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Abstract

Driving scene understanding is a critical real-world prob-
lem that involves interpreting and associating various el-
ements of a driving environment, such as vehicles, pedes-
trians, and traffic signals. Despite advancements in au-
tonomous driving, traditional pipelines rely on determin-
istic models that fail to capture the probabilistic nature
and inherent uncertainty of real-world driving. To address
this, we propose PRIMEDrive-CoT, a novel uncertainty-
aware model for object interaction and Chain-of-Thought
(CoT) reasoning in driving scenarios. In particular, our
approach combines LiDAR-based 3D object detection with
multi-view RGB references to ensure interpretable and reli-
able scene understanding. Uncertainty and risk assessment,
along with object interactions, are modelled using Bayesian
Graph Neural Networks (BGNNs) for probabilistic reason-
ing under ambiguous conditions. Interpretable decisions
are facilitated through CoT reasoning, leveraging object
dynamics and contextual cues, while Grad-CAM visualiza-
tions highlight attention regions. Extensive evaluations on
the DriveCoT dataset demonstrate that PRIMEDrive-CoT
outperforms state-of-the-art CoT and risk-aware models.

1. Introduction

Over recent decades, reasoning architectures such as Ope-
nAI’s o1 [11] and DeepSeek R1 [2] have demonstrated re-
markable capabilities in complex decision-making, particu-
larly through techniques like Chain of Thought (CoT) rea-
soning [25]. CoT enables models to break down intricate
problems into step-wise reasoning tasks, mimicking struc-
tured human cognition. This paradigm has gained signif-
icant traction in various application scenarios, such as au-
tonomous driving, robotics and healthcare diagnostics, en-
hancing interpretability and safety by improving decision-

making processes.
Referring to autonomous driving scenarios, the main-

stream technical solutions fall under either modular de-
signs or end-to-end driving models[15]. However, these ap-
proaches come with a trade-off between system complexity
and interpretability. To this end, incorporating the explain-
ability and the reasoning process within end-to-end models
was proposed in some recent works [8–10, 23]. Neverthe-
less, most of the traditional pipelines rely on deterministic
models that fail to capture the inherent probabilistic nature
of real-world driving [7, 28].

We postulate that considering this probabilistic nature
is crucial, particularly in high-risk scenarios such as au-
tonomous driving, where precognition — the ability to an-
ticipate and interpret complex situations in advance — plays
a pivotal role. Human drivers naturally assess upcom-
ing risks based on contextual observations, inferring po-
tential hazards before they manifest [22]. Replicating this
ability in autonomous systems requires models capable of
uncertainty-aware interactions, risk forecasting, and proac-
tive decision-making.

Based on this rationale, we propose a novel CoT-
driven object interaction and reasoning framework named
PRIMEDrive-CoT, a PRecognitive Interaction Model for
Environmental Uncertainty in Driving Scenarios. Un-
like conventional CoT approaches that operate determin-
istically, PRIMEDrive-CoT incorporates Bayesian Graph
Neural Networks (BGNNs) to model uncertainty and dy-
namic object interactions. This provides the system with
precognitive capabilities, enabling it to anticipate potential
risks and adapt proactively to evolving driving conditions
i.e. better handle occlusions, unexpected object behaviours,
and complex interactions in dense traffic scenarios. This
work brings us closer to realizing Agentic AI systems that
can perceive, reason, and act autonomously in complex real-
world environments. By integrating uncertainty estimation
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and Chain-of-Thought reasoning, our end-to-end model ef-
fectively balances robustness and interpretability, ensuring
safer and more reliable decision-making. Furthermore, in-
spired by SegXAL[9], an explainable active learning frame-
work for semantic segmentation, our approach leverages
human-in-the-loop reasoning to refine predictions in am-
biguous cases. This allows for the adaptive incorporation of
human expertise into model learning, ensuring that uncer-
tain cases are resolved in a structured, interpretable manner.

To evaluate the effectiveness of PRIMEDrive-CoT,
extensive experiments are carried out on the Drive-
CoT dataset [23], specifically targeting scenarios where
uncertainty-aware reasoning is critical. The results demon-
strate that PRIMEDrive-CoT outperforms existing CoT and
uncertainty-driven models, maintaining robustness in chal-
lenging conditions like low light and adverse weather, while
enhancing situational awareness and real-time adaptability
in autonomous driving. The major contributions of this pa-
per are as follows:
• Proposal of PRIMEDrive-CoT, a precognitive frame-

work based on object interaction and reasoning based on
uncertainty, motivated by human cognition patterns.

