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A. Data Construction
A.1. VAD Label Construction
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Figure A1. Visualization of the VAD space coverage using 3D convex hulls. (a) The hull of the Original commands (Blue) is concentrated
in the neutral region, showing limited emotional diversity. (b) The Augmented commands (Green) significantly expand the volume,
introducing more varied emotional states. (c) The hull of the discrete GoEmotions labels (Red) outlines the semantic boundaries of
standard emotion categories. (d) The final Union (Purple) of our dataset covers a comprehensive volume of the affective space, ensuring
the model is trained on a continuous spectrum of Valence, Arousal, and Dominance.

To capture the subtle emotional nuances in natural language commands, we construct continuous Valence-Arousal-
Dominance (VAD) labels using a hybrid fusion strategy that combines sentence-level sentiment analysis with word-level
lexical grounding. As implemented in our data processing pipeline, the final VAD vector e is computed as a weighted
average of two sources:

Sentence-Level Inference (GoEmotions) We utilize a RoBERTa-based classifier fine-tuned on the GoEmotions dataset
(SamLowe/roberta-base-go emotions)1 to predict probability scores for 28 discrete emotion categories (e.g., joy,
anxiety, neutrality). We map these discrete labels to the continuous VAD space using the NRC-VAD Lexicon [6]. For a
given command, the sentence-level VAD vector egoe is calculated as the weighted average of the VAD values of the predicted
labels, weighted by their confidence scores.

Word-Level Inference (TF-IDF + Heuristics) To capture keyword-specific emotional intensity, we tokenize the command
and filter stop words. We compute a word-level VAD vector ewords by averaging the NRC-VAD2 values of the remaining
tokens, weighted by their TF-IDF scores calculated over the entire corpus. Additionally, we apply a heuristic “Exclamation
Boost” to the Arousal dimension. If the command contains exclamation marks, the Arousal score is incrementally increased
to reflect heightened urgency.

Fusion and Coverage The final label is obtained via linear fusion: efinal = α × egoe + (1 − α) × ewords, with α = 0.5.
To validate the effectiveness of our emotion-aware data augmentation, we visualize the convex hulls of the resulting VAD
vectors in Figure A1. As shown in (a), the original Talk2Car commands (Blue) occupy a narrow, mostly neutral region of the
affective space. (b) Our augmentation strategy (Green) significantly expands this coverage. (c) The GoEmotions prior (Red)
represents the theoretical space spanned by discrete emotion categories. (d) The final union of data (Purple) demonstrates
that our approach successfully covers a broad, continuous spectrum of the VAD space, enabling the model to learn diverse
emotional representations.

1https://huggingface.co/SamLowe/roberta-base-go_emotions
2https://saifmohammad.com/WebPages/nrc-vad.html

https://huggingface.co/SamLowe/roberta-base-go_emotions
https://saifmohammad.com/WebPages/nrc-vad.html


A.2. Spatial Reasoning Data Construction
To support the multi-task instruction tuning of E3AD, we processed the raw annotations from the Talk2Car-Trajectory dataset
into standardized supervision signals. In the following, we specifically detail the data construction strategies for tasks that
necessitated specialized algorithmic generation or heuristic filtering, as opposed to direct annotation usage.

Coordinate System Standardization To ensure consistency across egocentric and allocentric reasoning tasks, we trans-
formed all spatial annotations into a unified Ego-Centric Cartesian Coordinate System. The ego vehicle’s centroid is defined
as the origin (0, 0). Following standard autonomous driving conventions, the positive X-axis points to the vehicle’s for-
ward direction, and the Y-axis represents the lateral dimension. We converted the raw pixel coordinates from the Bird’s-Eye
View (BEV) maps into metric coordinates using the dataset’s resolution (10 pixels/meter). All target locations and trajectory
waypoints were transformed into this local frame relative to the ego vehicle’s position at the current timestamp.

