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Abstract

Egocentricly comprehending the causes and effects of car
accidents is crucial for the safety of self-driving cars, and
synthesizing causal-entity reflected accident videos can facil-
itate the capability test to respond to unaffordable accidents
in reality. However, incorporating causal relations as seen
in real-world videos into synthetic videos remains challeng-
ing. This work argues that precisely identifying the accident
participants and capturing their related behaviors are of
critical importance. In this regard, we propose a novel diffu-
sion model Causal-VidSyn for synthesizing egocentric traffic
accident videos. To enable causal entity grounding in video
diffusion, Causal-VidSyn leverages the cause descriptions
and driver fixations to identify the accident participants and
behaviors, facilitated by accident reason answering and
gaze-conditioned selection modules. To support Causal-
VidSyn, we further construct Drive-Gaze, the largest driver
gaze dataset (with 1.54M frames of fixations) in driving
accident scenarios. Extensive experiments show that Causal-
VidSyn surpasses state-of-the-art video diffusion models in
terms of frame quality and causal sensitivity in various tasks,
including accident video editing, normal-to-accident video
diffusion, and text-to-video generation.

1. Introduction

The emerging fully self-driving (FSD) technique [65], while
bringing convenience to our daily life, has also led to vari-
ous ethical, trustworthy, and economic disputes in handling
car accidents [51]. Therefore, an egocentric comprehension
of the car accident is paramount not only for improving
self-driving safety but also for disambiguating accident re-
sponsibility. Yet, the scarcity of egocentric accident data
severely hinders research in this field.

With the tremendous advancements in video diffusion
models [ 1, 14, 24, 25, 32, 81, 83], synthetic videos could
be a promising solution for data scarcity. However, the state-
of-the-art (SOTA) video diffusion models are developed for
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Text Prompt: The pedestrian does not notice the ego-car, resulting in that the ego-car hits the
pedestrian. (Causal-entity reflected text change: pedestrian—motorbike).
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Figure 1. We show the inability of two state-of-the-art diffusion
models (i.e., Abductive-OAVD [17] and CogVideoX-2B [82]) for
editing accident video content. Abductive-OAVD cannot generate
the needed motorbike, while CogVideoX fails to reflect the collision
situation. Our Causal-VidSyn accurately generates the collision
motorbike and maintains the background scenes.

common video generation; they often fail to generate ego-
centric accident videos that achieve a causal-entity reflected
synthesis [48, 82]. As shown in Fig. 1, when facing a counter-
factual text edit from “pedestrian” to “motorbike” collision,
one of the SOTA model Abductive-OAVD [17] fails to gen-
erate the motorbike. While CogVideoX [82] responds to the
needed motorbike, the requested collision is not reflected.

To overcome such issues, precisely identifying the causal
entities (or objects) in accidents and capturing their accident-
related behaviors is the key to success. However, accident
scenarios often involve tiny objects in fast scene changes,
which makes it extremely difficult to identify the objects,
especially in the ego view, not to mention analyzing their
nuanced behaviors related to the accidents. In this paper, we
highlight the incorporation of two critical information cues:
accident reason-collision descriptions and driver gaze fixa-
tions. The reason-collision descriptions contain rich infor-
mation about the accidents, including the major participants
and their misbehavior that resulted in the accidents. Despite
being informative, finding the right reason for the accident
is still challenging. Also, there is a modality gap between
textual descriptions to visual accident appearances. As a
remedy, driver gaze fixations provide direct visual attention
to the accident regions, since human drivers can perceive the
road hazard incisively based on their driving experience.

To effectively exploit such information for egocentric
accident video diffusion, we propose the Causal-VidSyn,
which makes the video diffusion backbone (e.g., 3D-Unet)
causal-grounded, facilitated by 1) an accident reason answer-
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ing (ArA) module designed to retrieve the right accident
reason and incorporate it into noise representation learning,
and 2) a driver gaze-conditioned visual token selection mech-
anism to focus on causal participant regions. Additionally,
to enhance diffusion learning in fast scene changes, we addi-
tionally learn to contrast forward and backward time order
frame diffusion with reciprocal text and vision prompts, as
creating a counterfactual intervention to forward text and
visual prompts, via the exogenous noise e to help the causal
scene learning associating reciprocal frame and text prompts.
Causal-VidSyn fulfills the causal-entity reflected video
synthesis from @ internal diffusion recipe level and @ exter-
nal knowledge level. Diffusion recipe level fulfills a recipro-
cal prompted frame diffusion (RPFD, §4.1). The knowledge
level designs causal-prone' token selection blocks (CTS)
and an ArA-guided causal token grounding block (CTG)
(§4.2) to make the 3D-Unet backbone causal-grounded. Ad-
ditionally, to support Causal-VidSyn, we construct the largest
driver gaze dataset Drive-Gaze, which collects over 1.54
million frames of driver fixations for 9, 727 accident sce-
narios. Notably, ArA and driver fixations are only involved
in the training phase, and the testing phase only inputs the
video or text prompts for accident video diffusion.
Extensive evaluations are carried out for three video dif-
fusion tasks 1) accident video content editing on accident
dataset (DADA-2000 [16]), 2) normal-to-accident video dif-
fusion on accident-free dataset (BDD-A [76]), and 3) text-to-
video accident generation. The results show that Causal-
VidSyn can surpass many state-of-the-art methods with
higher frame quality, fidelity, and causal sensitivity. We also
extend CTS and CTG to SOTA Transformer-based video
diffusion models (i.e., CogVideoX-2B [82] and Latte [48]),
and demonstrate consistently significant improvements.