• Effective decision-making by modelling vehicle-to-
pedestrian and vehicle-to-vehicle interactions employing
Bayesian Graph Neural Networks (BGNNs) utilizing
CoT annotations.

• Proposal of an proximity-aware risk computation met-
ric that enables the vehicle to prioritize objects of con-
cern, rather than treating all known objects equally.
The rest of the paper is organized as follows: The re-

lated works are described in Section 2. The proposed
PRIMEDrive-CoT framework is presented in Section 3.
The experimental setup and the results are discussed in de-
tail in Section 4 and Section 5 respectively. Finally, the
summary of the paper and some future plans are enumer-
ated in Section 6.

2. Related Works

2.1. Chain-of-Thought for Autonomous Reasoning

Recent advancements in Chain-of-Thought (CoT) reason-
ing [24] have significantly influenced autonomous driving
by enabling vehicles to sequentially decompose complex
scenarios, improving decision clarity and interpretability.
DriveCoT [23] introduced a dataset specifically designed
to train models in generating explicit reasoning traces be-
hind driving decisions, providing step-wise justifications
beyond traditional perception pipelines. Similarly, PKRD-
CoT [8] employs a zero-shot prompting approach to in-
tegrate CoT reasoning within multi-modal large language
models (MLLMs), leveraging pre-trained models and ex-
ternal knowledge bases to enhance context-aware decision-
making in autonomous systems beyond sensor-based in-

puts.
Building on recent advancements, LC-LLM [12] is the

first approach leveraging Large Language Models (LLMs)
for lane-change intention and trajectory prediction in au-
tonomous driving. By framing lane-change prediction as
a language modeling task, it integrates Chain-of-Thought
(CoT) reasoning to enhance both accuracy and interpretabil-
ity. Experiments on the highD dataset show substantial im-
provements in predicting lane-change intentions and trajec-
tories while ensuring transparent explanations.

Expanding LLMs’ role in decision-making, RDA-Driver
[5] employs multimodal LLMs with reasoning-decision
alignment to correct inconsistencies in CoT reasoning and
planning. A contrastive loss ensures logical consistency,
leading to improved interpretability and reliability, achiev-
ing state-of-the-art results on nuScenes and DriveLM-
nuScenes. Similarly, Sce2DriveX [27] bridges scene un-
derstanding with vehicle control using a cognitive reason-
ing approach, integrating Bird’s-Eye-View (BEV) maps and
local video data for enhanced spatiotemporal perception.
Supported by a novel Visual Question Answering (VQA)
dataset, it demonstrates superior generalization and top-tier
performance on the CARLA Bench2Drive benchmark.

2.2. Uncertainty-Aware Object Interaction and
Risk Assessment in Driving

In dynamic driving environments, uncertainty-aware mod-
els capture occlusion, motion, and interaction-based un-
certainties, while learning-based risk assessment enhances
decision-making—addressing the limitations of conven-
tional rule-based safety checks that often fail in unstruc-
tured scenarios due to unreliable black-box motion predic-
tions [22]. Uncertainty estimation techniques such as In-
tegrated Gradients [21] and SmoothGrad [20] help iden-
tify objects most influential to model predictions, improv-
ing risk assessment. Additionally, Reason2Drive intro-
duced a large-scale dataset of video-text pairs to train gen-
erative models for real-time, interpretable driving explana-
tions [10], enhancing transparency in risk perception. Re-
cent approaches, such as Waymo’s EMMA model [6], lever-
age vision-language models for improved decision-making
but face high computational costs, limiting real-time de-
ployment. In contrast, Wayve’s camera-only system [3]
learns driving behaviour from large-scale videos, improv-
ing adaptability but lacking explicit reasoning mechanisms.

