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Abstract

Traffic Anomaly Understanding (TAU) is essential for im-
proving public safety and transportation efficiency by en-
abling timely detection and response to incidents. Beyond
existing methods, which rely largely on visual data, we pro-
pose to consider audio cues, a valuable source that of-
fers strong hints to anomaly scenarios such as crashes and
honking. Our contributions are twofold. First, we compile
AV-TAU, the first large-scale audio-visual dataset for TAU,
providing 29,865 traffic anomaly videos and 149,325 Q&A
pairs, while supporting five essential TAU tasks. Second,
we develop EchoTraffic, a multimodal LLM that integrates
audio and visual data for TAU, through our audio-insight
frame selector and dynamic connector to effectively extract
crucial audio cues for anomaly understanding with a two-
phase training framework. Experimental results on AV-TAU
manifest that EchoTraffic sets a new SOTA performance in
TAU, outperforming the existing multimodal LLMs. Our
contributions, including AV-TAU and EchoTraffic, pave a
new direction for multimodal TAU.

1. Introduction

Traffic Anomaly Understanding (TAU) is receiving increas-
ing attention, given the practical need of detecting, analyz-
ing, and responding to traffic anomalies such as accidents.
Powered by large language models, the goal of TAU is not
only to recognize relevant entities but also to understand the
underlying causes and produce timely responses. Access to
these information is critical for alerting emergency services,
lifesaving, reducing damage, enhancing public safety, and
improving transportation efficiency [58, 68].

At present, current methods [10, 19, 44, 46, 47, 49, 54]
focus largely on detecting anomalies in traffic scenarios, of-
ten neglecting the underlying causes. Leveraging large lan-
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Description: No, the video
shows a car driving down a
highway at night with its
headlights on, capturing the
normal traffic flow.

Description: The dashcam
footage captures the ego
vehicle being rear-ended by
a white SUV at night. You can
clearly hear the

(b) Existing TAU method and a loud collision sound.

& Causation: The white SUV attempts an illegal overtake in the
lane, leaving insufficient space for the car to avoid a sideswipe.

Time Window: The start and end times of the abnormal event
in the video are [3.7s, 7.2s].

Prevention: To avoid this accident, drivers should maintain safe
distance, use clear signals, avoid risky overtakes in tight spaces,
and moderate speed for safe reaction time.

Response: Do not rush to move vehicles. Turn on hazard lights
of the white SUV and the video car and take photos of vehicle
positions and damage as evidence for liability. Then, move
vehicles to a safe area to avoid traffic obstruction.

(c) Our EchoTraffic framework

Figure 1. Comparing traffic anomaly understanding in a challeng-
ing scenario with limited visual cues. (b) Holmes-VAD [67], a
very recent approach, still falls short of identifying the out-of-view
anomaly. (c) Our EchoTraffic can provide a comprehensive under-
standing by simultaneously considering audio and visual signals.

guage models, recent methods [8, 50, 67] are able to ex-
tend beyond detection to contextual understanding of gen-
eral anomaly events. Yet, the existing methods remain lim-
ited to visual inputs, overlooking audio, which is a readily
accessible but crucial modality for TAU. In real-world situ-
ations, traffic anomalies usually involve audio cues such as
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crashes, braking, or honking, which occur largely beyond

the camera’s field of view, as depicted in Fig. 1 (a). With-

out audio data, it is hard to fully capture and interpret the
anomaly events, limiting our ability to recognize and ana-

lyze the anomaly effectively, as shown in Fig. 1 (b).

Also, detailed textual annotations are crucial for obtain-
ing accurate reasoning and appropriate responses to traffic
anomalies. Yet, as Table | shows, existing datasets for TAU
largely lack audio information and comprehensive textual
annotations. Importantly, “how to effectively leverage and
integrate audio and visual signals in a deep model for traffic
anomaly understanding” remains an unsolved challenge.

In this work, we first present AV-TAU, the first dataset
compiled for Audio-Visual Traffic Anomaly Understand-
ing. AV-TAU provides 29,865 real-world traffic anomaly
videos with audio-visual insights and comprehensive anno-
tations in the form of 149,325 Question & Answer (Q&A)
pairs across five key TAU tasks, illustrated in Fig. 1 (c): (i)
identifying and describing anomalies through multimodal
data, (ii) explaining the underlying causes, (iii) pinpoint-
ing the time windows of anomalies, (iv) recommending ef-
fective prevention strategies, and (v) providing suitable re-
sponse solutions. To our knowledge, AV-TAU is the largest
TAU dataset and the first that incorporates audio data.

