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Abstract

Accurate driving behavior recognition and reasoning are
critical for autonomous driving video understanding. How-
ever, existing methods often tend to dig out the shallow
causal, fail to address spurious correlations across modal-
ities, and ignore the ego-vehicle level causality modeling.
To overcome these limitations, we propose a novel Multi-
modal Causal Analysis Model (MCAM) that constructs la-
tent causal structures between visual and language modal-
ities. Firstly, we design a multi-level feature extractor to
capture long-range dependencies. Secondly, we design a
causal analysis module that dynamically models driving
scenarios using a directed acyclic graph (DAG) of driving
states. Thirdly, we utilize a vision-language transformer to
align critical visual features with their corresponding lin-
guistic expressions. Extensive experiments on the BDD-
X, and CoVLA datasets demonstrate that MCAM achieves
SOTA performance in visual-language causal relationship
learning. Furthermore, the model exhibits superior capa-
bility in capturing causal characteristics within video se-
quences, showcasing its effectiveness for autonomous driv-
ing applications. The code is available at https://
github.com/SixCorePeach/MCAM

1. Introduction
With the advancement of autonomous driving technologies,
understanding driving videos has become a critical research
area [17, 24, 29, 46]. This is due to the cost-effective ac-
quisition of videos, which provide richer feature informa-
tion than images [9, 19]. Moreover, understanding driv-
ing videos is crucial for comprehending autonomous driv-
ing behavior, supporting the wider adoption of intelligent
vehicles. Recent studies have explored vision-to-language
methods [6, 12, 15, 16, 43], which translate driving be-

*Equal contribution
†Corresponding authors

haviors from visual data into high-level textual narratives.
However, these methods [1, 13, 39] primarily focus on sim-
ple behaviors, neglecting the causal relationships between
driving actions and their environmental context. Further-
more, the learning process is often hindered by spurious
correlations, which could severely degrade the accuracy
of causal analysis. Thus, developing a robust model with
causality that mitigates spurious correlations is essential for
advancing autonomous driving technologies.

Current approaches to driving behavior understanding
can be categorized into two main streams: caption gen-
eration [34, 47] and retrieval-based matching [26, 27, 30,
41, 42]. For instance, Jin et al. [17] proposed ADAPT,
a Video Swin Transformer-based architecture [23], which
pairs driving behavior descriptions with comprehensive pre-
dictions. Similarly, Fan et al. [13] introduced MLLM-
SUL, a framework combining multi-scale feature extraction
with large language models (LLMs) like LLaMA for cross-
modal video understanding. As illustrated in Figure 1, such
methods establish causal links between actions (e.g., stop-
ping) and environmental changes (e.g., traffic lights turn-
ing from yellow to red). While these approaches provide
insights into driving behaviors, their causal reasoning is
often limited to probabilistic correlations rather than de-
tailed causal inference. On the other hand, retrieval-based
methods, such as RAG-driver [46] and RAC3 [39], lever-
age retrieval mechanisms to enhance scene understanding
by searching for similar scenarios. However, these methods
heavily depend on large-scale datasets and fail to effectively
mitigate the problem of spurious correlations inherent.

To reduce the detrimental impact of spurious causal re-
lationships—stemming from spatial-temporal correlations
in driving video understanding—and to establish authentic
causal relationships, researchers have focused on a sophis-
ticated realm of causal learning that emphasizes attention
mechanisms [25] and causal reasoning [37, 38, 48], with
particular emphasis on exploring and understanding spatio-
temporal causal relationships. For example, Cong et al. [10]
introduced spatio-temporal attention to capture intra-frame
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Figure 1. The relationship of justification and action exists in ego-vehicle level driving video understanding. In the initial state, the vehicle
moves along the main road on the left side. There is a clear road with a visible traffic light in the distance. As the traffic light turns from
yellow to red, the vehicle slows down and stops, preventing a violation of traffic regulations and reducing the risk of an accident. The
yellow box and red box are added by manually to support the observation results.

and inter-frame relationships. Chen et al. [8] proposed
the LLCP, which segments vehicle states into environmen-
tal context, neighboring vehicle’s behaviors, and historical
states. In addition, Liu et al. [24] proposed the CMCIR
framework, utilizing causal intervention techniques to fa-
cilitate event-level comprehension in driving scenarios. De-
spite their significant advancements, these approaches fail
to adequately model the dynamic state transitions of causal
entities, particularly overlooking ego-vehicle behavior un-
derstanding and the establishment of causal relationships.