In contrast to the aforementioned approaches, our
PRIMEDrive-CoT framework bridges this gap by address-
ing the lack of uncertainty-aware reasoning in existing CoT-
based driving models, which often fail to capture proba-
bilistic interactions and risk factors in dynamic environ-
ments. By integrating uncertainty-aware object interac-
tion analysis with explainability-driven risk assessment,
our framework ensures robust and interpretable decision-
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making in complex driving scenarios. Unlike previous
methods that rely on deterministic reasoning or black-box
neural networks, our approach explicitly models uncertainty
leverages Bayesian Graph Neural Networks (BGNNs) for
interaction-aware inference and incorporates Grad-CAM
visualizations to enhance transparency, setting a new bench-
mark for risk-aware autonomous decision-making.

3. Methodology: PRIMEDrive-CoT
Our proposed PRIMEDrive-CoT framework consists of
multiple interconnected components designed to detect,
reason, and act in dynamic traffic scenarios, as depicted
in Fig.1. Each of these modules i.e. LiDAR-based 3D
object detection, uncertainty estimation, object interaction
modelling, and Chain-of-Thought (CoT) reasoning are ex-
plained in detail in the forthcoming sections.

3.1. LiDAR & Image Processing
The PRIMEDrive-CoT pipeline utilizes two input modali-
ties i.e. LiDAR point clouds and multi-view RGB images.
Each of the modalities undergoes systematic preprocessing
that lay the foundation for effective sensor fusion, enabling
our network to extract complementary features from both
modalities while minimizing variability.
LiDAR Preprocessing: Raw LiDAR data, consisting of
point measurements {(xi, yi, zi, Ii)}Ni=1, is first voxelized
into a 3D grid. The spatial coordinates are aggregated to
form a representative point in each voxel of dimensions
(∆x,∆y,∆z). For example, the voxel’s centroid is com-
puted as:

x̄ =
1

N

N∑
i=1

xi, ȳ =
1

N

N∑
i=1

yi, z̄ =
1

N

N∑
i=1

zi.

Intensity values Ii are normalized to the range [0, 1], typi-
cally via a min-max normalization:

Inorm =
I − Imin

Imax − Imin
,

where Imin and Imax are predetermined thresholds based
on sensor characteristics. Furthermore, to account for the
variable range of LiDAR returns, the coordinates are nor-
malized using a maximum range Rmax:

xnorm =
x

Rmax
, ynorm =

y

Rmax
, znorm =

z

Rmax
.

These steps produce a compact and normalized representa-
tion of the 3D scene: {(xnorm, ynorm, znorm, Inorm)}Ni=1

which serves as the input for subsequent feature extrac-
tion.
Image Preprocessing: Each RGB image captured from our
multi-view stereo camera system is resized to a fixed reso-
lution of 224× 224 pixels using bilinear interpolation [18].

To leverage pre-trained deep neural networks (e.g., ResNet),
the images are normalized using the ImageNet statistics:

Inorm =
I − µ

σ
,

where µ = [0.485, 0.456, 0.406] and σ =
[0.229, 0.224, 0.225] represent the mean and standard
deviation per color channel, respectively. This normaliza-
tion ensures consistency across different images and aligns
with the training regime of standard CNN backbones.

3.2. 3D Object Detection with LiDAR and Multi-
View Images

After the LiDAR and image preprocessing, objects in the
driving scene are detected using a multi-modal object detec-
tion module. We employ MVX-Net [19], which integrates
LiDAR point clouds and multi-view RGB images, to im-
prove object detection robustness, especially in challenging
driving environments.

Traditional LiDAR-based detection methods provide ac-
curate 3D spatial localization but lack semantic understand-
ing, making it difficult to differentiate object types in am-
biguous conditions. On the other hand, RGB images of-
fer rich texture and colour information but lack precise
depth perception, leading to unreliable spatial estimates. By
fusing LiDAR and RGB-based features, we leverage the
strengths of both modalities, enabling more accurate ob-
ject localization and identification. Note that, while LiDAR
remains the primary detection modality, multi-view RGB
images serve as a verification tool, ensuring alignment be-
tween detected objects and their visual representations.

Our detection pipeline consists of two main components:
a LiDAR backbone based on an enhanced VoxelNet [29]
module and an image backbone utilizing a ResNet34 net-
work pre-trained on ImageNet. The VoxelNet module first
voxelizes raw LiDAR point clouds and extracts spatial fea-
tures, preserving geometric relationships between objects.
Simultaneously, the ResNet34 backbone encodes high-level
semantic information from the multi-view RGB images.
These representations are projected into a common latent
space and fused via a multi-layer perceptron (MLP), allow-
ing joint reasoning over both modalities. This fusion mech-
anism enhances detection robustness in scenarios where in-
dividual modalities may be unreliable, such as low-light
conditions or occluded objects.