Second, we develop EchoTraffic, a multimodal large
language model, specifically designed for understanding
and interpreting traffic anomalies. EchoTraffic encom-
passes several key innovations: an audio-insight frame se-
lector to identify critical frames based on audio cues, spe-
cialized visual and audio encoders to capture essential fea-
tures, and an audio-visual dynamic connector to adaptively
fuse these features for a balanced representation. The fused
multimodal output is then processed by a large language
model decoder, enabling EchoTraffic to generate natural
language descriptions of the detected anomalies.

We train EchoTraffic in two phases: first to align the
visual, auditory, and language modalities using the large-
scale InternVid-10M dataset [56], then to instruction-tune
the model on our AV-TAU dataset to enhance its adaptabil-
ity and accuracy on anomaly understanding in diverse traffic
scenarios. Compared to other baseline models, EchoTraf-
fic achieves state-of-the-art (SOTA) performance consis-
tently for both traditional and GPT [1] evaluated metrics,
underscoring its exceptional capability in traffic anomaly
understanding. Further, experimental results also confirm
the effectiveness of incorporating audio-visual information,
which significantly boosts the performance beyond visual
modality alone. Below, we summarize our contributions:

* We formulate AV-TAU, the first large-scale audio-visual
traffic anomaly dataset, comprising 29,865 videos and
149,325 Q&A pairs to support traffic anomaly under-
standing through both visual and auditory cues.

* We develop EchoTraffic, a multi-modal large language

model, integrating audio-visual insights for advanced
traffic anomaly understanding in various traffic scenarios.
* Experimental results show that EchoTraffic sets a new
SOTA performance in traffic anomaly understanding
tasks, paving a new direction on multimodal TAU. Our
dataset and code are publicly available at https: //
github.com/HarryHsing/EchoTraffic.

2. Related Work
2.1. Traffic Anomaly Datasets

Traditional traffic anomaly datasets focus on detecting and
locating accidents by finding relevant time frames. Dash-
cam datasets from vehicle-mounted cameras, like DAD [5],
A3D [61], and CCD [3], capture accident-related frames,
with CCD further categorizing accident causes. Extend-
ing A3D, DoTA [62] provides detailed category labels
and supports unsupervised detection, while DADA2000 [9]
assesses driver attention during incidents, and ROL [25]
aids early risk detection. ADV [30] and TRA [37] offer
video-level labels without specific incident details. Surveil-
lance datasets, though less common, offer broader views
from fixed cameras, as in CADP [48], TAD-2 [59], and
TADS [4]. Hybrid datasets [41, 58, 64] combine dash-
cam and surveillance footages for anomaly analysis. Syn-
thetic datasets [2, 27, 39, 54, 55] supplement real data,
though bridging the gap to real scenes remains challeng-
ing [11, 12]. Overall, existing datasets lack detailed text
annotations, which are crucial for causal reasoning in TAU.

The rise of Multi-modal Large Language Models has led
to new general video anomaly datasets [8, 50, 67] enriched
with text descriptions, though traffic-specific datasets re-
main limited. While some traffic anticipation datasets [22,
26, 29, 42] include text annotations, they focus mainly on
near-miss incidents rather than actual accidents. SUTD-
TrafficQA [58] stands out as the first large-scale dataset
for TAU, providing accident reasoning and prevention in-
sights through a Q&A format. MM-AU [12] further ad-
vances TAU research with text annotations.

Our dataset advances traffic anomaly research by inte-
grating audio with visual data for richer insights. As the
largest dataset to date, it includes the most video samples,
Q&A pairs, and unique response annotations, bridging de-
tection and practical response strategies. Table 1 provides a
detailed comparison of traffic anomaly datasets.

2.2. Traffic Anomaly Understanding Methods

TAU seeks to detect unexpected events and analyze their
causes in traffic scenarios using video data. However, prior
methods [10, 19, 44, 46, 47, 49, 54] have focused mainly
on detection, often neglecting the description and causal
analysis of anomalies. Recently, researchers have devel-
oped MLLM:s for enhanced anomaly understanding [8, 34,
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Table 1. Comparing datasets for traffic anomaly detection and understanding. Note that existing datasets differ in the number of clips,
frames, audio availability, temporal annotations, anomaly categories, Q&A pairs, and observation views. Observation views include
Dashcam (car-mounted cameras), Surveillance (fixed, static cameras), and Camera (handheld devices). Our AV-TAU dataset provides the
largest number of clips, frames, and Q&A pairs, along with annotated audio information across multiple observation views.