2. Related Work
2.1. Approaches for Ameliorating Diffusion Models

Enhancing Content Consistency. Video diffusion mod-
els have dominated the field of video generation in recent
years [3, 27,47, 68,71, 72, 78] and take large efforts to over-
come a knotty problem, i.e., maintaining temporal logic and
content consistency [3, 84, 89], such as StoryDiffusion [89],
CogVideoX [82], T2V-Turbo-v2 [35], etc. Various temporal
alignment modules are modeled to ensure consistency across
video frames in [3, 10, 23, 57, 77, 84, 88].

Causality Discovery. Causal relations are natural in the real
world [37, 43, 69, 80, 85]. Based on the discussion on causal-
ity and grounding [86], causality prefers a time-different
grounding between the cause and effect elements. Recent
causal diffusion models mainly focus on the counterfac-
tual (what-if issue) estimation [33, 59] or contrastive causal-

! Causal-prone tokens mean that the selected tokens prefer better causal-
sensitive text-vision alignment than non-selected ones.

Table 1. Attribute comparison of available driver gaze datasets.

Datasets Years #Clips #Frames CoT-F S-C Sub.num TA R/S Cites
3DDS [5] 2011 - 18K in-labNOM 10 S 56
BDD-A [76] 2018 1,232 378K in-lab CR 45 R 181
DADA-2000 [15, 16]|2019 2,000 658K  in-lab Acc 20 R 244
DR(eye)VE [53] 2019 74 555K  realld NOM 8 R 342
DGAZE [13] 2020 20 100K  in-labNOM 20 R 21
TrafficGaze [12] 2020 16 75K in-lab NOM 28 R 117
MAAD [21] 2021 8 60K in-lab NOM 23 R 13
Eye-car [1] 2021 21 31.5K  in-lab Acc 20 R 60
PSAD [18] 2021 2,724 797K  in-lab Acc 6 R 10
RainyGaze [66] 2022 16 81K in-lab NOM 30 R 16
CoCAtt [61] 2022 - 88K in-labNOM 11 S 13
LBW [31] 2022 - 123K real-d NOM 28 R 27
DPoG [57] 2024 - 153K  real-d NOM 11 R 1
Drive-Gaze 2025 9,727 1.54 million in-lab Acc 10 v R -

CoT-F: collection form (in-lab or real driving (real-d)), S-C: scene categories
(NOM-normal, CR-critical, and Acc-accident), TA: text annotations, Sub.num:
subject number, ReS: frame resolution, R/S: real or synthetic videos. Cites:
Google citations up to Mar. 07, 2025.

relation discovery [30, 60], e.g., forward noising the causal
relations of latent variables step-by-step [49, 59]. Compared
to the domain-extraneous ways, considering driving scene
knowledge is preferred in this work.

Considering Driving Scene Knowledge. Video diffu-
sion in driving scenes has garnered widespread atten-
tion [20, 26, 41, 73, 79] for safe driving by frame or view
synthesis. The multi-view panoramic consistency within
captured videos, such as in DriverDreamer [70], DrivingDif-
fusion [38], Panacea [73], efc., involve the road topology
(e.g., bird’s eye view (BEV) [50, 54, 63]) and object loca-
tions to correlate the ego-scene relation in multi-view driving
video diffusion. Nonetheless, current video diffusion models
mainly encounter accident-free scenarios, while the knowl-
edge of on-road accident videos is commonly absent. Re-
cent works explore the accident video synthesis [17, 22, 34],
while they mainly focus on the text-to-video generation, and
do not explore the causality in video conditioned synthesis.

2.2. Driver Gaze Datasets for Driving Videos

Tab. 1 presents the attribute analysis for available driver gaze
datasets. Among them, BDD-A [76], DADA-2000 [15],
and DR(eye)VE [53] are the top-3 most popular ones for
critical, accident, and normal driving scenarios, respectively.
DR(eye)VE [53], LBW [31], and DPoG [31] collect the
gaze data in the real driving process. Most datasets focus
on normal driving scenes. DADA-2000 [15], Eye-car [1],
PSAD [18], and our Drive-Gaze concentrate on the driving
accident scenarios. Drive-Gaze is the largest driver gaze
dataset and owns the text description for accident reasons
and collision descriptions.