To address this gap, this paper introduce the Multimodal
Causal Analysis Model (MCAM), a framework designed
for comprehensive driving video understanding. MCAM
employs a Driving State Directed Acyclic Graph (DSDAG)
to decompose complex driving behavior into discrete states,
enabling fine-grained causal reasoning and dynamic inter-
action modeling. The framework consists of three compo-
nents: (1) a Multi-level Feature Extractor (MFE) captures
local and global features from videos; (2) a Causal Anal-
ysis Module (CAM) constructs causal relationships using
DSDAG; and (3) a Vision-Language Transformer (VLT) in-
tegrates these features and relationships to generate detailed
descriptions and reasoning. The main contributions are as
follows:

• Driving State Directed Acyclic Graph (DSDAG). We
propose Driving State Directed Acyclic Graph (DSDAG)
to model dynamic driving interactions and state transi-
tions, providing a structured theoretical foundation for the
Causal Analysis Module (CAM).

• Multimodal Causal Analysis Model (MCAM). We pro-
pose a causality-analysis ego-vehicle level driving video
understanding framework, named Multimodal Causal
Analysis Model (MCAM), to discover true causal rela-
tionships through driving state modeling and achieve ro-
bust ego-vehicle level driving video understanding perfor-
mance. To the best of our knowledge, we are the first to
introduce causal analysis structures for ego-vehicle level

driving video understanding tasks.
• Comprehensive Evaluation. Extensive experiments on

the BDD-X and CoVLA datasets show the effectiveness
of our MCAM for Mitigating the interference of spurious
correlations to achieve robust and promising ego-vehicle
level driving behavior understanding.

2. Related Work

2.1. Causal Representation

Building on the structural causal model proposed by Pearl
et al.[32], researchers have further explored effective causal
modules. For instance, Yang et al.[45] introduced a causal
attention mechanism that leverages front-door adjustment
to enhance the causal learning capabilities of transformer
architectures. Additionally, Wei et al.[40] developed a
causal scene separation module to distinguish between
causal and non-causal visual scenes. They also proposed a
question-guided refiner to select consecutive video frames
for modeling causal relationships. Furthermore, Rahman et
al.[33] presented the Modular-DCM algorithm, which inte-
grates causal structures with pre-trained conditional gener-
ative models to effectively eliminate the influence of con-
founding variables and accurately estimate causal effects in
high-dimensional data. Similarly, Jin et al.[18] introduced
CAUSALCOT, which applies back-door adjustment to im-
prove causal reasoning and has achieved promising results.
Temp-adapter[7] proposed a contrastive learning approach
to align driving videos and text at both temporal and seman-
tic levels, significantly improving the model’s scene under-
standing capabilities. To be different, we employ a fea-
ture disentanglement method to establish direct, indirect,
and confounding causal relationships between scene fea-
tures and behavioral features.

5480



Figure 2. Overview of the MCAM. The MCAM framework consists of three key components: the MFE module, which extracts multi-level
features from the video clip frames; the CAM, which builds and analyzes causal relationships within the extracted key features; the VLT
module, which generates coherent and contextually relevant captions by integrating visual and textual information. The yellow boxes are
added by manually to support the observation results.

2.2. Video Understanding
Video Understanding provides users with explanations of
events and their logical relationships within videos[14][44],
delivering cohesive and abstract information[21]. Numer-
ous methods based on LLMs have been developed to en-
hance video understanding in complex environments. For
instance, Ataallah et al.[4] proposed MiniGPT4-Video, a
model that processes image and text tokens to align interac-
tive content and projects them into the LLMs space, thereby
improving video comprehension. Xu et al.[43] developed
DriveGPT4, a multimodal LLM that leverages multimodal
data to interpret scenes and enhances understanding through
human interaction. Additionally, Yuan et al.[46] presented
RAG-Driver, which integrates Retrieval-Augmented Gener-
ation (RAG) to identify similar scenes, thereby boosting the
accuracy of video understanding. While these approaches
leverage the extensive memory and computational power of
large-scale LLMs[11][28] to achieve SOTA performance,
MCAM adopts a more efficient and compact architecture
with significantly fewer parameters.