Egocentric Spatial Grounding We utilized the 2D bounding box annotations provided by the dataset for the referred object
in the frontal camera view. The bounding box coordinates (xmin, ymin, xmax, ymax) were normalized relative to the image
dimensions to serve as the regression target for the visual grounding token <ego>.

Egocentric Spatial Relation Since the dataset does not provide explicit categorical spatial labels, we algorithmically gen-
erated these labels to train the model’s spatial reasoning. To acquire robust 3D positional information from the 2D frontal
images, we utilized the standard 3D object detection results (FCOS3D [7]) provided by the Talk2Car benchmark. We first
filtered these detections based on a high confidence threshold to ensure reliability. Furthermore, to eliminate referential
ambiguity, where multiple objects of the same class (e.g., multiple “cars”) co-exist, making the spatial relation ill-defined
without complex descriptors, we excluded samples containing duplicate object classes. For the remaining unambiguous tar-
gets, we computed the geometric angle θ of the target’s centroid relative to the ego vehicle in the metric allocentric space and
discretized it into five distinct classes (Directly Ahead, Front-Left, Front-Right, Left, Right).

Egocentric Depth Estimation To supervise 3D perception recovery, we employed the same detection-based data construc-
tion strategy. Using the high-confidence (> 0.3), non-ambiguous 3D detections described above, we computed the ground
truth depth as the Euclidean distance between the ego vehicle’s centroid and the target object’s predicted 3D centroid. This
scalar value serves as the regression target, ensuring the model learns to extract depth cues for specific, unambiguous objects
from the 2D frontal view.

Allocentric Target Location Estimation For the allocentric localization task, we generated specialized visual inputs by
rendering the geometric annotations onto the raw BEV semantic maps. Specifically, we superimposed the polygons of the ego
vehicle (colored red) and the referred target object (colored yellow) onto the map image using their ground-truth annotations.
This visual augmentation provides explicit cues for the model to learn the mapping between visual map features and metric
locations. The supervision target is defined as the metric coordinates (x, y) of the target object’s centroid relative to the ego
vehicle, transformed into the unified coordinate system described above.

B. Experimental Setups
B.1. Datasets
We evaluate E3AD across four challenging real-world benchmarks: Talk2Car [2], DrivePilot [5], MoCAD [4], and Talk2Car-
Trajectory [3].
Talk2Car. Talk2Car is built on top of nuScenes [1] and provides 11,959 natural-language commands over 9,217 urban driv-
ing images captured in Singapore and Boston. Commands average 11 words and frequently express multi-step, relational
reasoning. A linguistic breakdown shows rich syntactic variability (avg. 2.32 nouns, 2.29 verbs, 0.62 adjectives per com-
mand), and each video segment is paired with ∼14 commands, providing strong multimodal grounding supervision. We use
the official split: 8,349 training, 1,163 validation, and 2,447 testing commands.
DrivePilot. DrivePilot is a new dataset that supports open-domain grounding in complex scenes. It leverages Qwen2-VL
under regularized prompts to generate structured semantic annotations describing weather, scene context, traffic participants,
emotional cues, and interaction patterns. Each sample contains a natural-language instruction, front-view and BEV images,



LLM-generated descriptions, and precise target-object localization. DrivePilot is designed to challenge fine-grained referent
disambiguation and command comprehension in realistic, congested urban scenes.
MoCAD. MoCAD originates from Macau’s Level-4 autonomous bus deployment and covers over 300 hours of real-world
driving. It includes data from a 5 km campus route, an extended 25 km urban corridor, and dense traffic scenarios under
varying weather and lighting conditions. The dataset contains ∼13k images and ∼40k annotated objects with commands av-
eraging 12.5 words. Its right-hand–driving configuration differs from many datasets, making MoCAD a valuable benchmark
for domain shift, layout adaptation, and cross-cultural grounding robustness.
Talk2Car-Trajectory. Talk2Car-Trajectory augments Talk2Car with multiple human-annotated feasible trajectories for each
command. Following the cropping protocol in [3], samples whose referred object falls outside the 120 × 80m BEV region
are removed. The final Talk2Car-Trajectory splits contain 8,301 training commands (mean path length 28.37 m, with 99.55%
of samples annotated with three trajectories), 1,149 validation commands (mean path length 27.98 m, 99.31% with three
trajectories), and 2,439 test commands (mean path length 28.41 m, 98.81% with three trajectories). Each command is paired
with multiple feasible human-annotated paths, enabling evaluation under diverse ground-truth futures. We adopt this dataset
to evaluate end-to-end grounding and navigation quality under multiple ground-truth futures.