The network predicts the 3D bounding box parameters
for each detected object, including its center (x, y, z), di-
mensions (length l, width w, height h), and yaw angle θ.
The regression loss function is defined as:

Lreg =
1

N

N∑
i=1

∥b̂i − bi∥22, (1)

where b̂i and bi are the predicted and ground-truth bounding
box parameters, respectively, and N is the total number of
objects.
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PRIMEDrive-CoT - Metrics (Quantitative)
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reverse direction.
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Front view
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Point Cloud Detection

Multiview RBG view
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Figure 1. Overview of our proposed PRIMEDrive-CoT framework. The pipeline consists of Stage 1 (Sec 3.1):) Data Preprocessing, Stage
2 (Sec 3.2):) 3D object detection, Stage 3 (Sec 3.3):) Uncertainty & Risk assessment, Stage 4 (Sec 3.4):) Object Interaction Learning and
Stage 5 (Sec 3.5):) Chain-of-Thought (CoT) reasoning and explanation.

By integrating LiDAR and RGB features, our frame-
work achieves high-precision 3D detection while maintain-
ing uncertainty-awareness, ensuring more interpretable and
reliable decision-making for autonomous vehicles.

3.3. Uncertainty & Risk assessment
After the 3D object detection stage, the next critical step
is evaluating the reliability of the detected objects, as de-
tection confidence may fluctuate due to factors like sensor
noise, occlusions, and environmental conditions. While Li-
DAR provides precise spatial localization, object uncertain-
ties must be accounted for to ensure robust downstream rea-
soning and decision-making. Fig. 1 (Stage 3) illustrates the
uncertainty estimation process integrated into our frame-
work.

3.3.1. Uncertainty Computation
To quantify the uncertainty in our detection predictions, we
define an uncertainty metric U that accounts for both clas-
sification ambiguity and spatial inconsistency. Specifically,
we incorporate Shannon entropy to measure classification
uncertainty and deviation angle to assess the inconsistency
in predicted object orientation.

Shannon entropy quantifies the confidence of the
model’s class predictions by computing the uncertainty in
the probability distribution of detected object categories. A
higher entropy value indicates greater classification ambi-
guity. The entropy for a given probability distribution p is
defined as: H(p) = −

∑
i

pi log pi. (2)

This captures the degree of uncertainty in classification, en-
suring that objects with ambiguous predictions are identi-
fied. In addition to classification uncertainty, we introduce

deviation angle as a measure of spatial inconsistency. This
represents the absolute difference between the predicted
yaw angle θpred of an object and a reference orientation θref.
A larger deviation suggests greater uncertainty in estimating
the object’s orientation. This is formulated as:

|θpred − θref|. (3)

The overall uncertainty metric U is computed as a weighted
sum of these two components:

U = w1H(p) + w2 · |θpred − θref|, (4)

where w1 and w2 are weighting coefficients that balance
the contributions of classification and spatial uncertainty. A
higher value of U indicates greater uncertainty, potentially
flagging an object as ambiguous.

3.3.2. LiDAR-Based Proximity Risk Computation
To quantitatively assess the risk associated with uncertainty
in object detection, we introduce a proximity-aware risk
computation metric. This metric enables the system to pri-
oritize objects that pose a higher threat based on their spa-
tial proximity to the ego vehicle. The risk score is computed
using the LiDAR point cloud, where each detected object is
represented by a set of points {(xi, yi, zi)}Ni=1. The min-
imum Euclidean distance between the ego vehicle and an
object is first determined as:

dmin = min
i

√
x2
i + y2i + z2i . (5)

A lower dmin signifies a closer object, indicating a higher
risk level. To effectively model the decay of risk percep-
tion with increasing distance, we employ an exponentially
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decaying function:

R = exp

(
−dmin

λ

)
, (6)

where λ is a scaling parameter that controls sensitivity to
proximity. Objects that are closer to the ego vehicle receive
higher risk scores, while those further away contribute less
to immediate decision-making.