3. Methodology
The framework of the MCAM is shown in Fig 2, which is an
ego-vehicle visual driving video understanding architecture.
In this section, we present the detailed implementations of
MCAM.

3.1. Multi-level Feature Extractor
Conventional feature learning methods predominantly rely
on Transformer-based architectures, which excel in captur-
ing global dependencies but are relatively less efficient at
extracting local features. To address this, we propose an

efficient Multi-level Feature Extractor (MFE) that simulta-
neously captures both global and local features. This ap-
proach enhances the model’s ability to understand complex
patterns through multi-level feature representation.

In the Multi-level Feature Extractor, we utilize 3DRes-
Net for local information extraction, and VidSwin for global
information extraction. Given raw video frames of size
B×F×H×W×3, where B is the batch size, F is the num-
ber of frames, and each frame has dimensions H ×W × 3,
we feed the input to both the VidSwin and 3DResNet to
extract global and local features, respectively. Then the fea-
tures will be refined for size B × F

2 × H
32 × W

32 × 8C,
and after the windows setting, the feature size change to
B× FC

2 × H×W
32×32 , which C equals 64. The feature from the

local features extractor will be B ×F × H
16 ×

W
16 × 16C, to

keep the consistency of features, we set the down-sampling
times as 4, adjust the channels by the 1×1 convolution, and
fused the features by linear layer.

3.2. Causal Analysis Module

Existing methods are inadequate in addressing spurious
causal interference in driving video understanding, as they
neglect the importance of modeling the ego vehicle’s state.
Therefore, we propose a causal analysis module to tackle
this issue. Following Pearl et al.[32], we consider the sta-
tus transformation graph G, consisting of a start safe sta-
tus Xs and the unsafe status W , the action Y , the end safe
status Xe, and changed environment Z. The safety state
generally denotes the state of motion or stillness, encom-
passing relatively stable conditions such as stopped and uni-
form motion. Actions include behaviors that alter the vehi-
cle’s state, such as accelerating, decelerating, braking, lane
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(a) (b)

Figure 3. the (a) is Driving Status Directed Acylics Graph (DSDAG), and (b) is the Refined and involved causal graph from DSDAG.

changing, turning, and reversing. The environment encom-
passes weather, surrounding vehicles, traffic signals, pedes-
trians, obstacles, and all other elements that could impact
vehicle operation. An unsafe state denotes a foreseeable
collision or fall that could result if the vehicle’s current driv-
ing state remains unchanged due to environmental changes.

Furthermore, we construct the driving status causal
graph, which comes from the DSDAG, as shown in Fig 3a.
In this graph, Xs represents the start status, Y denotes the
action of the ego vehicle, Xe represents the end status, and
Z represents the changed environment respectively. The
following is hypothesis and defined based on the preceding
discussion:

Driving Action (Y ): This include the general operation
when the ego car driving in the urban road.

Y = {accelerating, decelerating, turning, . . .} (1)

Driving Environment (Z): This include the traffic con-
dition of road which ego car stands .

Z = {weather, road type, congestion, . . .} (2)

Vehicle State (U): This encompasses the current state
of the vehicle, including:

U = {speed, direction, loading condition, . . .} (3)

Safe Driving State (Uv): Safe driving status is deter-
mined by the combination of the vehicle’s state Us and the
environmental conditions Zs:

Uv = {Us, Zs} (4)

Initial Safe Driving State (Xs), and Ended Safe Driv-
ing State (Xe): They are the general situation in the safe
driving state.

{Xs, Xe} ∈ Us (5)

Hypothesis 1: The environment Z remains invariant at
the instants corresponding to the initial state Xs and the
final state Xe. However, during the vehicle’s transition
from Xs to Xe, the environment undergoes gradual and pre-
dictable changes.

Hypothesis 2: Throughout the transition from the initial
state Xs to the final state Xe, the vehicle executes a se-
quence of actions Y . The change in the vehicle’s state is
jointly driven by the environment Z and the actions Y .