. . Temporal | Anomal . Observation .

Datasets ‘ Years | Clips | Frames | Audio Annolt)a tion | Ca tegorii " Q&A Pairs View Real/Synthetic
DAD [5] 2016 | 1,750 | 175K - v v - Dashcam Real
CADP [48] 2018 | 1,416 | 518K - v v - Surveillance Real
A3D [61] 2019 | 3,757 | 208K - v v - Dashcam Real
GTACrash [27] 2019 | 7,720 | 154K - v - - Dashcam Synthetic
VIENAZ [2] 2019 | 15,000 | 2.25M - v - - Dashcam Synthetic
DVAD [23] 2019 60 10K - - - - Dashcam Real
Drive-Anomaly106 [73] | 2019 | 106 11K - v v - Dashcam Real
RetroTrucks [20] 2020 | 474 36K - - - - Dashcam Real
ADV [30] 2020 | 100 10K - - v - Dashcam Real
CTA [64] 2020 | 1,935 - - v v - Dashcam, Surveillance Real
TaskFix [24] 2021 - 1K - - - - Surveillance Real
DADA-2000 [9] 2021 | 2,000 | 658K - v v - Dashcam Real
DADA-seg [69] 2021 313 12K - v - - Dashcam Real
TAD-1 [41] 2021 500 540K - - v - Dashcam, Surveillance Real
CCD [3] 2021 | 1,381 75K - v - - Dashcam Real
SUTD-TrafficQA [58] 2021 | 10,080 | 1.90M - - - 62,535 Dashcam, Surveillance Real
YouTubeCrash [28] 2021 122 2K - v - - Dashcam Real
USDC [63] 2022 | 180 43K - v - - Dashcam Real
Traffics [15] 2022 29 5K - v v - Surveillance Real
MP-RAD [54] 2022 | 2,000 | 366K - v - - Surveillance Synthetic
TRA [37] 2022 | 560 43K - v v - Dashcam Real
DoTA [62] 2022 | 5,586 | 732K - v v - Dashcam Real
TAD-2 [59] 2022 333 298K - v v - Surveillance Real
DeepAccident [55] 2023 - 57K - v v - Dashcam Synthetic
ROL [25] 2023 | 1,000 | 100K - v - - Dashcam Real
CTAD [39] 2023 | 1,100 | 792K - v - - Surveillance Synthetic
TADS [4] 2024 | 966 259K - v v - Surveillance Real
MM-AU [12] 2024 | 11,727 | 2.19M - v v 58,650 Dashcam Real
AV-TAU (Ours) 2024 | 29,865 | 3.16M v v v 149,325 | Dashcam, Surveillance, Camera Real

40, 50, 60, 65, 67, 72]. For example, Zanella et al. [65]
present LAVAD, a language-based training-free approach
using LLMs to interpret scene descriptions, while Zhang
et al. [67] introduce Holmes-VAD by fine-tuning MLLMs
with LoRA [21] for enhanced detection. Tang et al. [50] de-
velop HAWK, which incorporates motion data to improve
video anomaly understanding with MLLMs.

These existing methods, however, overlook audio, which
is critical for understanding various anomalies detectable
only through auditory cues [14]. To this end, we develop
EchoTraffic to integrate visual and auditory data to enhance
the understanding of traffic anomalies in videos.

3. AV-TAU Dataset

We build AV-TAU, the first large-scale Audio-Visual dataset
specifically designed to enhance Traffic Anomaly Un-
derstanding (TAU). Altogether, AV-TAU provides 29,865
anomalous traffic videos and 149,325 targeted Q& A pairs.
To our best knowledge, AV-TAU stands as the largest
dataset for TAU, uniquely integrating audio and visual data
and setting a new benchmark for multimodal TAU.

3.1. Task Formulation

To comprehensively tackle the TAU task, we define five key
subtasks to identify, analyze, and respond to traffic anoma-

lies. Each subtask is detailed below.

