Think Before You Drive: World Model-Inspired Multimodal Grounding
(Supplementary Materials)

1. DrivePilot Dataset
1.1. Step-1: RAG In-Context Learning

To enhance LLM reasoning with real-world driving knowl-
edge, we implement a two-tier Retrieval-Augmented Gen-
eration (RAG) framework. This process grounds AV visual
grounding annotations in empirical driving data, ensuring
contextual accuracy and reduced hallucination rates. We
curate a multimodal knowledge base, including comprehen-
sive expert-annotated scenarios from the nuScene dataset,
covering agent trajectories, road topology, and traffic rule
compliance. For each query pair (input image and com-
mand), we execute a three-phase retrieval process:

Feature Encoding. A pre-trained vision backbone (Fast
R-CNN) extracts dense visual embeddings from the input
image, capturing spatial relationships and object seman-
tics. Simultaneously, a BERT-based language model en-
codes textual features from the given command, ensuring
a rich semantic representation for cross-modal alignment.
Cross-Modal Retrieval. The extracted embeddings are
used to retrieve the top-k (kK = 5) most relevant scenes from
the knowledge base via cosine similarity. The retrieved
samples include both human-annotated metadata and raw
sensor data from the traffic reports and nuScene dataset, en-
hancing scene understanding and context recall.
Knowledge Infusion. The retrieved scenarios are format-
ted into a structured prompt that guides the LLM to align its
reasoning with historical driving patterns, such as how ve-
hicles yield to pedestrians in the rain, and legal precedents,
such as how to interpret ambiguous traffic lights. This en-
sures that the LLM’s decisions are contextually based, using
real-world driving behaviors and legal standards to improve
situational awareness and reasoning accuracy.

1.2. Step-2: CoT Annotation Generation

LLMs like Qwen and LLaVA excel in natural language un-
derstanding but are not inherently trained for AD or VG
tasks. Prior studies [3, 6, 8] have shown that structured
prompt engineering can significantly improve LLMs’ zero-
shot visual description performance. To leverage this po-
tential, we develop a progressive Chain-of-Thought (CoT)
prompting strategy for generating context-aware semantic
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- Question/Prompt:

Assuming that you are a mature and experienced
driver, please talk about what information you got
about driving based on the front view and top-down
view of the car given. Please describe the
observable traffic scenario, e.g., ' The parking lot
is busy with trucks.

S;; Qwen2-VL Answer:
The road is wet and likely slippery due to rain, with
multiple vehicles on the road, some with headlights
on, indicating low visibility conditions. It is raining,
as evidenced by the wet road surface and
raindrops on the camera lens.

Frontal-view Image

. Question/Prompt:
Here is an explanation of sentiment analysis:

1Urgent: Urgent commands are associated with 1
potential traffic hazards and demand immediate ¢
action fo ensure safety. These include situations
where there might be pedestrians in or near the
vehicle's path, circumstances that necessitate
sudden braking, or scenarios that require evasive
maneuvers to avoid collisions or other dangers.

2.Commanding: Direct and non-negotiable
instructions. These are authoritative but less
intense than urgent instructions.

3.Informative: Neutral instructions that convey
useful information without a strong emotional
tone.Informative commands are primarily
characterized by their objective nature, focusing
on providing factual details about a particular
subject or object. These commands tend to be
descriptive, where the content predominantly
revolves around elucidating specific attributes or
features of an entity without conveying a pressing
need for action. Please Interpret the sentiment
behind the command using the keywords.

S};‘a Qwen2-VL Answer:
Commanding. The command suggests a desire for

Bird's-view Image

"After this car on our left there
should be an entrance to a parking
lot. Take it. I want to be as close as
possible to my work with this bad
weather.,

Command
efficiency and convenience, particularly due to bad
weather, but does not convey an immediate safety

\___ concern. )

Figure 1. An example of the Qwen2-VL leveraging lens-less cue-
ing technology to interpret driving scenarios and generate driving
maneuvers, eliminating the need for specialized fine-tuning.

annotations, enabling dataset augmentation and semantic
enrichment without fine-tuning. Specifically, we explore
the utility of Qwen in augmenting and refining existing mul-
timodal data (frontal and BEV images, paired with natural
language commands) using few-shot or zero-shot prompt-
ing techniques. This enables dataset expansion and im-
proved semantic annotation generation without costly and
time-consuming fine-tuning. This process includes:

Multiview Image Annotation. As illustrated in Table 1,
we fuse frontal-view imagery with bird’s-eye-view (BEV)
spatial data to generate rich scene annotations. For each ob-
ject detected in the frontal view (vehicles, pedestrians), we
compute its BEV coordinates using a calibrated projection
matrix derived from the camera’s intrinsic parameters and
lidar-camera extrinsic calibration. This dual-view align-



ment enables Qwen to reason about both object appearance
and spatial context. The annotation process is as follows:
Scene Semantic Enhancement. Beyond object-level anno-
tations, we introduce Scene Semantic Enhancement to en-
rich high-level contextual information. As shown in Table
| and Figure 1, we employ CoT prompting, guiding Qwen
to generate 14 categories of contextual metadata, including:
* Scene Descriptions: Summarizing overall environmental
context, including road surface conditions, weather, light-
ing, and potential hazards in the traffic scenes.
* Emotion Interpretation: Analyzing pedestrian and driver
intent to predict potential interaction risks.
* Road Condition Summaries: Detailing surface quality,
lane markings, and obstacles affecting navigation.
 Traffic Signal & Sign Interpretations: Detailing surface
quality, lane markings, and obstacles.

To diversify training data, we randomly replace 30% of
the original command texts with this CoT-generated aug-
mentation text during training, ensuring diverse linguistic
patterns and robust generalization. Furthermore, keyword-
based augmentation is introduced to append relevant con-
text cues to the original command prompts, aiding semantic
disambiguation. For example, semantic keywords such as
“low visibility” and “intersection” are added as auxiliary
hints to commands in scenarios with obstructed vision or
Multi-agent. Notably, this step-by-step process involves di-
alogues where each “thought” guides Qwen2-VL to under-
stand different aspects of the scene or command. The first
thought focuses on understanding the scene and identifying
key objects and their dynamics. The second thought ana-
lyzes command keywords and emotions. After h iterations
of reasoning and updating (with iterations varying per sam-
ple for the actual situation), insights from each thought are
synthesized into a cohesive semantic annotation, uniformly
formatted for model processing.

1.3. Step-3: Manual Cross-check Validation

To ensure high fidelity and compliance, all LLM-generated
annotations undergo a rigorous multi-stage review by 13
domain experts, including AV safety engineers and certi-
fied instructors. Annotations are validated against nuScenes
multimodal sensor data (LiDAR, radar, and camera) to en-
sure spatial precision. Specifically, object positions and
spatial relationships are corroborated with 3D ground-truth
coordinates, while temporal consistency is verified across
frames to align with actual motion trajectories. Further-
more, BEV annotations are manually audited to resolve spa-
tial ambiguities and ensure precise depth perception, effec-
tively eliminating false positives.

2. Spatial-Aware World Model

The calculation of depth-derived prior P(k) is derived from
the depth graph F;, which encodes the depth information of

the input visual data. To ensure a consistent depth represen-
tation, Fy is normalized to the range [0, 1] using an Expo-
nential Decay Function. This function assigns higher val-
ues to closer objects while attenuating the influence of dis-
tant regions, ensuring depth-aware feature refinement. The
transformation is formally expressed as follows:

Fp'(z) = exp(—a - Fp()) (1)

where « is a decay rate hyperparameter that regulates depth
sensitivity, preserving finer details for nearby objects while
suppressing distant regions. Pixels corresponding to objects
at infinite depth are set to zero, excluding them from further
processing to improve computational efficiency.

Next, the normalized depth map F'5" is passed through
a Multi-Layer Perceptron (MLP), which employs a piece-
wise activation function. This allows the model to adap-
tively emphasize depth regions based on their visual impor-
tance, refining spatial awareness in visual grounding. The
transformation is defined as follows:

P(z) = omp(Fp"(2)) 2

where ¢yp represents the MLP transformation, mapping
depth-normalized features for downstream tasks.

3. Training Loss

To train our model, we define supervision over the predic-
tion tuple {s,y} and the ground-truth tuple {3, 4}, where
Z, denotes the visual latent states produced by SA-WM.
For each visual block, the model is required to regress the
IoU between the predicted region and the annotated ground-
truth region, which is denoted as y. This design ensures
that every visual block contributes explicit grounding sig-
nals rather than relying solely on a final aggregated score.