B.2. Evaluation Metrics
This section provides the formal definitions of the metrics used in OD-E2E AD, including visual grounding, spatial reasoning,
and trajectory planning. Specifically:
Intersection-over-Union (IoU). For the visual grounding evaluation, we evaluate grounding using Intersection-over-Union
(IoU). Given the predicted bounding box b̂ and the ground-truth box b, the IoU can be formally defined as:

IoU50(b̂, b) =
Area

(
b̂ ∩ b

)
Area

(
b̂ ∪ b

) . (1)

A prediction is considered correct if IoU > 0.5, following the ECCV Commands 4 Autonomous Vehicles protocol.
For spatial reasoning, we report Mean Absolute Error (MAE) and IoU for spatial reasoning tasks. Formally,

Target Location MAE. Let p ∈ R2 denote the ground-truth target location and p̂ denotes the estimated target location, and
the target location MAE is defined as follows:

MAEloc = ∥p̂− p∥2. (2)

Depth Estimation MAE. Given predicted depth d̂ and ground truth d, the depth estimation MAE are defined as:

MAEdepth = |d̂− d|. (3)

Accuracy. The accuracy within g meters (PAg) is defined:

PAg = I (∥p̂− p∥2 ≤ g) . (4)

For trajectory planning, let the predicted trajectory be τ̂ = {p̂1, . . . , p̂Np
} and the ground-truth trajectory be τ =

{p1, . . . , pNp
}, the planning metrics are defined as follows:

Average Displacement Error (ADE).

ADE(τ̂ , τ) =
1

Np

Np∑
i=1

∥p̂i − pi∥2 . (5)

Final Displacement Error (FDE).
FDE(τ̂ , τ) =

∥∥p̂Np − pNp

∥∥
2
. (6)

Discrete Fréchet Distance. Let τ̂ = [p̂1, . . . , p̂Np
] and τ = [p1, . . . , pNp

], the discrete Fréchet distance is defined:

Fréchet(τ̂ , τ) = min
α,β

max
t

∥∥p̂α(t) − pβ(t)
∥∥
2
, (7)

where α, β are monotone reparameterizations.



Dynamic Time Warping (DTW). The DTW is defined as:

DTW(τ̂ , τ) = min
π

∑
(i,j)∈π

∥p̂i − pj∥2 , (8)

where π is a warping path preserving temporal order.
Symmetric Segment-Path Distance (SSPD). For path-to-segment distance SPD(a, b):

SSPD(τ̂ , τ) =
1

2
[SPD(τ̂ , τ) + SPD(τ, τ̂)] . (9)

B.3. Decoder Setups

For the decoder, we select the best-performing baseline, PTPC, as the trajectory generator. We first replace the native
object detection module of PTPC with the visual grounding results generated by our model, utilizing our predicted bounding
box as the definitive target prior. Furthermore, we incorporate our predicted coarse trajectory as a spatial guidance signal;
specifically, we encode the coarse waypoints into an additional layout tensor layer, which is concatenated with the original
environmental layout features during training. This integration provides a robust spatial prior that constrains the search
space for fine-grained physical refinement. Notably, this output format, comprising explicit 2D waypoints and grounded
coordinates, is geometric and model-agnostic, ensuring that our framework is not limited to PTPC but can be seamlessly
adapted to various trajectory decoders that accept spatial priors or goal-conditioned inputs.