(i) What - Multimodal Understanding. It assesses the
model’s ability to interpret both visual and audio informa-
tion, aiming to accurately describe anomalies, identify in-
volved objects, analyze the environment, and detect sounds
such as collisions or honking. It evaluates the model’s com-
prehensive, multimodal perception of traffic anomalies.

(ii) Why - Causal Inference. This subtask challenges the
model to analyze and infer the causes of traffic anomalies,
testing its ability to integrate audio-visual information for
effective causal reasoning about anomaly origins.

(iii) When - Anomaly Timing. This subtask requests the
model to identify the start and end points of the anomalies
in traffic videos, calling for the model’s abilities on fine-
grained detection and temporal perception.

(iv) How - Prevention Strategy. This subtask prompts
the model to propose preventive strategies for the detected
anomalies, challenging it to perform reasoning and predic-
tive analysis to suggest practical safety measures.

(v) How - Event Response. This subtask assesses the
model’s ability to formulate appropriate responses to the de-
tected anomalies, requiring advanced reasoning to suggest
suitable actions and interventions for specific traffic events.
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Figure 2. Statistics of the AV-TAU dataset. (a) shows various
anomaly reasons, (b) shows video length distributions, and (c)
shows the proportion of anomalous time windows.

3.2. Dataset Construction and Statistics

To create a high-quality resource for TAU research, we im-
plement a rigorous, multi-stage dataset construction pro-
cess, employing 65 trained annotators to ensure thorough
coverage, accurate annotation, and validation at each stage.

Data Collection and Filtering. We sourced videos from
various online platforms (YouTube, Bilibili, Twitter, Ten-
cent, etc.) using targeted textual queries to obtain a broad
spectrum of traffic anomalies (see keywords in Fig. 2 (a)).
Annotators then manually filtered this initial collection, re-
taining only videos that clearly depict traffic anomalies with
relevant audio, leading to a focused and informative dataset.

Annotation Quality Control. Each video was meticu-
lously trimmed to capture the causes and consequences of
anomalies, with annotators creating text-based answers for
the five key tasks (see Fig. 1 (c)) to form Q&A pairs. Also, a
cross-validation process is conducted for consistency: each
set of labels was independently reviewed by three annota-
tors, with any discrepancies resolved by the authors.

Dataset Statistics. AV-TAU provides 29,865 videos with
3.16 million frames, totaling 31.17 hours, with an average
of 108.5 frames per video. The dataset spans five main
anomaly categories, further divided into 20 subcategories
(Fig. 2 (a)). It features diverse distributions in video lengths
(Fig. 2 (b)) and anomaly time windows (Fig. 2 (c)), offer-
ing a rich foundation for the research and development of
robust, multimodal traffic anomaly analysis.

4. Methodology

Existing video understanding models [35, 66] typically
use uniform frame sampling, overlooking the fact that
anamolous scenarios happen only in certain frames that are
critical. Often, these key moments stand out not only visu-
ally but also audibly, with distinct audio signals. To ad-
vance traffic video anomaly understanding, we introduce

Audio-Insight Frame Selector

. . . . oo o o

® Audio-Insight Point

Spectral Flux ® Uniform Point

Figure 3. Our Audio-Insight Frame Selector (Green point) em-
ploys spectral flux to capture key traffic events, effectively high-
lighting critical frames missed by the uniform selector (Red point).

EchoTraffic, a novel approach that integrates audio cues to
enhance anomaly comprehension.

4.1. Audio-Insight Frame Selector

We design the Audio-Insight Frame Selector to identify
anomalous moments in traffic videos by adopting spectral
flux [7, 53] for TAU. Spectral flux measures changes in an
audio signal’s power spectrum by comparing consecutive
frames, revealing sudden variations. These audio shifts of-
ten align with key traffic events like braking, collisions, or
alarms. By focusing on these audio-based cues, our method
accurately selects relevant video frames, ensuring essential
anomalies are captured. This alignment between audio and
visual cues provides a more efficient and reliable approach
to detecting traffic events, as shown in Fig. 3.

Spectral Flux Computation. Given a traffic anomaly
video V, we extract its audio time series A at a sampling
rate of o kHz, where « is empirically set as 44.1 (sam-
pling rate of compact disc). We then compute the magni-
tude spectrogram of the audio signal using the Short-Time
Fourier Transform (STFT) with a Hamming window w(m).
Denoting A(n, k) as the k-th frequency bin of the n-th point
in the audio time series A, the STFT is computed as:

51
2
_ 2jmmk

A(n, k) = Z Ahn+m)w(m)e™ "5, (1)
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where the window size S is 2048 and the hop size h is 512.