3. Drive-Gaze Dataset

The data source of Drive-Gaze stems from the recently re-
leased multimodal egocentric accident video dataset, i.e.,
MM-AU [17], which annotates the accident reason, collision
type, and accident prevention descriptions for 11,727 acci-
dent videos. We find that DADA-2000 [15] is MM-AU’s
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Figure 2. The training schema of Causal-VidSyn. It mainly includes three stages: The direct optimization of e’ with the forward time
order diffusion (Stage-0, omitted in this figure), where the pre-trained Stable Diffusion [58] is used for model initialization. The reciprocal
prompted frame diffusion (RPFD) in Stage-@® contrasts two diffusion pathways conditioned by reciprocal time order vision frames (V;&V;.)
and semantically reciprocal text prompt (Py& P,-). We take the 3D-Unet backbone [ 7] in the noise (ef &e™) representation learning at this
stage. State-@® injects causal-prone token selection blocks (CTS) and a causal token grounding (CTG) block respectively into the inner
layers and end layer of the 3D-Unet module to fulfill a causal-grounded video diffusion helped by accident reason (@) answering (A) and

gaze (G)-conditioned token selection modules.

subset, having the driver fixation data already. We collect
the diver gaze data for the remainder accident videos. We
have ten subjects (4 females and 6 males aged from 21 to 26
years old with over two years of driver’s licenses) to collect
the driver fixations on 1.54 million frames of 9,727 videos
(frame resolution: 1280 x 720) in three months. We use
the desk-mounted eye-tracker Tobii Pro Fusion (250 Hz) to
collect the driver fixations with well-calibrated eye vision.

» Annotation Details: To avoid the eye fatigue of each sub-
ject, we divide 9,727 videos into 83 long videos with about
10 minutes each. In addition, we group similar accident
types into one long video as much as possible to allow the
subject to accumulate experience for capturing the danger-
ous object better. Each subject can only annotate one long
video within one hour, and each long video is watched by all
subjects, where at least one hour is maintained for resting
the eyes for the next time watching. To obtain the gaze map,
similar to DADA-2000 [15], each frame’s final gaze map is
obtained using a Gaussian filter (50 x 50 pixel kernel) to
convolute all fixation points of subjects. To match the frame
rate, we accumulate the fixation points in 250Hz frames of
each subject to 30Hz frames.

pUtilization Ways: We take all frames in Drive-Gaze for
training use. Therefore, the video clips sampled in the dif-
fusion process have pair-wise driver gaze maps and video
frames. Additionally, Drive-Gaze can facilitate many ego-
centric traffic accident video understanding tasks, such as
driver attention prediction [9, 19]; cognitive driving accident
anticipation, like DRIVE [2] and CogTAA [36]; scanpath
prediction in accident reason answering, like [8], and other
gaze map involved accident video understanding tasks.

4. Methodology

The essence of Causal-VidSyn is to fulfill a causal-grounded
video content learning when providing certain accident-
related text descriptions. To begin with, we analyze the
video diffusion process in egocentric accident scenarios.
For an accident video clip V' coupling with an acci-
dent reason-collision description P, a noise representation
e~N(0,I) is leveraged for the video diffusion process.
The forward process q(z¢*|20) gradually adds e to 20
and generates the sequential-noisy latent vision variables
0 28+ (k: diffusion step index), where

2y, 252, ...,
k
z =\ Brzy + 1= Bre, e = [[ i, = 1= B, (1)
=1

By, is a parameterized schedule, and 20 is the pure video
embedding of V. The reverse process q(z,"~'|z%* ) recovers
20 by the following sampler step-by-step:

k) + ore, 2

ZEt = pe(zk,
K = L

er _ _ Bk R ek

- (s - S sath e, P))
and oy, is the noise variance at the k'” step (k is omitted in
following for simpilicity). Let’s denote V as the generated
clip by a trained video diffusion model ¢¢ conditioned by
{V,P,é}. The goal is to denoise the causal relations of
latent variables z; step-by-step from V' to V and identify
the causal-grounded (CG) latent vision representation z;,
z¢|ca, responding well to the counterfactual change of text
prompt P, optimized by the mean square loss (MSE):

where pg(z¢

'u 9

mine zc : Eeonro,1)ll€ — de(k, 28, P)]|3. 3)
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Manifestly, learning the causal entity within accident videos
(i.e., reasoning z; associated with P) for video diffusion
models is challenging because of the tiny and sudden change
of causal entities. Hence, as shown in Fig. 2, this work for-
mulates Causal-VidSyn as two progressive levels:

O Diffusion recipe level fulfills a contrastive forward and
backward time order frame diffusion conditioned by se-
mantically reciprocal text descriptions (abbrev., reciprocal
prompted frame diffusion), i.e., forward: accident reason
and collision prompt; backward: accident prevention ad-
vice prompt. This recipe prefers to enhance the causal scene
learning by global text-vision prompt intervention.
BAKnowledge level reforms the backbone (e.g., 3D-Unet)
to be causal-grounded in causal token learning explicitly
helped by accident reason answering head (ArA) and driver
gaze map fusion with local token intervention.

4.1. Reciprocal Prompted Frame Diffusion

Reciprocal prompted frame diffusion (RPFD) (stage-@®)is
inspired by the greater attractiveness of the context of the
critical scene or crash-prone objects than stable background
scenes in egocentric accident videos [15]. We leverage the
hypothesis [17] that the accident prevention text prompt
can coincide with the accident dissipation process reflected
by backward time order accident frames. Differently, we
argue that the backward-order diffusion can be treated as
creating a counterfactual intervention to forward text and
visual prompts, and the exogenous noise e helps the causal
scene associate reciprocal frame and text prompts.