C. Supplementary Results

C.1. Qualitative Results

We provide additional qualitative results in Figure A2 to further demonstrate the robustness of E3AD across diverse driving
scenarios, ranging from lane changing and turning to parking and car following. In each case, the model successfully grounds
the target object referenced in the command and generates a feasible trajectory. Crucially, the visualized <EmoThink> and
<Feedback> outputs illustrate the model’s ability to interpret fine-grained emotional cues, such as urgency or caution, from
the natural language command and generate human-centric responses that are tonally aligned with the passenger’s state.

C.2. Effects of Emotion-Action Alignments

Training Dynamics and Convergence. Before evaluating the generated trajectories, we first verify the optimization sta-
bility of the DPO process. As illustrated in Figure A3, the training exhibits two critical trends. First, the NLL Loss (red
curve) rapidly decreases and stabilizes, indicating that the policy is successfully modeling the probability distribution of
the ground-truth trajectories without mode collapse. Second, and crucially, the Reward Margin (blue curve), defined as the
log-probability gap log pθ(τ

(i)|C(i))− log pθ(τ̃
(i)
k− |C(i)), shows a consistent upward trend. This increasing margin confirms

that the model is effectively learning to distinguish between the optimal ground-truth τ (i) and the emotion-shifted negative
samples τ̃ (i)k− (constructed in Eq. 4), assigning higher likelihoods to the alignment-consistent trajectories. The simultaneous
convergence of both metrics validates that the optimization objective in Eq. 5 has been effectively minimized.

To quantitatively evaluate whether the generated trajectories reflect the intended emotional semantics and physical realism,
we analyze the geometric properties of the trajectories. Let a generated trajectory be denoted as τ̂ = {p̂1, . . . , p̂Np

}, where
p̂i ∈ R2 represents the spatial coordinates at step i, and Np is the horizon length.

C.2.1. Metric Definitions
We adopt four geometric metrics to characterize the motion patterns. While Straightness measures global efficiency, we
introduce a deviation-based Sinuosity to explicitly capture local instability (jitter), which is critical for evaluating trajectory
generation.
Straightness: Defined as the ratio of the Euclidean distance between the start and end points to the total path length. It
indicates global transport efficiency:

Mstr =
∥p̂Np − p̂1∥2∑Np−1

i=1 ∥p̂i+1 − p̂i∥2
(10)



<EmoThink>
Estimated VAD: (0.41, 0.56, 0.56). 
The user is experiencing a dip in positivity, combined with elevated arousal and a strong sense 
of control. This suggests a flash of urgency.
</EmoThink>

<Feedback>
Hang tight! Let’s switch you over behind that car smoothly and get you back on track.
</Feedback>

Command: I wish to talk to the person with the white shirt. Get closer to him Now!

Change Lanes

<EmoThink>
Estimated VAD: (0.54, 0.36, 0.46). The user is maintaining a calm and observant state. 
This suggests the user is being cautious and responsibly alert.
</EmoThink>

<Feedback>
Let’s ease up on the speed and stay alert while passing. I’ll take it slow.
</Feedback>

Command: Pedestrian on other side of the road, drive slowly!

Moving Forward

Command: Make a left after the traffic cone.

Command: Follow the truck and change lanes now.