Stage-1: World-Model Rollout Pretraining. In the
first stage, the supervision is dominated by dense, patch-
level observations in complex traffic scenes. Under such
settings, standard region-based losses like Dice loss or
vanilla cross-entropy frequently suffer from severe fore-
ground-background imbalance, caused by large fields of
view, multiple reference objects, and a relatively small pro-
portion of positive pixels. To mitigate this, we draw inspi-
ration from lesion detection in medical imaging and com-
bine a Tversky loss Live [9] with Focal loss Lo [7]. Dur-
ing World-Model rollouts, we initialize the prior score S
with uniform probability to accelerate the convergence of
visual-text mapping. By leveraging bilinear interpolation
on the downsampled ground-truth mask 5‘, we enforce a
dense alignment constraint. Unlike standard formulations
that simply sum losses, we construct a weighted integration
of a re-parameterized Tversky objective and a hardness-
weighted Focal penalty. Let p;; € S and g;; € S be the pre-
dicted probability and binary ground truth at location (i, j).



Image Annotations

Visual input

Figure 2. An example of how a large language model interprets visual information: the left
image represents the front view, while the right image corresponds to the BEV image.

Prompt

Entities Bounding box

BEYV coordinates

You are an Al visual assistant tasked with providing semantic enhancement for visual

grounding tasks. Given an image containing multiple bounding boxes and its corre-

sponding BEV (Bird’s-Eye View) map, your role is to annotate each region by supple-

menting and describing the objects within it. In the BEV map, green areas represent

drivable regions, while red areas indicate non-drivable regions. You should concisely

summarize the behavior of objects in each region and their interactions with the sur-

rounding environment, then describe the specific content of the provided bounding

boxes, including object types, actions, positions, and relative locations between ob-

jects. Below are the coordinates for each entity object in the forward view and BEV

map, along with the corresponding annotation. Example:

* Entities Annotation 1: (label 1: [x1,y1,x2,y2]) Description of the features in this
scene region.

* BEV Annotation 1: (label 1: [x1,y1,x2,y2]) Description of the spatial positioning
in this region.

Person:[0.116,0.45,0.314,0.998], Truck[0.322,0.403,0.488,0.609],

Sign: [0.202,0.338,0.329,0.553], Car [0.685,0.541,0.756,0.630], etc.

Entities BEV coordinates, Drivable area coordinates, Non-drivable area coordinates.

LLM Annotations

Entities Annotation 1: (Person: [0.116,0.45,0.314,0.998]) A worker in safety gear is
holding a stop sign, managing traffic at a road construction site.

Entities Annotation 2: (Truck: [0.202,0.338,0.329,0.553]) A truck is involved in
construction activities or waiting to proceed, on the left side of the road ahead.

Entities Annotation 3: (Stop Sign: [0.202,0.338,0.329,0.553]) A warning sign being
held by a worker crossing the road.

Entities Annotation 4: (Car: [0.685,0.541,0.756,0.630]) A black sedan approaching
head-on in the right lane.

BEV Annotation 4: (Car: [0.685,0.541,0.756,0.630]) A sedan positioned at the
intersection behind a truck.

Table 1. Illustration of LLM-driven scene understanding. Given paired front-view images and BEV maps, the LLM is prompted with
region definitions, bounding boxes, and BEV coordinates to produce rich semantic annotations. The prompt instructs the model to sum-
marize scene context, describe object behaviors, and provide detailed entity-level grounding (types, actions, positions, and relations). By
integrating 2D visual data with 3D spatial coordinates (BEV), the model generates fine-grained semantic descriptions. This demonstrates

the LLM’s ability to reason about object behaviors and interactions within a dynamic traffic environment.



We define the intersection and set differences for class £ as:

Iy = Zl ;Piidi:
Fi = azij(l — 9i))pijs Fp = ﬁzij(l — Pij)9ij
(3)

where € is a smoothing factor, and «, 3 control the penalty
magnitude for False Positives (FP) and False Negatives
(FN), respectively, allowing the model to dynamically shift
focus during training. The rollout loss, £;.,;, is defined as:
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Here, the At and A, are both the hyperparameters.
Moreover, #(-) represents the focal modulation defined as
H(Pns gn) = (1 — pypn)? log(pe,n), where py ., reflects
the model’s confidence in the true class. This formulation
ensures that gradients are dominated by hard-to-classify ex-
amples like small distant vehicles, rather than the dominant
background, effectively regularizing the rollout trajectory.
Stage-2: Grounding Decision Supervision. Upon estab-
lishing robust feature representations, the second stage fo-
cuses on precise localization. To prevent catastrophic for-
getting of the patch-level priors learned in the first stage,
we employ a multi-task learning strategy. We define the
grounding loss Lgoung as a hybrid constraint optimization
that simultaneously minimizes the distributional divergence
and the geometric regression error. Let ¥ be the ground
truth bounding box and S;,; be the latent state output repre-
senting the object mask. The objective function aggregates
the Binary Cross-Entropy (BCE) and L1 regression error,
normalized over the batch. The loss Ly, is defined as:

Lgro = E(y,5)~D | Acts - WBCE(Ys ) + Areg * [|S1at — S|1

4)
where Wgcg is the binary cross-entropy operator, and || - ||1
imposes a sparsity-inducing L1 penalty on the mask predic-
tion. The hyperparameters s and A balance the trade-
off between semantic classification accuracy and geometric
precision. Overall, this diversity loss term incentivizes the
model to capture cross-modal interactions and produce tar-
get predictions consistent with the commander’s intent.

4. Experiments Setups
4.1. Benchmarks

To evaluate our model’s effectiveness, we conduct exper-
iments on the dataset zoo: Talk2Car, DrivePilot, Mo-
CAD, and RefCOCO, RefCOCO+, and RefCOCOg. These
datasets provide diverse and complex real-world scenarios
for benchmarking visual grounding in autonomous driving.

Talk2Car. The Talk2Car dataset [2], an extension of the
NuScenes dataset [1], consists of 11,959 natural language
commands across 9,217 images captured in urban land-
scapes of Singapore and Boston. This dataset includes
a variety of conditions, such as different times of day
and weather scenarios, offering a challenging and diverse
benchmark. The commands, averaging 11 words, contain
complex instructions (e.g., “Parallel park behind the black
car on our right”), requiring precise semantic understand-
ing and scene reasoning. It enhances the NuScenes with
bounding box annotations across 850 videos, with 55.94%
of commands originating from Boston and 44.06% from
Singapore. A detailed linguistic analysis reveals an aver-
age of 11.01 words per command, comprising 2.32 nouns,
2.29 verbs, and 0.62 adjectives, highlighting the linguis-
tic diversity and complexity of the dataset. Each video is
associated with an average of 14.07 commands, enriching
the contextual learning process. The dataset is split into
training (8,349 commands, 69.8%), validation (1,163 com-
mands, 9.7%), and test sets (2,447 commands, 20.4%).

DrivePilot. We introduce DrivePilot, the first dataset to
leverage Qwen’s linguistic capabilities for detailed seman-
tic scene annotation using regularized prompts. This dataset
categorizes urban scenes across 14 dimensions, including
weather conditions, emotional context, and agent interac-
tions. Each dataset entry comprises a natural language
command, paired front-view and BEV images, scene an-
notations generated by Qwen2-VL, and precise target ob-
ject locations. The dataset is designed to challenge models
with object disambiguation and complex query interpreta-
tion, closely reflecting real-world AV navigation challenges.

MoCAD. The MoCAD dataset originates from the first
Level 4 autonomous bus deployed in Macau and has been
continuously tested since 2020. The dataset spans 300+
hours of real-world driving, including data sets from a 5-
kilometer campus route, a more extensive 25-kilometer city
and urban road collection, and various open traffic situa-
tions observed under varying weather, time, and traffic den-
sity conditions. It comprises over 13,000 scene images
and nearly 40,000 scene objects, with an average command
length of 12.5 words, providing a rich dataset for visual
grounding research. A distinctive aspect of MoCAD is its
Macau-based driving environment, where right-hand driv-
ing contrasts with regions that enforce left-hand driving.

RefCOCO. This dataset was collected using the Refer-
ItGame, a two-player interactive game where one player
describes an object in an image, and the other identifies
it based on the description. It contains 142,209 referring
expressions for 50,000 objects across 19,994 images. The
dataset is divided into training, validation, and test sets, with
test images further categorized into Test A (images contain-
ing multiple people) and Test B (images containing multiple
objects other than people).



[Command]: Oh i see my
friends car that is parked over
there. Stop near by once you
make the left turn.

[Command]: That car is pulling
out, slow down please!

[Command]: Go around and
park on the other side of the
street, behind the black car.

[Command]: Turn left but yield
to that black car that is heading
towards us.

[Command]: Oh no, look ahead
of you. Someones car broke
down. proceed carefully.

[Command]: Make a you turn
and follow the grey vehicle.

Figure 3. Visualization of ThinkDeeper’s multimodal grounding. The first line corresponds to the query commands for each scene, while
the second row shows the future latent states Z, generated by the SA-WM alongside the corresponding prediction. The third row highlights
the ground truth regions in red mask areas, while the fourth row presents the depth map, providing spatial context for scene understanding.