Hypothesis 3: The state transition graph encodes specific
causal relationships through its nodes and edges. Specifi-
cally, the action Y is determined by the current state Xs and
the environment Z, while the new state Xe is influenced by
the action Y and the environment Z.

We posit that the various elements with same kind in
the environment are linearly related. Defined the Γ =
{γ1, γ2, γ3, . . . , γn} in the overall driving environment,
each γi represents the key coefficient of factors during ve-
hicle driving. For ∀ξ, Γi, the specific driving environment
Zξ is defined as follows:

Zξ = {Uv,Γi, ξ}, ξ ⊥ Γi (6)

where, Uv represents the vehicle state, and Zs can be con-
sidered as the initial environment state when ξ = ∅, and
Γi is part of the overall environment Γ. The specific driv-
ing environment Zξ combines the vehicle state, the rele-
vant environmental factors, and a random noise term ξ that
is dependent of the environmental factors. Accordingly
(Fig 3b.(1)), the hidden danger state should be the result
of the combined action of environmental changes and un-
changed vehicle states. We define the set of dangerous
states W = {w1, w2, ..., wp}, including collisions, falls,
loss of control of vehicles, violations of road traffic regu-
lations, etc. Here, p is a finite positive integer. The hidden
danger state Whidden is determined by the function FW as
follows:

Whidden = FW (Us, Zξ),Whidden ∈ W (7)

The role of function FW in determining whether the ini-
tial state is compatible with the environment is self-evident.
To avoid the occurrence of dangerous state W , drivers will
choose safety action Y at the appropriate time to adjust the
vehicle’s state. Define the set Yc = {c1, c2, ..., cp} of Y ,
which includes simple or complex program actions such as
shifting gears, changing lanes, starting, stopping, etc. Un-
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der the influence of environment Zξ, initial state Xs will de-
velop towards dangerous state Wm, while under the action
of safe driving action Yc, initial state Xs will turn towards
safe state Xe. The following formula:

Ue = FY (Xs, Zξ, Yc) (8)
Xe = {Ue, Ze} (9)

at this point, the secure state Xe transitions to the next initial
state Xs, forming a logical closed loop.

Based on the above, the current task is to infer the rea-
sons for the vehicle’s driving behavior. This approach dif-
fers from traditional causal reasoning, which typically in-
fers future events based on observed phenomena. Instead, it
analyzes the underlying causes based on the outcomes. This
can be expressed as the following equation:

Us = FXs
(Uv, Zs) (10)

Yc = FY (Zξ|Us), ξ ⊥ Us (11)
W = FW (Zξ|Us, do(Yc = ∅)) (12)
Xe = FXe(Zξ|Us, do(Yc = c)) (13)

where ξ is random noise at the safe status Xs, F is comput-
ing function. As the Fig 3b.(2), in the driving video under-
standing task, the output result is the one or several factors
in the environment that have the most significant impact on
the original state. So the formula is as follows:

N = {1, 2, 3, . . . , n, . . . ,+∞} (14)
Zξ = {γ1, γ2, . . . , γn|n ∈ N} (15)
V = {γx, γy, γz, . . .} (16)

when the environment Zs interacts with the initial state Xs

in a certain scenario and transitions to the final state Xe

through driving action Y , certain variables V in the envi-
ronment Zξ will serve as key influencing factors for deter-
mining the appearance of Yc, while the influence of other
variables can be ignored. These key influencing factors Vγ

provide the primary basis for understanding the occurrence
of action Yc occurs.

Ue = FXe
(Zξ|Us, do(Yc = c))

= FXe
(V |Us, do(Yc = c))

FV (V ) =
∑
i=1

∑
j=1

P (Ue|Yc = cj , V = γi) (17)

argmax{FV (V )} (18)

where the probability of V could be computed by the
distribution of Vγ and specific Yc. During the driving status
transformation process, these variables are closely related

to traffic regulations, road conditions, pedestrians, and ve-
hicles. As shown in Fig 4, we implement the CAM to fusion
the multi-level features as follow.

Given inputs come from MFE:

Finitglobal
, Finitlocal

, Fendglobal
,

Fendlocal
, Fwholeglobal

, Fwholelocal

(19)

where Finit is the is the initial frame of the video, used to
record the initial state of the ego-vehicle, the Fend is the
ended frame of the video, used to record the ended state of
the ego-vehicle.

