2 Iteration 3

Car 2

Ego

Car 2

Ego
Car 2

Ego Ego Ego

Car 2
Car 2

Both the ego vehicle and car 2 are going straight.
Both the ego vehicle and

 car 2 fail to change lanes.

Car 2 changes lanes successfully,

 but the ego vehicle fails.

Both the ego vehicle and 

car 2 change lanes successfully.

t = 0s t = 6s t = 6s t = 6s t = 6s

Iteration 1

Fig. 6: Effect of the behavior iterative refinement. The feedback loop effectively
improves the alignment between generated trajectories and instructions while avoiding
off-road behavior and collisions.

4.6 Ablation Studies

To validate the effectiveness of our behavior and video refinement modules (the
behavior reviewer agent and the video reviewer agent), we conduct ablation
studies on these two components. For behavior refinement experiments, we use
the same 30 test scenes as in Table 1, but generate new test instructions (70
in total). While the behavior editing instructions from Table 1 mostly target
single objects, here we create more challenging instructions that specify target
behaviors for multiple objects simultaneously. Additionally, during evaluation,
we directly evaluate the generated trajectories instead of the edited videos.

Table 3: Ablation study for iterative behavior refinement. Overall success
indicates that behavior alignment is achieved while avoiding both collisions and off-
road behavior. With iterative behavior refinement, the overall success rate of trajectory
generation increases significantly.

Behavior Refinement Behavior Alignment (%) ↑ Collision (%) ↓ Off-road (%) ↓ Overall Success (%) ↑

✗ 54.29 35.71 30.00 34.29
✓ 70.00 22.86 14.29 51.43

As shown in Table 3, our feedback loop significantly improves trajectory–inst
ruction alignment and decreases both off-road and collision cases. We also present
a visual comparison in Figure 6 (“Make the ego vehicle change to the middle lane
and make car 2 change to the right lane."). In iteration 1, the reviewer checks the
generated trajectories and finds that neither the ego vehicle nor car 2 produces
target trajectories, so it increases the Classifier-Free Guidance (CFG) weight
for both. In iteration 2, the reviewer observes that car 2 now generates the
correct trajectory, while the ego vehicle still does not. Therefore, it saves car 2’s
trajectory as guidance for the next iteration and continues to increase the CFG
weight for the ego vehicle. After iteration 3, both ego vehicle and car 2 generate
correct trajectories, so the process stops.

Table 4 provides ablation results for the video iterative refinement. To illus-
trate how video diffusion models may alter the original appearance of inserted
vehicles, we use only insertion and replacement instructions in this experiment.
The coarse video (row 1) aligns well with instructions but exhibits poor photo-
realism. Applying the video diffusion tool once (row 2) for harmonization sig-
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Table 4: Ablation study for iterative video refinement. With iterative video
refinement, both photorealism and appearance alignment can be achieved.

Video Diffusion Tool Video Reviewer Agent FID ↓ FVD ↓ Appearance Alignment (%) ↑

✗ ✗ 43.54 613.72 87.69
✓ ✗ 36.83 501.84 65.47
✓ ✓ 36.78 493.25 85.28

nificantly improves photorealism but compromises appearance alignment. Our
iterative refinement (row 3) achieves both objectives simultaneously.

4.7 Hallucinations of Video Diffusion Tool

While video diffusion models can improve realism, they may also introduce hal-
lucinations [2]. To analyze potential hallucinations from our video diffusion tool,
we evaluate two additional metrics. 1) We use the 3D Consistency metric from
WorldScore [11], which measures geometric consistency via depth-based repro-
jection error across consecutive frames. 2) We assess road structure preservation
using NTL-IoU metric from DriveDreamer4D [49], which computes the mean
IoU between predicted 2D lanes and projected ground-truth 3D lanes. We re-
port both metrics before and after video diffusion refinement (i.e., our coarse
video v.s. refined video), as well as comparisons against all baselines. As shown
in the Table 5, video diffusion can introduce mild hallucinations, e.g., slightly
degrading geometric consistency and lane structure. However, these effects are
limited, and our method still outperforms all baselines.

Table 5: Hallucination analysis before and after video diffusion refinement.

Metric Ours (Coarse) Ours (Refined) ChatSim [41] Cosmos [3]

3D Consistency [11] ↑ 74.07 72.64 71.32 69.85
NTL-IoU [49] ↑ 52.11 50.96 50.13 48.76

5 Conclusion

We introduce LangDriveCTRL, a natural-language-controllable framework for
editing real-world driving videos, supporting both object-level operations (re-
moval, insertion, and replacement) and multi-object behavior editing. We demon-
strate through extensive quantitative and qualitative evaluations that our method
simultaneously achieves photorealism, instruction alignment, structure preserva-
tion, and traffic realism, significantly outperforming prior methods.
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