Spectral flux (SF'(n)) measures the change in magnitude
for each frequency bin over time. By focusing on the pos-
itive changes and summing up the changes across all fre-
quency bins, the spectral flux is computed as:

v

1

H (|A(m. k)|~ [An = 1K) . @

S
2

SF(n) =

where H(z) = leml is the half-wave rectifier function,

ensuring that only positive changes contribute to the sum.
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Figure 4. Overview of EchoTraffic. EchoTraffic processes video and audio inputs, using the Audio-Insight Frame Selector to identify key
frames from audio cues. These frames and audio segments are encoded by the Visual and Audio Encoders, prioritized by the Audio-Visual
Dynamic Connector, and aligned in the large language model embedding space to enhance traffic anomaly understanding.

Frame Selection. To capture key events throughout the
audio duration, we divide the Spectral Flux sequence into
T equal-length segments. In each segment, we locate the
point with the highest Spectral Flux value, marking the most
significant spectral change, i.e.,

n; = argmax SF(n), 3)
ne [,,ﬁ;arl ,n,si“d]
where 7 = 1,2,...,T and n; is a significant spectral

change within segment ¢. These point n] represent mo-
ments of potential importance in the traffic scenario, as they
infer critical audio anomalies. For each n}, we retrieve the
corresponding video frames, identifying key frames in the
original traffic anomaly video. The final set of selected
frames is represented as V = {Vt}tT:1 € RT*XHXWX3
where H and W denote the height and width of each frame.

Note that our frame selector does not solely focus on
frames with significant audio signals. It uniformly divides
the video into segments and selects frames most likely to
exhibit anomalies based on audio cues. This ensures that
even segments with weak or no audio signals contribute rel-
evant information to the frame selection process.

4.2. Model Architecture

This section introduces the EchoTraffic architecture, detail-
ing how video and audio data are fused for understanding
traffic anomalies. As illustrated in Fig. 4, the visual and
audio encoders first process data from each modality sep-
arately. The audio-visual dynamic connector then merges
these two data streams and aligns them with the LLM’s em-

bedding space. Finally, the LLM decoder generates a tex-
tual description of the identified traffic anomalies.

Visual Encoder. We employ the ViT-g/14 model from
EVA-CLIP [13] as the visual encoder, widely adopted in
video understanding models [31, 45, 66]. The selected key
frames are fed into the visual encoder and the latent fea-
tures are processed through a pre-trained image-level Q-
former [31], yielding N, tokens per frame. This visual in-
formation is represented as F,, = {Ff,}thl € RTXNuxdo,
where d,, denotes the visual feature dimension. Temporal
structure is further enhanced by adding learnable position
embeddings to the 7" dimension of F,.

Audio Encoder. For the audio time series A extracted
from the video, we segment it into M parts, each spanning
two seconds. Inspired by [17], we convert these segments
into spectrograms with 128 mel-spectrogram bins. Treating
spectrograms as 2D signals akin to images, we encode them
using a ViT, following [16, 18]. After encoding, the audio
is represented as F, = {Fg‘}f\:f:l € RM*Naxda ' yhere
N, denotes the number of tokens per audio segment, and
d,, is the auditory feature dimension. We then add learnable
position embeddings to the M dimensions of F, to capture
temporal information.

Audio-Visual Dynamic Connector. This module has
three main subcomponents: a video Q-former, an audio
Q-former, and a self-attention mechanism. The video and
audio Q-formers process visual tokens F, and audio to-
kens F, to produce fixed-length token sets, i.e., N, for
video and N, for audio. These tokens are projected into
the LLM’s embedding space. The video and audio tokens
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Table 2. Comparing different approaches on the task of traffic anomaly understanding over the four key subtasks in terms of four evaluation
metrics. Bold values indicate the best performance, while underlined values indicate the second-best performance. The scores of all metrics

range from O to 1. Methods incorporating audio signals are marked with *. EchoTraffic obtains the best metric scores for most cases.