With the reciprocal text and frame prompts, different
text prompts should activate different visual content mainly
associated with the causal entity in accident videos. Conse-
quently, we contrast noise representation learning as

Lst1 = Luse(er, éf) + Luse(er, é-) + ALlns(€y, €r),

L ér-ér “

cwsteren) =& (1= ey )

where €; and €, denote the reconstructed noise represen-
tation in contrastive two diffusion pathways with shared
weights. Lyg is the negative similarity loss (inverse co-
sine similarity) to contrastively enhance the different visual
content learning in RPFD conditioned by forward prompt
(V¢,Py) and backward prompt (V;.,P.). Lysg takes the form
of Eq. 3, and A\=0.2 is a hyperparameter to balance the losses.

4.2. Knowledge-Driven Causal Token Grounding

Reciprocal prompted frame diffusion (RPFD) aims to sup-
press the influence of scene background on the frame-level
diffusion recipe. To find the causal-entity reflected regions,
we further reform the diffusion backbone to be hierarchically
causal-grounded in the Stage-@.

As shown in Fig. 2 and Fig. 3, the multi-layer 3D-Unet
module in the diffusion model has multi-interleaved atten-
tion blocks, where we design CTS and CTG as flexible
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Figure 3. The details of Cross-Layer Causal-Prone Token Tran-
sition and ArA-Guided Causal Token Grounding in the 3D-Unet
backbone, where the CTG block is illustrated. When CTS and

CTG are removed in inference, 2% V=2"  marked by “--s".

blocks that can be plug-and-play injected in the inner layers
or the end layer of the 3D-Unet [17] structured by residual
block (ResB), spatial (SA), cross-modal (CA), and temporal
attention (TA) blocks. Concisely, we take CTS as a bridge to
fulfill cross-layer causal-prone token transition and involve
an ArA head at CTG block to fulfill ArA-guided causal
token grounding. Because of the sudden scene change in
egocentric accident videos, we introduce the driver gaze to
help the causal-prone token selection in CTS. Therefore, it
is worth mentioning that CTS and CTG blocks can be seen
as powerful guider to refine causal tokens layer-by-layer,
which are only used in the training phase and removed in the
inference stage.

Gating Allocation of Driver Gazes (Gated Fusion). As
illustrated in Fig. 3, each CTS receives the tokenized driver
gaze map z4, visual tokens z, of video frames V', and the

noisy vision representation zﬁ(l) from previous temporal at-
tention (TA) in each diffusion step, where [ indexes the inner
layer of 3D-Unet module. Vision tokens z,, are encoded by
a pre-trained frozen CLIP model [56]. Because of the sparse
distribution of driver fixations, driver gaze tokens z, are ob-
tained by only the position embedding (PE) layer in the same
CLIP model to avoid the zero-value issue in CLIP’s deep
layers. Here, the PE layer is fulfilled by a 2D convolution
(kernel size: 14 x 14). To avoid the influence of gaze bias in
the collection, we provide a gated fusion of z,4 and 2z, by

2/ = Gumbel-Softmax(Conv1Ds(cat(z,, z,))),

299 = 2, ® z{j“, '® —element multiplication,

&)
where Conv1Ds(.) denotes two layers of 1D-convolution
with relu operation for reducing the token channel dimension
after concatenation (i.e., cat(,.,)) of vision and gaze tokens.
Gumbel-Softmax(.) ensures the values of z{f “ at each token
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dimension summing to 1 for gated token selection [29].

Causal-Prone Token Selection (CTS) and Transition.
In Stage-®, the noisy vision representation z¢ passes through
multiple layers of the 3D-Unet module interleaved with SA,
TA, and CA blocks. Therefore, reasoning the causal tokens
z¢ in z¢ from the deep layer structure of 3D-Unet module is
challenging. Hence, CTS blocks can be vividly understood
as pulling out the causal tokens to be grounded layer by layer,
where gaze maps are adopted to strengthen the pulling force
by gated allocation.

Cross-Layer Token Sampling Adaptor: As shown in
Fig. 3, we inject CTS block after each TA layer, helped
by the temporal token transition ability. Assume the noisy vi-
sion representation outputted by the temporal attention (TA)
layer is zf,(l) at the [*" (I = 1,2, ..., L) inner layer of the 3D-
Unet module, which is firstly processed through a sampling
adaptor for resizing it to adapt to the cross-layer Unet-scale
change and match the CLIP output dimension [56] adopted
in gated fusion zJ%‘¢, achieved by a bilinear interpolation
(BintP) and a Conv2D (1 x 1) operation as

260 = conv2D(BintP(21)), r FO = 750 g z9%te (6)

where ﬁsp(l) is the element addition @ of 25‘([) and zﬁ‘”e.

Causal-Prone Token Selection: We compute the to-
ken importance score encoded from each video frame
by softmax(MLP(ﬁgP(l))) with multilayers of perceptrons
(MLP) and select tokens with top-d scores, where we set d
empirically as a quarter of tokens within the single frame
as the casual-prone tokens iﬁ(l) based on the long-tailed re-
gion distribution of causal objects and won’t miss too many
causal tokens (Here we omit the frame index for simplicity).
The remaining ones are treated as the background tokens
20 The combination /%Y of 2V and 2°® is fed into
the ResB block in the next 3D-Unet block (I<L). If we en-

counter the L' layer, zE(L) is grounded by the following
ArA head.