Global-Local Fusion is performed as follows:

Finit = WXs

(
Finitglobal

+ Finitlocal

)
Fend = WXe

(
Fendglobal

+ Fendlocal

)
Fpot = Ww

(
Fwholeglobal

, Fwholelocal

)
Fact = WY

(
Fwholeglobal

, Fwholelocal

)
Fori = Wo

(
Fwholeglobal

, Fwholelocal

)
(20)

Causal fusion combines these features:

H = Concat(Finit, Fend, Fpot, Fact) (21)

Attention mechanism computes weights α:

α = Softmax(WHH + bH) (22)

The final output feature F is computed by

F = α⊙ Fori (23)

3.3. Vision-Language Transformer
Lastly, we propose the Vision-Language Transformer
(VLT) to translate causal feature relationships into language
expressions. Due to the causal feature size is B × 4FC ×
H
32 ×

W
32 , we tokenize the sentence, which includes both the

description and the reasoning, and pad it to a fixed length.
The tokenized sentence is then embedded, and a multi-layer
perceptron (MLP) is used to align the causal features. To
maintain the correct relationship between the video and the
corresponding sentences and to prevent model hallucina-
tion, we employ the sparse attention mask[23]. The sparsity
constraint is defined as follows:

Lsparse = λ×
M∑
i=1

(

M∑
j=1

(|V(i,j)|) (24)

where V is the relationship matrix between the causal fea-
tures and word embeddings, and M is the length of the
causal feature vector, λ is regularization parameter. This
setting is crucial for ensuring consistency between the ob-
jects and the corresponding sentences, thus mitigating the
risk of model hallucination. Additionally, the overall loss
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in MCAM includes signal losses (if there are any signal in-
puts) and sentence prediction losses. The sentence predic-
tion losses are composed of Cross Entropy Loss for opti-
mization, KL divergence, the Losstotal is as follow:

Lsignal =
1

2N

N∑
i=1

|yi − ŷi|+ (yi − ŷi)
2

Lcaption = − 1

N

N∑
i=1

C∑
c=1

yi,c log(ŷi,c)

+ β ·
N∑
i=1

C∑
c=1

P (yi,c) log

(
P (yi,c)

Q( ˆyi,c)

)
Ltotal = Lsignal + Lcaption (25)

where N is the length of sequence, the C is the class
of words, the yi, ŷi is the sign and signal label, the
P (yi,c), Q( ˆyi,c) is the distribution of prediction, and ground
truth, respectively.

Figure 4. Overview of Causal Analysis Module, (a) is the first and
second frame of video, and (b) is the last frame of video, (c) is
the whole video, all of them are fed into the MFE to get the local
and global feature, then, All features will be fused in special linear
layer, and absorb input to fV . the fori aims to protect the features
as the residual layer.

4. Experiments

4.1. Datasets & Device
In this section, we conduct experiments on two ego-vehicle
level driving understanding datasets: BDD-X [20] and
CoVLA [3], to verify the effectiveness of MCAM and its
components through comparing with existing methods.

Table 1. Experiment setting on All Datasets.

Datasets Batch size Training Epochs Initial Learning Rate Decays over time
BDD-X 16 40 0.0003 16
CoVLA 16 40 0.0001 16

BDD-X Dataset. The BDD-X dataset is an open-source
driving-domain caption dataset, consisting of 7, 000 videos
paired with descriptions, reasoning, and control signals.
Each video is segmented into frames of 1280 × 720 pix-
els at a uniform frame rate of 30 frames per second. The
dataset is meticulously annotated, with each video segment
containing no more than five actions, all described in tex-
tual form. We perform uniform sampling on video clips of
varying lengths (from 3 to 28 seconds), extracting 32 frames
while preserving the original frame rate information to en-
sure temporal accuracy. We follow the existing work[17],
and split the BDD-X dataset into 21,143, 2, 519, and 2, 859
for training, validation and testing.

CoVLA Dataset. The CoVLA dataset consists of
10,000 videos, each paired with detailed descriptions and
control signals. The descriptions encompass critical in-
formation such as vehicle status, weather conditions, traf-
fic signal states, pedestrian activities, and essential safety
guidelines for driving. Each video spans 30 seconds, with
20 captions generated per second. In this study, six fixed
timestamps were uniformly sampled from each video, along
with their corresponding labels. The dataset is divided into
42, 000 video clips for training, 6, 000 clips for validation,
and 12, 000 clips for testing.