<EmoThink>
Estimated VAD: (0.46, 0.31, 0.40). The user is in a relatively neutral, suggesting they might be 
focused or just trying to stay on track without much urgency. 
</EmoThink>

<Feedback>
Alright, just past the traffic bin, we’ll take that left. Gotcha. 
</Feedback>

<EmoThink>
Estimated VAD: (0.56, 0.38, 0.50), The user’s emotional state feels moderately positive and 
focused, with a stable sense of control.
</EmoThink>

<Feedback>
Alright, got it, switching lanes and keeping right behind the truck.
</Feedback>

Turning

Change Lanes

<EmoThink>
Estimated VAD: (0.49, 0.31, 0.43) . The user is in a relatively neutral emotional state, their 
tone suggests calm focus and intention, possibly with a touch of reservation or 
cautiousness. 
</EmoThink>

<Feedback>
Alright, taking it easy. I'll go ahead and park just behind that dark car on the right. 
</Feedback>

Command: Great spot! Let's park behind the mail vehicle and keep eyes on the road. Command: Park behind the dark car on the right.
.

Parking Parking

<EmoThink>
Estimated VAD: (0.80, 0.49, 0.60), The user is in a distinctly positive and confident mood, 
with elevated engagement and a clear sense of control. There’s a sense of alert readiness in 
their tone, suggesting they’re feeling good about the situation and focused on next steps. 
</EmoThink>

<Feedback>
Nice call! Let’s ease into that spot behind the mail vehicle and stay sharp.
</Feedback>

<EmoThink>
Estimated VAD: (0.61, 0.40, 0.52). The user is alert and moderately engaged, with a steady 
sense of control. There’s mild urgency in their tone.
</EmoThink>

<Feedback>
Let’s  follow their lead smoothly. I’ll handle the next steps and staying sharp. 
</Feedback>

<EmoThink>
Estimated VAD: (0.61, 0.43, 0.52), the user is feeling fairly positive and calm, with a moderate 
level of control and awareness. There’s a slight uptick in arousal and dominance, suggesting 
focused attentiveness rather than tension.
</EmoThink>

<Feedback>
Gotcha, let’s ease up the pace and give you the space to catch all the officer’s cues.
</Feedback>

Command: Slow down, I need to observe the policeman's instructions carefully.

.

Command: Watch out, the red car just turned right, follow carefully.
.

Moving Forward

Turning

Figure A2. Additional qualitative examples of E3AD across different driving maneuvers (Change Lanes, Turning, Parking, Moving
Forward). For each sample, we display the input command, the egocentric view with visual grounding, and the allocentric map with the
predicted trajectory. The outputs include the estimated VAD scores, the chain-of-thought emotional analysis (<EmoThink>), and the
generated verbal response (<Feedback>), highlighting how the system adapts its interaction style to the detected emotional intent (e.g.,
responding with “Hang tight!” for urgent commands versus “Taking it easy” for cautious ones).



Figure A3. DPO Training Dynamics. The red curve
denotes the NLL Loss, reflecting policy optimization,
while the blue curve tracks the Reward Margin (the log-
probability gap between preferred and rejected trajecto-
ries). The decrease in loss and increase in margin demon-
strate successful convergence and preference learning.

Table A1. Quantitative Evaluation of DPO Efficacy. Panel A assesses
emotion alignment, showing that DPO recovers the correct arousal-response
patterns (physical laws) observed in Ground Truth. Panel B evaluates phys-
ical structural alignment, demonstrating that DPO significantly enhances the
geometric fidelity of the generated trajectories relative to Ground Truth.

Metric Straightness Mean Turn Angle Var. Sinuosity

Panel A: Arousal Alignment Error (Target: Match GT)
GT Correlation (Ref) 0.161 −0.163 −0.155 −0.158

w/o DPO −0.029 0.023 0.030 0.033
∆ Abs. Error ↓ 0.190 0.186 0.185 0.191

w/ DPO 0.167 −0.183 −0.158 −0.166
∆ Abs. Error ↓ 0.006 0.020 0.003 0.008

Error Reduction ↑ 96.8% 89.2% 98.4% 95.8%
Panel B: Physical Alignment Quality (Target: High Correlation with GT)
w/o DPO 0.579 0.476 0.462 0.576
w/ DPO 0.633 0.519 0.490 0.629