ArA-Guided Causal Token Grounding (CTG). ArA-
guided causal token grounding leverages the insight of the
VideoQA task [4, 7, 46], while differently we design CTG
block in token-level grounding and prefer an ArA-guided
video diffusion. The answers are multi-choice with the ac-
curate one [R;], and four disturbing ones [Rz, R3, R4, R5]
corresponding to the egocentric accident video clip [V'].

e(L)

As illustrated in Fig. 3, if we receive z, ", it also in-

volves the gate-conditioned CTS block and obtains zH)

and 259, Differently, we take a token intervention on W)

as '%ZE;L&;) by randomly masking a quarter of tokens to noise.
With these token representations, the same cross-modal at-
tention (CA) in 3D-Unet is adopted to classify the causal
tokens and background tokens aligned by the text tokens of
the accurate reason-question pair (z1,2z¢) and disturbing

. . . Ra(x
accident reason-question token pairs (z, ““7", zg).

We employ cross-entropy loss (XE) [39, 40] for the causal
and background token classification. Notably, the XE for
background tokens follows a uniform distribution Z/(0, 1)
over all irrelevant answer candidates. The distribution dif-
ference between the intervened tokens ég(fl) and 2{‘,(“ is
measured by the Kullback-Leibler Divergence (KLD) [40].
Thus, the loss function of ArA grounding is

Lo = L + Lo + L0 7)

and £ = KLD(CA(zF |20, zq), CA(= |24 2q)).

4.3. Training and Inference

»Training Recipe: Stage-0, Stage-@®, and Stage-@ are pro-
gressively trained, and we use the same MSE loss in Eq.
3 for noise representation learning. In Stage-0, only the
forward time order video diffusion (i.e., only with ef) is
conducted on the 3D-Unet backbone and trained for 10,000
training steps. Stage-@ re-loads the pre-trained parameters in
Stage-0, and fine-tunes the 3D-Unet module with contrastive
noise learning (i.e., ef and e”) by 10,000 steps, and then
the trained parameters are reloaded in Stage-® and further
trained 10,000 steps after adding CTS and CTG modules.
In Stage-®, the total loss involved the ArA head is:

Lsta = Luse(e’, e7) + L, ®)

where e/ ~ N(0, I) is randomly re-initialized and v=0.3
balances the weight of two terms.

MInference: We provide the video-to-video (V2V) and text-
to-video (T2V) synthesizing choices. Notably, CTS and
CTG blocks are plug-and-play, which are removed in the
inference stage, i.e., once two levels of fine-tuning @ and
@ are completed, the ArA head and driver gaze maps are
removed. In the V2V mode, we can implement accident
content editing and normal-to-accident video diffusion con-
ditioned by the video clip input (V') and text prompt (P).
T2V mode starts from an initial random noise and generates
the expected video frames conditioned by the text prompt
(P). In the reverse diffusion process, we adopt the common
DDIM scheduler [62] to decode the video frames.

5. Experiments
5.1. Tasks and Datasets

We extensively evaluate the performance by three promis-
ing video generation tasks in testing: 1) normal-to-accident
video diffusion (N2A), 2) accident video content editing
(AEdit), and 3) text-to-accident video generation (T2V). Be-
cause the accident commonly appears suddenly with a very
short time window [17], we generate 16 frames to show the
near-crash to crashing (NC-2-C) process concisely.

PN2A is a first-launched task in this field, which can be used
to create labels for the detection of crash-prone objects and
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Figure 4. Sample visualizations of N2A task by Latte* [48], Latte-T [48], CogV-X* [82], CogV-X-T [82], MotionClone [42], A-OAVD [17],

LAMP [75], and our Causal-VidSyn (Best viewed in zoom mode).

accident anticipation on accident-free AV testing platforms,
e.g., nuScenes [0] and accelerate self-driving car testing.
This work chooses a safety-critical dataset BDD-A [76] to
evaluate whether the critical scene context is aligned with
the accident-related texts. We sample the end 16 frames (ap-
pearing critical objects) of 2,000 videos as visual prompts.
PAEdit task checks the causal-sensitivity by tiny text
changes (e.g., “pedestrian"— “cyclist") reflecting the causal-
entities. In this task, the background scenes are preferred
to be unchanged. In this task, we adopt the DADA-2000
dataset [16], which also provides the driver fixations for
checking whether the noticed objects aligned with text
prompts are edited. We sample 3,000 clips in DADA-2000
from the NC-2-C frame windows in inference.

PT2V is well-known and we generate 500 clips conditioned
by accident reason-collision text prompts in DADA-2000.
»Training Dataset. We sample 6,492 clips from the NC-2-
C windows in 9,727 accident videos of MM-AU [17] with
pair-wise accident reason-collision and prevention text de-
scriptions, randomly sampled from the near-crash to crashing
frame windows to maintain diversity.