For intuitive visualization, detected objects are colour-
coded based on their risk scores, as shown in Fig. 2(b).
High-risk objects are highlighted in red, moderate-risk in
orange, and low-risk in yellow, aligning with the system’s
real-time decision-making and ensuring interpretable scene
analysis.

3.4. Object Interaction Learning
To refine detection and decision-making in dynamic driving
scenes, we incorporate object interaction learning through
Bayesian Graph Neural Networks (BGNNs) [4]. Bayesian
Graph Neural Networks (BGNNs) combine the principles
of Graph Neural Networks (GNNs) and Bayesian Inference
to model uncertainty in graph-structured data. BGNNs ex-
tend conventional GNNs by modelling uncertainty in both
node features and edge interactions, making them well-
suited for ambiguous and high-risk scenarios. Each ob-
ject is represented as a node, and interactions are captured
via probabilistic edges, enabling structured and uncertainty-
aware reasoning.

In our framework, the interaction between two objects i
and j is modelled using an interaction energy function:

eij = λ1Dij + λ2∆Vij + λ3Iij , (7)

where Dij is the relative distance, ∆Vij is the velocity dif-
ference, and Iij is the contextual interaction intensity. The
coefficients λ1, λ2, λ3 control the influence of each term.

In our setup, BGNNs reason over the graph of detected
objects using both spatial-temporal features and their as-
sociated uncertainties, which are initially estimated using
Shannon entropy over class probabilities. This propagation
of uncertainty-aware interactions supports CoT reasoning
by enabling relational inferences, such as slowing down for
a braking vehicle or yielding to a pedestrian, thus improving
both interpretability and driving safety.

3.5. Explanation and CoT Reasoning
To provide key insights into object interactions and
decision-making, our framework incorporates both textual
and visual explanations. Specifically, we employ a chain-
of-thought (CoT) module to generate concise textual de-
scriptions of detected interactions, while Grad-CAM-based
visualizations highlight critical regions influencing model
decisions. These explanations ensure transparency in risk
assessment and improve interpretability.

The CoT module generates reasoning-based textual de-
scriptions by analyzing interactions and uncertainty factors.
For instance, it identifies high-risk scenarios by consider-
ing proximity, velocity changes, and occlusions, produc-
ing explanations such as ”High risk due to nearby pedes-
trian and abrupt deceleration.” These insights enhance sit-
uational awareness and provide human-readable justifica-
tions for the model’s decisions.

To complement textual reasoning, we apply Gradient-
weighted Class Activation Mapping (Grad-CAM) [16],
which computes attention heatmaps over input images,
highlighting key areas that influence decision-making. As
shown in Fig. 5, detected objects are overlaid with color-
coded bounding boxes indicating uncertainty levels, while
Grad-CAM heatmaps visualize attention regions in multi-
view images. This helps verify whether the model cor-
rectly focuses on critical interacting objects when determin-
ing speed adjustments and path planning.

Additionally, our framework supports human-in-the-
loop interaction using principles from SegXAL [9], an ex-
plainable active learning paradigm for semantic segmenta-
tion. This enables users to provide corrective feedback on
model-generated explanations, refining both the reasoning
and attention mechanisms over time. By incorporating hu-
man insight, our approach strengthens interpretability while
maintaining adaptability in dynamic environments.

4. Experimental Setup

4.1. Dataset and Evaluation Protocol
We evaluate PRIMEDrive-CoT on the DriveCoT
dataset [23], which contains 1,058 CARLA-simulated
scenarios with 36,000 labelled samples including multi-
view images, LiDAR point clouds, and chain-of-thought
annotations. Following the dataset’s protocol, we use 70%
for training, 15% for validation, and 15% for testing. Per-
formance is measured using F1-score for speed decisions,
path classification accuracy, and standard 3D detection
metrics such as IoU, detection accuracy, and deviation
angle. (Table. 2) [13, 14].

4.2. Implementation Details
We use the CARLA simulator to generate diverse driv-
ing scenarios, capturing six synchronized 1600×900 RGB
camera streams and 32-lane LiDAR data per frame. Each
scenario includes detailed metadata such as scenario type,
weather, and time of day. A rule-based expert policy con-
trolled the vehicle during data collection, generating Chain-
of-Thought (CoT) labels to reflect interpretable decision-
making across complex driving contexts.