Improvement ↑ +9.3% +9.0% +6.1% +9.2%

Mean Turn: The average absolute change in heading angle, reflecting the tortuosity of the path. Let θi be the heading angle
at step i, then:

Mturn =
1

Np − 2

Np−2∑
i=1

|θi+1 − θi| (11)

Angle Variance: Measures the smoothness and consistency of directional changes. Let δi be the turning angle at step i,
defined as the angular difference between consecutive heading vectors (adjusted to (−π, π]). The variance is computed as:

Mvar =
1

Np − 2

Np−2∑
i=1

(δi − δ̄)2 (12)

where δ̄ is the mean turning angle. High variance indicates a trajectory with erratic or jerky steering patterns.
Sinuosity (Lateral Deviation): Unlike the standard length-based definition (which is the reciprocal of straightness), we
define Sinuosity as the Mean Lateral Deviation to capture path oscillation. It is calculated as the average perpendicular
distance of all points from the ideal straight line connecting the start (p̂1) and end (p̂Np ):

Msin =
1

Np

Np∑
i=1

|(p̂Np − p̂1)× (p̂1 − p̂i)|
∥p̂Np

− p̂1∥2
(13)

where × denotes the 2D cross-product (determinant). This metric is sensitive to the high-frequency jitter often observed in
unaligned generative models.

C.2.2. Quantitative Analysis
We evaluate the efficacy of Direct Preference Optimization (DPO) from two perspectives: Semantic Alignment (consistency
with emotional laws) and Physical Alignment (geometric fidelity to ground truth). The results are summarized in Table A1
(Panels A and B).

Emotion Alignment (Panel A). We compute the Spearman rank correlation (ρ) between the input Arousal value and the
extracted trajectory features. In the Ground Truth (GT) dataset, Arousal is negatively correlated with turning behaviors (e.g.,
ρturn = −0.163), implying that high-arousal movement tends to be more direct. As shown in Panel A, the baseline model (w/o
DPO) exhibits a sign error, incorrectly predicting a positive correlation (ρ = 0.023) and failing to capture the underlying
physical law. In contrast, the DPO-aligned model successfully recovers the correct negative correlation (ρ = −0.183),
reducing the alignment error by 89.2% to 98.4% across all metrics. This confirms that DPO effectively injects the correct
emotion-action constraints into the policy.



Physical Structural Alignment (Panel B). We further calculate the Spearman correlation between the geometric features
of the generated trajectories τ̂ and the paired ground truth τ . Higher correlation indicates better preservation of the realistic
geometric structure. As shown in Panel B, DPO consistently improves the structural fidelity. Notably, for the Sinuosity metric
defined in Eq. (12), DPO achieves a 9.2% improvement (0.576 → 0.629). This significant gain suggests that the DPO-trained
model effectively suppresses unrealistic trajectory jitter and oscillation, resulting in smoother and more human-like motion
paths compared to the baseline.

D. Prompts Design
Modality Pretraining During the initial pretraining stage, we utilize discrete, task-specific prompts to equip the model with
foundational spatial and emotional capabilities. As illustrated in the left and top-right panels of Figure A4, these include:
• Egocentric Spatial Grounding: The model is prompted with the frontal view token <ego> to output the 2D bounding

box of the target. This trains the model’s ability to visually align linguistic semantics with the immediate first-person
perceptual field, which is essential for short-horizon interaction.

• Egocentric Spatial Relation: To mimic human-like spatial cognition, this prompt asks the model to classify the target’s
relative position (e.g., “Front-Left”) rather than just regressing coordinates. This facilitates a more robust understanding of
directionality and relative bearings in the ego-coordinate system.

• Egocentric Depth Estimation: This task prompts the model to regress the Euclidean distance to the target. It explicitly
supervises the vision encoder to recover 3D metric depth from 2D frontal images, a critical capability for maintaining
safety margins and longitudinal control.