5.2. Implementation Details

All the experiments of Causal-VidSyn and other Unet-
based diffusion models are conducted using two NVIDIA
RTX3090 GPUs with each 22GB RAM. The frame resolu-
tion is 224 x224. The learning rate of each stage is le — 5
using the Adam solver with 5,=0.9 and 55,=0.999. We also
involve Diffusion Transformer (DiT)-based methods for com-
parison. Because of the large frame resolution (CogVideoX-
2B (CogV-X) [82]: 720x480; Latte [48]: 512x512) in diffu-
sion, they are trained on one NVIDIA A800 GPU with 80GB
RAM. The number of diffusion steps k in each stage is set to
1,000. The batch size for training Causal-VidSyn is 2, and
the layers L of the 3D-Unet module is 12 with a symmetric
structure.

IN2A (BDD-A [76] (2000))] T2V (500)
Methods }CLIPST FVD] TempCT %CLIPSTTempCT%BaCkbone
T2V-zero [32]cvpr2023 26.0 11754.8 0.992 248 0929 | Unet
Free-bloom [28]Neurips2024 25.1 8280.1 0.990 22.1 0.841 Unet
CoVideo [87]ICLR2024 242 9906.1 0.930 - - Unet
Latte™ [48]arxiv2024 25.8 11066.2 0.993 228 0977 DiT
CogV-X* [82]icLr2025 25.6 9075.6 0.992 26.0 0.994 DiT
MotionClone [42]1cLRr2025 249 115549 0.994 - - Unet
TAV [74]iceva023 24.1 93053 0.902 23.5 0.820 | Unet
A-OAVD [17]cvpr2024 25.8 63789 0.992 26.5 0977 | Unet
LAMP [75]cvpr2024 254 6208.2 0.991 - - Unet
Latte-T [48]arxiv2024 253 11196.6 0.993 256 0977 DiT
CogV-X-T [82]icLr2025 24.6 10094.0 0.993 253 0.981 DiT
AVD?2 [34]icrA2025 - - - 273 0976 DiT
w/o [G+CTS&CTG+RPFD]| 25.8 63789 0.992 26.5 0976 | Unet
w/o [G+CTS&CTG] 25.0 72255 0.997 264 0949 | Unet
w/o [G] 26.0 62493 0.992 274 0945 Unet
Causal-VidSyn [Full Train] | 26.5 6192.3 0.994 27.5 0944 Unet

The numbers in the brackets denote the sample scale in inference.

Table 2. Performance on N2A and T2V tasks (bold font: the best).

PMetrics. Following the popular models [68, 82], we evalu-
ate the frame quality by Fréchet video distance (FVD [67]),
causal-sensitivity by clip score (CLIP,) [17, 78], frame con-
tent consistency by temporal consistency (TempC [55]).
»Competitors. In comparison, we choose many SOTA
video diffusion models because of their training efficiency
and their ability to generate high-quality videos. They are
divided as training-free methods, i.e., ControlVideo (Ab-
brev., CoVideo) [87], T2V-zero [32], Free-bloom [28],
Latte* [48], CogVideoX*(Abbrev., CogV-X*) [82], and Mo-
tionClone [42], and training methods including Tune-A-
Video (Abbrev., TAV) [74], Abductive-OAVD (Abbrev., A-
OAVD) [17], LAMP [75] and the trained version of Latte-T
and CogVideoX-T (abbrev., CogV-X-T). The training-free
ones solely leverage their pre-trained models and directly
infer the generation, and the training ones are fine-tuned
10,000 training steps with their official setting for involving
more egocentric accident knowledge for fair comparison, via
the forward time order frame diffusion by the same training
set as our Causal-VidSyn. Besides, we further involve a new
work, AVD2 [34], targeting accident video synthesis (trained
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AEdit (DADA [16] (3000))

Methods [CLIP. T FVDL  TempCT _ AFT (%)
TAV [T liccvaon 38 10062 0909 :
Latte-T [48 Lasmiva02¢ 282 123773 0945 -
COgV—X-T[ ]ICLRZUZS 253 11420.5 0.945 -
A-OAVD [17] cypraoss 269 53582 0.947 494
LAMP [75]cveraon 261 61916 0971 347
Wlo [G+CTS&CTG+RPED] | 269 53588 0947 71
wio [G+CTS&CTG] 286 63748 0942 503
wlo [G] 286 53682 0939 50.4
Causal-VidSyn [Full Train] | 287 53529  0.940 554

Table 3. The video generation performance of SOTA video diffu-
sion models on the AEdit task ( bold font: the best).

G T
GroundDINO
Text Prompt: a car

Generated frame

Figure 5. Afd is the ratio of IOU(, ) > 0 of all checks. IOU: the
intersection over union of two bounding boxes.

by MM-AU dataset [

5.3. Main Results on N2A and T2A Tasks

PN2A Task. In this task, A-OAVD [17], CogV-X* [82], and
our Causal-VidSyn are top three solutions showing better
text-vision alignment than others, as shown in Tab. 2. We
also visualize the generated frames in Fig. 4, and we can see
that only our Causal-VidSyn can generate the critical cyclist
while maintaining the frame style (the 15! example in Fig. 4).
In addition, our Causal-VidSyn can generate an expected col-
lision while maintaining the background reflected in the 2"¢
sample of Fig. 4. State-of-the-art methods, i.e., Latte® [48],
CogV-X* [82], and MotionClone [42] generate clear frames
with active response, while the frame background is not
maintained with irrelevant object styles. After involving
more accident knowledge in CogV-X-T (CogV-X*—CogV-
X-T), it generates artifacts mainly because more accident
knowledge is required for fitting its large-scale DiT-based
parameters. Notably, the objects in the generated frames of
CogV-X*, Latte-T, and MotionClone are very large (named
as large object issue), which causes large but unreasonable
CLIP, values.