Task Metric ‘Video-LLaVA LLaMA-ViD TimeChat VideoChat2 InternVideo2 VideoLLaMA2* A-Guardian Holmes-VAD‘EchoTh‘afﬁc*
BLUE 0.0522 0.0525 0.0167 0.0198 0.0358 0.1066 0.0752 0.0930 0.2541
Description Rouge 0.3297 0.3518 0.3210 0.4369 0.4012 0.3257 0.2813 0.2436 0.4380
MoverScore 0.5616 0.5637 0.5293 0.5562 0.5616 0.5799 0.5620 0.5614 0.6205
BERTScore 0.8792 0.8818 0.8637 0.8838 0.8843 0.8822 0.8745 0.8696 0.9102
GPT-Eval 0.4109 0.4697 0.2371 0.5418 0.4954 0.6241 0.5464 0.5959 0.6843
BLUE 0.0873 0.0878 0.0421 0.0266 0.0326 0.1037 0.1022 0.0928 0.2464
Causation  ROVEE 0.2334 0.2402 0.2723 0.3517 0.2986 0.2095 0.1349 0.1742 0.3509
MoverScore 0.5410 0.5421 0.5214 0.5280 0.5230 0.5432 0.5420 0.5381 0.6077
BERTScore 0.8629 0.8641 0.8536 0.8668 0.8589 0.8589 0.8493 0.8548 0.9017
GPT-Eval 0.3500 0.3799 0.1656 0.3243 0.2182 0.6066 0.7389 0.6551 0.8301
BLUE 0.1009 0.1043 0.0832 0.0700 0.0956 0.1012 0.0855 0.0904 0.1902
Prevention  Rouge 0.1554 0.1635 0.1020 0.2133 0.1584 0.1343 0.0715 0.1921 0.4095
MoverScore 0.5502 0.5541 0.5268 0.5477 0.5464 0.5457 0.5151 0.5527 0.6120
BERTScore 0.8638 0.8665 0.8425 0.8701 0.8639 0.8585 0.8272 0.8655 0.8974
GPT-Eval 0.7324 0.7125 0.4437 0.6045 0.6683 0.6803 0.2672 0.6053 0.8462
BLUE 0.0712 0.0810 0.0431 0.0124 0.0430 0.0870 0.0994 0.0832 0.3171
Response Rouge 0.2627 0.2410 0.2752 0.3318 0.2864 0.1992 0.1238 0.1934 0.3994
MoverScore 0.5509 0.5511 0.5304 0.5234 0.5340 0.5391 0.5417 0.5354 0.6310
BERTScore 0.8594 0.8579 0.8510 0.8527 0.8532 0.8482 0.8368 0.8463 0.9071
GPT-Eval 0.5233 0.5497 03715 0.3982 0.4194 0.5847 0.6746 0.6942 0.8678
BLUE 0.0779 0.0814 0.0463 0.0322 0.0517 0.0996 0.0906 0.0899 0.2520
Overall Rouge 0.2453 0.2491 0.2426 0.3335 0.2861 0.2172 0.1529 0.2008 0.3994
MoverScore 0.5509 0.5528 0.5270 0.5388 0.5412 0.5520 0.5402 0.5469 0.6178
BERTScore 0.8663 0.8676 0.8527 0.8684 0.8651 0.8619 0.8469 0.8591 0.9041
GPT-Eval 0.5091 0.5317 0.3082 0.4672 0.4523 0.6243 0.5540 0.6384 0.8103
are then concatenated to form F; € RWet+Na)Xdi \where d; of the visual encoder, audio encoder, and LLM decoder

is the LLM’s hidden dimension. Recognizing that the sig-
nificance of different video/audio tokens may vary, a self-
attention module is designed to assign importance weights
for each token. It comprises multiple self-attention layers
followed by a linear layer, which takes F; as input and gen-
erates weights W € R(Mv+Ne)x1  The final input to the
LLM is computed as Fippus = Fj X W, which effectively
prioritizes tokens by the learned importance.

LLM Decoder. We take [52] as the backbone of our
LLM decoder, given its strong performance across domains.
When language instructions are provided, LLaMA2’s tok-
enizer converts them into language features, represented as
F; € RVi*d where N is the number of tokens in the lan-
guage instructions. These language features are then con-
catenated with the audio-visual input F;;, ¢ to form the full
input to the LLM for generating the final textual response.