• Allocentric Target Location Estimation: Using the allocentric token <allo ego target>, the model estimates target
coordinates in the map frame. This task aligns the visual representation with a world-centered “cognitive map,” enabling
the agent to resolve occlusions and understand global scene topology.

• Waypoint Planning: We employ separate prompts for both Egocentric and Allocentric views to predict the future way-
points. By enforcing the model to derive the same trajectory from distinct visual perspectives, we ensure that the planning
policy is grounded in both immediate perceptual cues (Egocentric) and global structural constraints (Allocentric), fostering
robust spatial representations that are consistent across views.

• Emotion Modeling: This text-only prompt instructs the model to map the command into the continuous Valence, Arousal,
and Dominance (VAD) space. This acts as a cognitive prior, allowing the system to distinguish the urgency and tone of the
request before planning.

Joint Fine-tuning In the second stage, we employ a unified prompt template to enable Emotion-aware Chain-of-Thought
(CoT) reasoning. As shown in the “Joint Fine-tuning” panel of Figure A4, the input sequence concatenates the synchronized
visual tokens (<allo> and <ego>) with the user command. The prompt explicitly instructs the model to perform three
tasks in sequence: (1) analyze the VAD values, (2) visually ground the target in the frontal view, and (3) predict the future
waypoints. This autoregressive structure ensures that the final trajectory planning is conditioned on both the emotional
interpretation and spatial grounding results.

Emotion-Action Alignment To align the model’s behavior with human emotional intent, we utilize the Direct Preference
Optimization (DPO) prompt template. As depicted in the “Emotion-Action Alignment” panel, this prompt presents the visual
context and command, soliciting a trajectory prediction. During training, this is structured as a preference pair: the Preferred
output contains the ground-truth trajectory corresponding to the original command, while the Rejected output contains a
trajectory generated from an emotion-augmented “negative” command (e.g., a trajectory that ignores urgency or caution).
This guides the model to prefer actions that are consistent with the emotional tone of the instruction.

Inference During the inference phase, E3AD utilizes the same prompt structure as the Joint Fine-tuning stage. The system
receives the multi-view image tokens and the natural language command as input. It then generates the full response sequence
end-to-end: first estimating the VAD emotion state, then locating the target object, and finally planning the waypoints. This
unified prompting strategy allows the model to dynamically adapt its planning strategy based on the inferred emotional
urgency and spatial context without requiring separate task triggers.



Allocentric Target Location Estimation

You are given a Bird's-Eye View (BEV) image showing the ego vehicle (red, at origin 0,0) and a target 
object (yellow). 

Bird’s-Eye View (BEV): covers 120 m ahead (X-axis) and 80 m laterally (Y-axis). 
The ego vehicle is centered at (0, 0) and faces the positive X-axis (forward). 
The positive Y-axis points to the left of the ego vehicle, and the negative Y-axis to the right.

Estimate the coordinates of the target object in the image.

Answer: {"target_bev_position": [x_meters, y_meters]}

<allo_ego_target> <allo_ego><ego><allo>

Egocentric Spatial Relation

You are given a Frontal View image of the ego vehicle. The ego vehicle is centered at (0, 0) and faces 
the positive X-axis (forward).

Command: {command}

Based on the image and the command, determine the spatial position of the target object relative to 
the ego vehicle. Select the correct option from the following:

A. Directly Ahead B. Front-Left C. Front-Right D. Left Side E. Right Side

Answer: B

Egocentric Spatial Grounding

Command: {command}
Locate the target object in the image that the command refers to.

Answer: {"bbox_2d": [x_min, y_min, x_max, y_max]}

Egocentric Depth Estimation

You are given a Frontal View image of the ego vehicle.

Command: {command}

What is the approximate straight-line (Euclidean) distance in meters from the ego vehicle to the target 
object referred to by the command?

Answer: 3.6 meters.