PT2V Task. Because there is no video frame reference, the
T2V task here is to evaluate the ability for semantic align-
ment in text-to-video generation, and the quantitative results
are focused here. From Tab. 2, our Causal-VidSyn is the best
for semantic alignment, and CogV-X* generates the best
temporal consistency while the CLIP, value has a large gap
to our model. Qualitative visualizations on the T2V task are
shown in the supplementary file.

5.4. Main Results on AEdit Task

To measure the portions of cases where the expected objects
are identified and edited in the video frames (causal-entity
reflected), we introduce a new metric, affordance (Afd), that
stems from Add-it image editor [64]. We present Fig. 5 to

]) in T2V evaluation.

Text Prompt: The ego-car drives too fast and the braking distance is short, resulting in
that the ego-car hits a crossing cyclist (cyclist — car).

”m

A-OAVD

Visual Prompt Gaze Map Causal-VidSyn

Figure 6. We visualize AEdit results of one crossing situation by
LAMP [75], A-OAVD [17], and our Causal-VidSyn.

display the computing way of Afd. Notably, we follow [64]
and adopt the GroundDINO [45] to fulfill the text-guided
object detection, while we utilize the gazed regions instead
of the object bounding boxes to match a human-preferable
causal-entity editing checking based on the positive percep-
tion of critical objects by human attention [15, 44].

Based on the comparison in the N2A task, we can see that
only LAMP, A-OAVD, and our Causal-VidSyn can maintain
the frame style and the background scene context. Although
Latte-T generates a high CLIP, (28.2) in the AEdit task, it
is mainly caused by the large object issue, as shown by the
results in Tab. 3. In this task, we visualize one example of
DADA-2000 in Fig. 6, where we change the “cyclist” to

“car” in the text prompt and display the driver gaze maps to

show the attentive objects. We can see that A-OAVD and our
model show active response while the car shape is clearer in
Causal-VidSyn. LAMP [75] with a motion-consistency con-
straint can maintain the background style while it generates
distorted and blurred content. From the Afd scores in Tab. 3,
our Causal-VidSyn can identify the fixed and crash-prone
objects better and show stronger causal-sensitive object edit-
ing ability than LAMP and A-OAVD.

5.5. Diagnostic Experiments

PRoles of RPFD (Eq. 4), CTS, CTG, and Gaze Maps. We
evaluate different causal-aware modules in Stage-@® and @.
We gradually dismantle the gaze maps (G), CTS&CTG, and
RPFD in the fine-tuning phase and re-train the model with
the same training dataset. Tab. 2 and Tab. 3 show the ablation
results for N2A-T2V tasks and the AEdit task, respectively.
From these results, all components are positive and RPFD
seems to play a significant role in the AEdit task claimed
by the increase of CLIP, value. Removing CTS&CTG dis-
plays a significant degradation. The N2A sample (creating a
“crossing cyclist") in Fig. 7 further verifies the positive role
of CTS&CTG. Gaze maps can localize the critical objects,
but the accident causes can better explain their behaviors.

»Portability of CTS&CTG. We also graft the causal-aware
modules to fine-tune three other SOTA methods, i.e., Unet-
based TAV, DiT-based Latte, and CogV-X. TAV follows the
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Text Prompt: Ego-car’s vision is blocked, resulting in that the ego-car hits a crossing cyclist.

AEdit T2V
Methods CLIP.T FVD] [CLIP.T Tun.-Params
TAV [74] (Unet) 23.8 10076.2] 23.5 -
+RPFD 257 8701.4| 23.7 |0.24B (26%)

+RPED+CTS(-G) &CTG| 27.5 8694.3| 24.6 |0.24B (26%)

|Ours +RPFD (Eq. 4: e/+-e”)| Ours+ RPFD +CTS+CTG| Ours+RPFD+CTS+CTG+G
+RPFD+CTS(+G) &CTG| 27.9 8567.5| 25.4 |0.24B (26%)

Visual Prompt ‘ Ours+e/

Text Prompt: A pedestrian (pedestrian — motorcycle driver) does not notice the coming vehicles when crossing the

street, resulting in that the ego-car hit the crossing pedestrian (pedestrian — motorcycle driver). Latte-T [48] (DiT) 28.2 123773 25.6 -
- [ WD : +CTS(+G) &CTG 28.5 11316.9 26.3 (1.06B(100%)

ANUTL | e W CogV-X-T [32] (DIiD) 253 114205 253 -
+CTS(+G) &CTG 28.2 10892.9 29.2 (0.05B (2.9%)

Tun.-Params: fine-tuned parameters (rate%).
CogV-X-T (¢/) Table 4. The diagnostic evaluation of TAV [74], Latte-

Figure 7. Visualizations of one N2A example and an AEdit sample with the ablation T [48], and CogV-X-T [82] on AEdit and T2V tasks,
checking of Causal-VidSyn and CogV-X-T [82]. with the fine-tuning by different causal-aware modules.