Training Details. The MCAM is implemented using
PyTorch 1.8 with CUDA 11.3. All video frames are pre-
processed to a resolution of 224×224×3, and the clips are
sampled before training with 32 frames. Other settings are
as follows Table 1. We train all models on Ubuntu 24.04 us-
ing single A100 GPU with 80 GB of memory for 40 epochs.

Evaluation Matrics. In this part, we evaluate MCAM
through the metrics index, including BLEU-4(B4)[31],
METEOR(M)[5], ROUGE(R)[22], and CIDEr(C)[35].

4.2. Main Results
Compared with SOTA methods on BDD-X. As shown
in Table 2, we compare our proposed MCAM with the
state-of-art method. The ADAPT was re-implement using
the same training settings and hyperparameter configura-
tions. Additionally, we compare MCAM with the following
methods: S2VT[36], WAA, SAA [20], RAG-Driver[46],
DriveGPT4[43]. By leveraging the construction of the DS-
DAG, MCAM achieves superior accuracy on the BDD-X
dataset compared to the baseline, while effectively miti-
gating spurious correlations. Specifically, for the narration
task, MCAM achieves the B4 of 35.7%, because the causal
analysis module could construct the dependence key factors
with action. In the reasoning task, our MCAM achieves a
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Figure 5. Visualization for comparing the result with ADAPT in BDD-X dataset, and the red boxes are added by manually to support the
observation results. The first red box highlights the taillights of the vehicle ahead of the car in front, while the second red box indicates a
’STOP’ sign that requires vehicles to stop and only allows right turns.

Table 2. Experiment on BDD-X dataset, the narration is driving action description and reasoning is explanation.

Method Narration Reasoning Param FPSB4 C M R B4 C M R
S2VT 30.2 179.8 27.5 - 6.3 53.4 11.2 - 86.3M -
SAA 31.8 214.8 29.1 - 7.1 66.1 12.2 - 34.1M -
WAA 32.3 215.8 29.2 - 7.3 69.5 12.2 - 35.7M -

DriveGPT4 [43] 30.0 214.0 29.8 - 9.4 102.7 14.6 - 7.85B -
RAG-Driver [46] 34.3 260.8 30.7 - 11.1 109.1 14.8 - 7.08B -

Baseline 33.4 241.6 30.3 62.6 8.2 75.5 14.6 30.7 620.2 M 365
MCAM(ours) 35.7 252.0 30.5 63.4 9.1 94.1 14.0 32.0 885.3 M 336

B4 metric of 9.1%. In Fig 5.a, the MCAM accurately iden-
tifies the red brake lights on the vehicle and attributes the
stop to the car in front. This indicates that the stop is more
likely caused by the red traffic light rather than the preced-
ing vehicle. The brake lights may interfere with the model’s
judgment. In Fig 5.b, the stop sign is hard to recognize. The
baseline erroneously attributes the turning action to the sign,
creating a spurious relationship. Our method, however, fo-
cuses on the driving process, particularly the transition from
the parking lot to another road. In Fig 5.c, both the baseline
and MCAM fail to recognize the ego vehicle’s lane change
requirement, instead misinterpreting the stopping behavior
as parking intention. This occurs due to two key factors:
(1) a yellow van in the front-right region is stationary while
interacting with pedestrians, and (2) the vacated space from
a departing leading vehicle presents a viable parking op-
portunity. While this interpretation diverges from ground
truth, it represents a reasonable contextual inference. No-
tably, MCAM demonstrates superior performance in accu-
rately localizing the parking target.