Allocentric Waypoint Planning

You are given a Bird’s-Eye View (BEV) image showing the ego vehicle (red) and the target object
(yellow): 

Bird’s-Eye View (BEV): covers 120 m ahead (X-axis) and 80 m laterally (Y-axis). 
The ego vehicle is centered at (0, 0) and faces the positive X-axis (forward). 
The positive Y-axis points to the left of the ego vehicle, and the negative Y-axis to the right.

Command: {command}

Based on the BEV image, predict {N_WPs} future waypoints (X, Y) in meters that fulfill the command.

Answer: {"waypoints": [[x1, y1], [x2, y2], ...]} 

Emotion Modeling

Analyze the valence, arousal, and dominance (VAD) of the following driving command.
Command: {command}
Output a JSON strictly adhering to this format: {{"valence": v, "arousal": a, "dominance": d}}

Answer: {"valence": v, "arousal": a, "dominance": d}

Joint Fine-tuning

You are given two synchronized perception views:

Bird’s-Eye View (BEV): covers 120 m ahead (X-axis) and 80 m laterally (Y-axis). The ego vehicle is 
centered at (0, 0) and faces the positive X-axis (forward). The positive Y-axis points to the left of the ego 
vehicle, and the negative Y-axis to the right.

Frontal View: shares the same orientation as the BEV — the ego vehicle faces the positive X-axis. X 
denotes forward distance (m), and Y denotes lateral offset (m). The ego vehicle is located at (0, 0).

Command: {command}

Based on the images and command, perform three tasks in sequence:
1. Analyze the VAD (Valence, Arousal, Dominance) of the command.
2. Locate the target object referred to by the command in the Frontal View.
3. Predict {N_WPs} future waypoints (X, Y) in meters that fulfill the command.

Answer: 
The VAD (Valence, Arousal, Dominance) of the command is: {"valence": v, "arousal": a, "dominance": d}
The target object in the frontal view is located at: {"bbox_2d": [x1, y1, x2, y2]}
The predicted future waypoints to fulfill the command are: {"waypoints": [[x1, y1], ...]}

Emotion-Action Alignment

You are given two synchronized perception views:

Bird’s-Eye View (BEV): covers 120 m ahead (X-axis) and 80 m laterally (Y-axis). The ego vehicle is 
centered at (0, 0) and faces the positive X-axis (forward). The positive Y-axis points to the left of the ego 
vehicle, and the negative Y-axis to the right.

Frontal View: shares the same orientation as the BEV — the ego vehicle faces the positive X-axis. X 
denotes forward distance (m), and Y denotes lateral offset (m). The ego vehicle is located at (0, 0).

Command: {command}

Based on the images and command, Predict {N_WPs} future waypoints (X, Y) in meters that fulfill the 
command.

Preferred: {"p_waypoints": [[x1, y1], [x2, y2], ...]}
Rejected: {"r_waypoints": [[x1, y1], [x2, y2], ...]}

Egocentric Waypoint Planning

You are given a Frontal View image of the ego vehicle: 
The ego vehicle is centered at (0, 0) and faces the positive X-axis (forward). 
The positive Y-axis points to the left of the ego vehicle, and the negative Y-axis to the right.

Command: {command}

Based on the Frontal View image, predict {N_WPs} future waypoints (X, Y) in meters that fulfill the 
command.

Answer: {"waypoints": [[x1, y1], [x2, y2], ...]}

<ego>

<ego>

<ego>

<ego>

<allo_ego_target>

<ego><allo>

<ego><allo>

<allo_ego_target>

Figure A4. Overview of the prompt templates utilized in the E3AD framework across different training stages. The figure details the
specific instructions and input/output formats for tasks including spatial grounding, depth estimation, emotion modeling, and trajectory
planning. Note that the text elements marked in blue (i.e., <ego>, <allo>, <allo ego target>, <allo ego>) represent the special
visual tokens corresponding to the egocentric view, allocentric view, and the allocentric view with the target object highlighted, respectively.
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