CogV-X-T+CTS+CTG+G

Visual Prompt Gaze Map

‘ N2A (BDD-A(2000)) [ AEdit (DADA (3000))

Methods [ CLIP,f __FVD] | CLIP,f FVD] _Afdf
A-OAVD [17] 25.8 6378.9 26.9 5358.2 49.4
Causal-VidSyn [Full Train] 26.5 6192.3 28.7 5352.9 554
Downscale Layers w/o CTS 26.2 6449.6 28.3 5476.4 49.9
Upscale Layers w/o CTS 26.3 6408.9 28.3 5449.4 549
with only CTG 26.0 6512.9 26.9 5507.8 50.2

Table 5. The ablation studies by our Causal-VidSyn ,w.rt., different
injection layers of CTS on the 3D-Unet module.

same fine-tuning stages of Causal-VidSyn. For DiT-based
ones, because they do not have ResB block and the Unet-
scale change, the CTS block is taken as an extra bridge
between previous TA and next SA block, and the CTG block
is also attached at the end of DiT structure (see more details
in the supplement). Then, Latte-T and CogV-T are further
fine-tuned with 20,000 steps. We gradually add each module
and check the performance gains. Tab. 4 demonstrates the
effectiveness of the CTS&CTG clearly, especially for the
AEdit task by CogV-X-T (CLIP; +2.9). Notably, although
CogV-T generates artifacts as analyzed in Fig. 4, CTS&CTG
can fine-tune it to recover the content structure clearly, as
shown by the AEdit example in Fig. 7.

PRoles of Different Injection Layers of CTS. As afore-
mentioned, CTS and CTG can be understood as pulling out
the causal tokens to be grounded layer by layer. Therefore,
we offer more analysis for which part of the layers in the
3D-Unet module is dominant for selecting the causal tokens.
We remove the CTS blocks from the downscale layers and
upscale layers in the training phase, respectively. They are
named as “Downscale Layers w/o CTS” and “Upscale Lay-
ers w/o CTS”. In addition, we also maintain the final CTG
only and remove all CTS blocks in the inner 3D-Unet layers.
From Tab. 5, we can observe that removing CTS in down-
scale layers has more degree of performance degradation,
which indicates that the CTS is more important in the down-
scale layers than upscale layers. This observation verifies:
deeper is better for inserting the CTS key.

PFine-Grained Causal-Entity Editing. We present Fig. 8
for the analysis of the fine-grained causal-entity editing with
the same ablation versions of Causal-VidSyn in Tab. 2 and
Tab. 3. From the statistics, it is clear that the driver gaze helps
find causal-entity reflected by the sudden decreases of CLIP,
scores when removing driver gaze assistance. In addition,

B w/o [G+CTS&CTG+RPFD]
28.5 63

]
58
27.5 53
= RO
! . :

265
P2V V2P V2M V2C V2T M2V P2V V2P V2M V2C V2T M2V
(a) CLIPs (b) Afd

w/o [G+CTS&CTG] w/o [G BFull Train

N

Figure 8. The CLIP, and Afd values of Causal-VidSyn, w.rt.,
fine-grained causal-entity editing from “pedestrian” to “vehicle”
(P2V), “vehicle” to “pedestrian” (V2P), “vehicle” to “motorcy-
cle/motorbike” (V2M), “vehicle" to “cyclist” (V2C), “vehicle to
“truck” (V2T), and “motorcycle/motorbike” to “vehicle” (M2V).

for the “vehicle” to “truck” (V2T) group, the Afd values are
larger than other groups, which is mainly caused by the large
scale of the truck and can easily obtain a large IOU score
(Fig. 5). Additionally, the CLIP, values show inconsistent
gain when removing different causal-aware modules on dif-
ferent groups. We think that this is caused by the text-vision
semantic alignment contributed by the unmatched behav-
iors (not changed) of newly converted object types (different
objects with distinct motion patterns). However, compared
with the [Full Train] version, the causal-aware modules are
positive for Causal-VidSyn.

6. Conclusions

This work presents a new egocentric traffic accident video
diffusion model Causal-VidSyn, which enables the causal
grounding in video diffusion via leveraging the cause de-
scriptions and driver fixations to identify the accident partici-
pants and behaviors facilitated by accident reason answering
and gaze-conditioned token selection modules (CTS&CTG).
The extensive experiments and analysis show the designed
CTS&CTG are plug-and-play with clear effectiveness and
portability and make Causal-VidSyn with better frame qual-
ity and causal-sensitivity for N2A, AEdit, and T2V tasks.
In the future, we will investigate video diffusion for other
accident understanding tasks, such as accident anticipation.
Acknowledgment: This work is supported by NSFC
(W2411052 and 62273057), and the Outstanding Youth
Foundation of Shaanxi Province (2025JC-JCQN-092).
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