The proposed PRIMEDrive-CoT framework is imple-
mented in PyTorch and trained on a dual NVIDIA RTX
4090 setup with 128 GB RAM, requiring approximately
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(a) Ground Truth (GT) and Predicted BBs over LiDAR point cloud.

(b) Predicted bounding boxes over LiDAR point cloud with proximity-
based uncertainty risk assessment.(Better viewed in colour)

Figure 2. Qualitative results of LiDAR-based 3D detection and
proximity-based uncertainty risk assessment ranking. The pre-
dicted bounding boxes (blue) are overlaid on the LiDAR point
cloud, while the ground truth (red) serves as a reference.

4.5 hours for full convergence. For inference, our model
achieves an average runtime of 38 ms per frame (˜18.7 FPS)
on a single RTX 3090, with a total compute cost of 41.9
GFLOPs and memory usage under 1.2 GB. The CoT rea-
soning module is highly lightweight (¡1.2 GFLOPs) and
does not rely on language models, ensuring real-time de-
ployability even under uncertain or novel conditions.

5. Experimental Results
To verify the effectiveness of our proposed PRIMEDrive-
CoT framework, we performed extensive quantitative and
qualitative evaluations on the DriveCoT dataset. Table 1
(first row) summarizes our quantitative results, demonstrat-
ing that the proposed PRIMEDrive-CoT achieves superior
performance in terms of detailed speed decisions (F1-score:
0.85 for SpeedLimit, 0.82 for FollowAhead, 0.79 for Slow-
Down, 0.78 for SlowApproach, 0.86 for CautiousTurn, and
0.87 for Brake) and waypoint accuracy (87.6% for Straight,
77.6% for Turn, and 82.9% for Lane Change), attributed
to the integrated uncertainty-aware reasoning and interac-
tion modelling. These improvements are especially notable
in occluded or congested scenes, where interaction-driven
reasoning helps mitigate ambiguous predictions.

5.1. LiDAR-Based 3D Detection
To analyse the performance of our LiDAR-based 3D de-
tection, extensive quantitative and qualitative analysis are

carried out as shown in Table 2 and Fig. 2. Referring to
Table 2, it can be shown that the accuracy of the MVX-Net
framework achieved 89.39 % against the baseline VoxelNet
80.47%, whereas the previous methods achieved a compet-
itive performance of 87% [23]. Similarly, the IoU, entropy
and F1 score are found to be achieving values such as 78%,
60% and 0.76% respectively. Intuitively, this demonstrates
that in our LiDAR-based 3D detection experiments, our en-
hanced MVX-Net framework accurately localizes objects
in complex driving scenarios using an improved VoxelNet
architecture for LiDAR feature extraction. The detection
process does not rely on RGB input but solely on LiDAR
point clouds.

5.2. Uncertainty Quantification
The uncertainty of our detection predictions is computed in
this section. We compute the Shannon entropy for each de-
tected uncertainty object and the corresponding results as
reported in Table 2. A higher entropy indicates greater un-
certainty, while lower values suggest confident predictions.
It can be observed that PRIMEDrive-CoT achieves an over-
all score of 0.42, compared to the baseline uncertainty value
i.e. 0.60. The qualitative analysis of the risk assessment ob-
ject is colour-coded as red-high risk, orange-moderate risk
and yellow-low risk, aligning with the system’s real-time
decision-making and ensuring interpretable scene analysis,
as shown in Fig. 2(b).

Based on validation analysis, we set a threshold of 0.8,
determined empirically as it consistently aligned with mis-
classified or low-confidence predictions in the validation
set, above which detections are flagged as uncertain for fur-
ther refinement. This uncertainty metric is critical, as it
helps identify challenging or ambiguous scenarios and trig-
gers subsequent refinement stages. By focusing on these
high-uncertainty cases, our system can improve its over-
all detection robustness and ensure downstream decision-
making benefits from enhanced confidence measures.

5.3. Interaction Analysis and Reasoning
5.3.1. CoT representations Risk Analysis
Our proposed framework integrates Chain-of-Thought
(CoT) reasoning with uncertainty-aware risk assessment for
robust decision-making. Fig. 3 and 4 illustrate the struc-
tured reasoning process and its real-world application.