Generation Experience on CoVLA. On a driving video

understanding dataset of the same category, we reproduced
the baseline model ADAPT and evaluated its performance
using eight widely recognized metrics: BLEU-1 (B1),
BLEU-2 (B2), BLEU-3 (B3), BLEU-4 (B4), METEOR
(M), ROUGE (R), SIPCE(S)[2] and CIDEr (C). As depicted
in Fig 6, the MCAM demonstrates effective identification of
ego vehicle behaviors within videos. Specifically, as shown
in Fig 6.a.(1), from the 1st to the 5th frames, the ego-vehicle
maintains a straight trajectory, consistent with the label in-
formation. The MCAM not only accurately describes the
vehicle’s movement state but also exhibits robust recogni-
tion capabilities for weather conditions and traffic signals.
More importantly, the model almost comprehensively cov-
ers all critical attention factors in complex traffic scenarios.
In Fig 6.a.(2), the model accurately identifies the number
of cameras and interprets their content, offering pertinent
advisories for safe vehicular operation. This capability ef-
fectively demonstrates the model’s inferential prowess. Re-
garding the identification of lane-changing behaviors, our
method also performs excellently. Particularly in Fig 6b.(1),
where labels generated by the Llama-7b model based on im-
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Figure 6. The visualization of MCAM on the CoVLA dataset, includes the ground truth (GT) caption, and the result from MCAM
prediction. The yellow arrows and boxes is added by manually to support the observation results, and the words with underline indicate
the description of ego-car, the blue words are the weather, brown words emphasis the caution of driving, the sky blue words are the reason
of caution, and the words highlighted in pink indicate the discrepancy between the ground truth and our method.

Table 3. The generated experiment on CoVLA dataset.

Method CoVLA
B1 B2 B3 B4 C M R S Para FPS

Baseline 81.9 78.5 76.1 74.2 236.9 48.8 80.7 78.5 620.2M 94.2
MCAM(ours) 82.6 79.4 77.2 75.3 275.4 50.2 81.9 79.9 885.3M 86.22

Table 4. Ablation experiment on BDD-X dataset.

Method Narration Reasoning Param FPSB4 C M R B4 C M R
VidSwin + VLT 32.9 235.8 29.8 62.2 8.0 74.3 14.6 31.1 582.2 M 374
3DResNet + VLT 32.8 221.8 28.97 61.4 6.4 55.3 12.5 28.1 494.0M 616
MFE + VLT 33.4 218.1 29.5 61.6 7.1 79.8 12.8 30.5 845.8 M 364
VidSwin +CAM+ VLT 34.2 242.7 30.0 62.5 8.2 80.3 14.0 31.1 588.3 M 336
MFE + CAM + VLT (MCAM) 35.3 251.6 30.7 63.1 9.0 92.9 13.8 31.7 885.3 M 320

age understanding of specific frames incorrectly predicted
the vehicle’s direction, our model, after fine-tuning, signifi-
cantly corrects this misjudgment, demonstrating strong gen-
eralization ability.

4.3. Ablation Study
As is shown in Table 4, we implement the ablation exper-
iment from the caption including narration and reasoning,
to prove the reasonable combination of MFE, and CAM
along VLT. For the video understanding task, an accurate
description of driving actions forms the foundation. By an-
alyzing the observed actions and key influential objects, the
cause of the actions can be determined more precisely and
convincingly. The 3DResNet paired with VLT could get
lower performance than VidSwin with VLT due to lack of
global information. When the MFE encounters the VLT,

narration, and reasoning performance has increased. The
testing process of MFE is more steady than the single en-
coder, the accuracy in testing will be consistency with more
steps training. Differently, including CAM, the combina-
tion of VidSwin and VLT could create a more accurate re-
lation between the observed object and cause. Interestingly,
the CAM could simultaneously indicate the narration and
reasoning efficiently.

5. Conclusion

In this paper, we introduce the Multimodal Causal Analy-
sis Model (MCAM) for modeling causality in ego-vehicle
scenarios. MCAM incorporates a causal analysis module
to enable effective identification of diverse driving behav-
iors under dynamic road conditions. This integration en-
hances the precision of predictions and interpretations of
ego-vehicle behaviors. We validate the effectiveness of
our approach on two ego-vehicle level benchmarks datasets
BDD-X and CoVLA, demonstrating MCAM’s superior per-
formance and broad applicability in real-world scenarios.

Limitation and Future Work. Our work also has cer-
tain limitations. For example, the datasets existing incorrect
labels will impact model’s the recognized capability. Future
work will construct higher-quality datasets and explore in-
ternal causal relationships among various objects in videos
to further improve prediction accuracy and efficiency.
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