RefCOCO+. Similar to RefCOCO, this dataset was also
collected through the Referl[tGame but with a restriction
that prohibits the use of location-based descriptions. This
constraint encourages the use of appearance-based expres-
sions, making the task more challenging. RefCOCO+ com-
prises 141,564 referring expressions for 49,856 objects in
19,992 images. The dataset shares the same split structure
as RefCOCO, including the Test A and Test B subdivisions.
RefCOCOg. Collected in a non-interactive setting, Re-
fCOCOg features longer and more complex referring ex-
pressions, averaging 8.4 words per expression compared to
3.5 words in RefCOCO. It includes 95,010 expressions for
49,822 objects across 25,799 images. It is split into train-
ing, validation, and test sets, focusing on more descriptive
and detailed language, which poses additional challenges
for language comprehension and visual grounding models.

4.2. Implementation Details

Overall Configuration. Input images are resized to
384x384 pixels, with text expressions truncated to a maxi-
mum of 50 tokens. During training, LLM-augmented text
replaces original input descriptions with a 30% probability,
followed by keyword text appended after a [SEP] token. We
implement a learning rate warmup strategy (10% of total
training steps) and use the AdamW optimizer with a batch
size of 32. All components except the vision-language fea-
ture extractors (ViT and BERT) share an initial learning rate
of 107*. ViT and BERT are initialized with pre-trained
weights from BLIP [5], while other network components
use Xavier initialization [4] for initialization.

Text Encoder. We use a pre-trained BERT model for text
embedding extraction, configured with 16 hidden layers and
an embedding vocabulary of 30,524 tokens. We also en-

force a maximum sentence length of 50 tokens, with a layer
normalization epsilon of le-12, and a hidden size calibrated
to d = 768 for linguistic input processing.

Vision Encoder. We use a Vision Transformer-Base (ViT-
B) as the vision encoder with a 4:1 MLP to embed dimen-
sion ratio and 12-head multi-head attention, extracting a
24x24 visual token stream, and 3 attention layers.
Spatial-Aware World Model. We use a three-layer cross-
modal attention layer (N = 3) to compute prior scores,
where each layer’s output is projected through a linear head.
Each cross-modal attention block uses a hidden size of
D = 768 for both text and visual inputs, with 8 attention
heads and a dropout rate of 0.1. The learnable parameters
in the discriminative module are initialized with 4 = 1.0
and ¢ = 1.0. Training proceeds in two stages: we first
optimize the model with the world-model rollout loss L,.,;
for 15 epochs, followed by grounding-focused training with
Ly, for an additional 55 epochs (70 epochs total).
Multimodal Decoder. In the cross-modal hypergraph net-
work, each visual node connects to L, = 8 text nodes to
form hyperedges, selected according to an affinity matrix
computed by a 1536-dim MLP. Hypergraph attention uses
4 heads with LeakyReLU (negative slope 0.2), a 768-dim
hidden layer, and 0.2 dropout. The multi-layer dynamic at-
tention stack consists of 6 attention blocks (each followed
by a linear layer), with 12-head multi-head attention, 768-
dim hidden size, and 0.2 dropout. During this stage, the ViT
and BERT backbones are kept frozen.

4.3. Corner-case and Long-text Test Sets

To assess model robustness under real-world challenging
conditions, we curate four specialized test subsets from the
DrivePilot and MoCAD datasets. These include restricted



visibility, multi-agent interactions, ambiguous prompts, and
long, complex commands. In the multi-agent set, we fo-
cus on scenes containing more than 16 targets. The visual
constraints set consists of scenarios with impaired visibility
caused by nighttime conditions, fog, rain, camera obstruc-
tions, or low-resolution images. To evaluate the model’s
ability to handle linguistic ambiguity, we identify unclear or
potentially ambiguous commands, categorizing them as the
ambiguous set. Additionally, recognizing that longer com-
mands often introduce irrelevant details or increased com-
plexity, we select commands exceeding 23 words and cat-
egorize them into the long-text test set, designed to assess
the model’s capacity to process intricate instructions.

5. Visualization

As shown in Figure 3, we present more visualization re-
sults generated by DrivePilot. These qualitative results
showcase the superior performance of our proposed world
model-inspired framework in integrating multimodal, real-
world commands by jointly leveraging language, spatial,
and visual cues, leading to improved multimodal ground-
ing accuracy. These examples highlight our model’s ability
to achieve robust localization under challenging conditions
like high multi-agent and ambiguous driving scenes.
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