Fig. 3 provides qualitative validation, demonstrating the
model’s adaptive responses to high-risk scenarios. The ego
vehicle’s trajectory and predicted waypoints are shown im-
plicitly via lane-following behaviours and alignment with
dynamic obstacles. Our BGNN-powered PRIMEDrive-
CoT refines uncertainty estimates, ensuring robust, inter-
pretable decision-making across diverse scenarios such as
slowing down for traffic, braking for pedestrians, and main-
taining safe distances from leading vehicles, as depicted in
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Table 1. Performance evaluation of PRIMEDrive-CoT on DriveCoT dataset validation split. Previous methods can only extract binary
speed decisions (normal drive or brake). Compared to previous methods, the proposed PRIMEDriveCoT can predict more precise and
detailed speed decisions and steering waypoints. The PRIMEDriveCoT-Agent outperforms others across multiple categories.

Method Speed (F1 ↑) Path (accuracy ↑ %)

Speed Limit Follow Ahead Slow Down Slow Approach Cautious Turn Brake Straight Turn Lane Change

PRIMEDrive-CoT 0.85 0.82 0.79 0.78 0.86 0.87 87.6 77.6 82.9

Transfuser [1] - - - - - 0.10 60.6 40.1 31.1
TCP [26] - - - - - 0.21 63.1 42.5 29.0
Interfuser [17] - - - - - 0.35 62.6 38.1 27.3
direct decision 0.61 0.59 0.32 0.50 0.31 0.41 84.1 74.2 75.1
DriveCoT-Agent[23] 0.87 0.81 0.75 0.72 0.83 0.84 87.2 76.1 79.8

GT decision: Slow Down; 
Pred decision: Slow Down

(a) Slow down to stop

GT decision: Follow ahead vehicle; 
Pred decision: Follow ahead vehicle

(b) Follow the vehicle ahead

GT decision: Brake; 
Pred decision: Brake

(c) Brake crossing pedestrian

GT decision: Aim for speed limit; 
Pred decision: Aim for speed limit

GT decision: Brake; 
Pred decision: Brake

GT decision: Follow ahead vehicle; 
Pred decision: Follow ahead vehicle

(d) Live decisions across a period of time

GT decision: Follow ahead vehicle; 
Pred decision: Brake

GT decision: Slow Down; 
Pred decision: Aim for speed limit

(e) Fail Cases

Figure 3. Qualitative results of PRIMEDrive-CoT. The model anticipates and responds to high-risk scenarios, including (a) slowing for
static vehicles, (b) following vehicles ahead, (c) braking for pedestrians, and (d) live speed decisions over time. These results demonstrate
the role of BGNN-driven interaction reasoning in refining uncertainty and enabling interpretable decisions.

Table 2. Performance of LiDAR-based 3D detection.

Method Acc. (%)IoUEntropy ↓F1 ↑Dev. Angle (°) ↓

MVX-Net (LiDAR only) 89.39 0.78 0.42 0.85 3.7
MVX-Net (LiDAR + RGB) 89.39 0.78 0.42 0.85 3.7
Baseline VoxelNet 80.47 0.67 0.60 0.76 6.1

Fig. 3. Fig. 4 outlines the CoT-based decision flow. The
system first evaluates key risk factors such as collision risk,
occlusions, and unpredictable objects. If any of these fac-
tors are present, the framework performs a structured risk
assessment and selects the most suitable action: braking for
objects ahead, executing a lane change, or slowing down.
If no hazards are detected, the ego vehicle proceeds with
normal navigation.

5.3.2. Grad-CAM Explanations
To enhance interpretability, we utilize Grad-CAM to visu-
alize model attention over multi-view RGB images aligned
with LiDAR-based detections. This allows human opera-
tors to verify predictions in ambiguous scenarios, such as
occlusions or noisy sensor returns. As shown in Fig. 2

Figure 4. Chain-of-thought (CoT) decision flow corresponding to
Fig. 3 for our approach.

and Fig. 5, RGB overlays provide contextual insight with-
out affecting quantitative performance. Fig. 5(a) shows
the raw multi-view inputs, while Fig. 5(b) highlights Grad-
CAM heatmaps, revealing focus on relevant dynamic ob-
jects like leading vehicles, pedestrians, and intersection ob-
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(a) Multi-view camera images from the driving scenario.

(b) Grad-CAM visualizations highlighting interacting (dynamic) objects, in-
dicating areas of high model attention.

Figure 5. Visualization of interacting objects using Grad-CAM.

stacles. Attention shifts correlate with risk-driven decisions
e.g., braking for pedestrians or slowing down near occlu-
sions, demonstrating that model outputs are grounded in
meaningful interactions. These visual cues validate the rea-
soning behind decisions and highlight the effectiveness of
our uncertainty-aware CoT framework in complex driving
environments.

5.4. Ablation Study
5.4.1. Unverified Multi-View RGB References
To assess the contribution of multi-view RGB images, we
perform an ablation study by removing RGB inputs from
the PRIMEDrive-CoT framework. As shown in Table 2,
removing RGB has no direct impact on detection accu-
racy, confirming that RGB is not used for prediction but for
verification. However, its absence eliminates Grad-CAM
visualizations and cross-modal validation, reducing inter-
pretability—especially in occluded or ambiguous scenes.
Thus, while LiDAR ensures strong geometric accuracy,
RGB complements it by providing saliency-based justifica-
tions for human verification.

5.4.2. BGNN Hypertuning
To optimize our Bayesian Graph Neural Network (BGNN),
we fine-tune key hyperparameters, including graph depth,
embedding dimensions, and adaptive edge weights based
on relative velocity and spatial proximity. Results in Ta-
ble 3 show that a three-layer BGNN with 128-dimensional
embeddings provides optimal performance, improving ob-
ject classification F1-score by 3.2% and reducing uncer-
tainty in high-risk detections by 14.5%. These refinements
enhance interaction modelling without additional computa-
tional overhead, ensuring robust uncertainty-aware reason-
ing.

5.5. State-of-the-art Comparison
Table 1 reports the performance of PRIMEDriveCoT-
Agent against state-of-the-art methods on the DriveCoT

Table 3. Effect of BGNN hyperparameter tuning on detection.

Configuration F1 Score (%) Uncertainty ↓ Notes

2-layer, 64-dim 82.4 0.51 Lower capacity
3-layer, 128-dim 85.6 0.43 Optimal configuration
4-layer, 256-dim 85.1 0.45 Higher cost, no gain

validation split. Compared with the other end-to-end driv-
ing methods such as Transfuser [1] and Interfuser [26],
which require additional supervision (e.g., depth maps or
BEV bounding boxes) and produce only binary decisions
(normal drive or brake), our framework provides detailed
speed decisions via an interpretable chain-of-thought (CoT)
reasoning process. PRIMEDriveCoT-Agent achieves the
highest F1 scores across all speed categories, outperforming
DriveCoT-Agent [23] by +4.0% in slow-down and +3.0%
in cautious turn scenarios, and achieves the best braking ac-
curacy (0.87). For path prediction, our model leads with
87.6% (straight), 77.6% (turn), and 82.9% (lane change) ac-
curacy. These gains could be attributed to the integration of
Bayesian Graph Neural Networks (BGNNs) and CoT rea-
soning, which improve situational awareness and decision
robustness under uncertainty.

6. Conclusion and Future Works
We introduced PRIMEDrive-CoT, an uncertainty-aware
framework that combines BGNNs and CoT reasoning for
interpretable and robust autonomous driving. By mod-
eling object interactions, estimating uncertainty with en-
tropy and deviation angles, and using Grad-CAM for vi-
sual explanations, our approach delivers strong perfor-
mance on the DriveCoT benchmark. Extensive evalua-
tions show PRIMEDrive-CoT outperforms existing CoT
and risk-aware models, achieving 89% detection accuracy
and improving performance in complex scenarios like oc-
clusions, abrupt braking, and pedestrian crossings. Our
method improves slow-down decision F1-score by 4% and
reduces uncertainty by 14.5% through BGNN-based re-
finement. By integrating structured CoT reasoning with
uncertainty modeling, PRIMEDrive-CoT bridges low-level
perception and high-level planning, enabling anticipatory,
human-aligned driving decisions. This work advances in-
terpretable, risk-aware autonomy in dynamic driving envi-
ronments. Future work will focus on temporal CoT reason-
ing, self-supervised learning for better generalization, and
optimizing BGNN efficiency for real-time deployment in
complex scenarios.
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