4.3. Training Strategy

Phase 1: Multi-Modal Alignment with InternVid-10M.
We start to train our model on the large-scale InternVid-
10M [56] dataset, which contains ten million video and au-
dio samples for producing video descriptions. This substan-
tial dataset size plays a crucial role in effectively aligning
the visual and auditory modalities with the language modal-
ity, laying a strong foundation for deeper video reasoning
tasks. To focus on alignment, we freeze the parameters

and train only the audio-visual dynamic connector. Ad-
ditionally, we initialize the audio encoder with pre-trained
weights from ImageBind [16], boosting its capacity to fuse
audio and visual inputs. We trained the model for one epoch
on the full InternVid-10M dataset with a batch size of 128,
using the AdamW optimizer. The learning rate follows a
cosine decay schedule with an initial warm-up period, start-
ing at le-4. Training in this phase was conducted on eight
NVIDIA GTX A6000 GPUs, taking around 240 hours.

Phase 2: Instruction-Tuning for Traffic Anomaly Un-
derstanding with AV-TAU. The second phase targets
traffic anomaly detection using our AV-TAU dataset. The
inputs include video, audio, and a related question, whereas
the output is an answer aimed at understanding and re-
sponding to traffic anomaly. We train both the audio-visual
dynamic connector and the LoRA [21]-based LLM, keep-
ing the visual and audio encoders frozen. This instruction-
tuning phase improves the model’s accuracy in identifying
and interpreting anomalies. In this phase, we trained for one
epoch on our own dataset with a batch size of 16, using the
AdamW optimizer with a cosine learning rate decay and a
warm-up period, starting at a learning rate of 2e-5. The
LoRA parameters were set to r = 64 and o = 128. Training
in this phase was conducted on eight NVIDIA GTX A6000
GPUs, taking approximately three hours.
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Table 3. Evaluation on the EchoTraffic framework design.

Model ‘ BLEU ‘ Rouge ‘ Mover. ‘ BERTScore ‘ GPT-Eval
w/o Audio Information 0.2243 | 0.3777 | 0.5791 0.8594 0.7190
w/o Audio-Insight Frame Selector 0.2395 | 0.3870 | 0.5862 0.8730 0.7713
w/o Audio-Visual Dynamic Connector | 0.2469 | 0.3976 | 0.6092 0.8876 0.7946
EchoTraffic 0.2520 | 0.3994 | 0.6178 0.9041 0.8103

5. Experimental Results

We conduct experiments on the AV-TAU dataset with a
90%-10% train-test split. The test set includes 3,000 videos
and 15,000 Q&A pairs, providing a robust basis for evalu-
ating EchoTraffic’s performance in the traffic anomaly un-
derstanding (TAU) task against comparable models.

5.1. Experimental Setup

Evaluation Metrics. To evaluate the models’ perfor-
mance in understanding traffic anomalies, we adopt five
text-level metrics: BLEU [43], ROUGE [36], Mover-
Score [71], BERTScore [70], and GPT-Eval. The first three
metrics are traditional text-based methods that rely on N-
gram [43] matching. For GPT-Eval, similar to methods in
[38, 50], We prompt GPT-40 [1] with the question and ref-
erence answer, allowing it to evaluate the model’s output.
The GPT-Eval evaluation focuses on three main aspects,
i.e., reasonableness, detail, and consistency.

Baselines. As no existing methods are specifically de-
signed for the TAU task, we compare our approach with
state-of-the-art models from two related domains: (i) Gen-
eral Video Understanding, including Video-LLaVA [35],
LLaMA-VID [33], TimeChat [45], VideoChat2 [32], In-
ternVideo2 [57], and VideoLLaMA2 [6], and (ii) Gen-
eral Video Anomaly Understanding, represented by A-
Guardian [8] and Holmes-VAD [67]. This comparison eval-
uates the ability of these baseline models to effectively in-
terpret and understand video anomalies in traffic scenarios.

5.2. Quantitative Comparison

Table 2 highlights EchoTraffic’s superior performance
across all evaluation metrics, underscoring its advanced
capabilities in traffic anomaly understanding. Key find-
ings include: (i) EchoTraffic consistently achieves the
highest scores in text-level BLEU, ROUGE, MoverScore,
BERTScore, and GPT-Eval metrics across all categories,
establishing its dominance in the Description, Causation,
Prevention, and Response subtasks; (ii) VideoLLaMA?2 and
Holmes-VAD show competitive performance, with Vide-
oLLaMA?2 benefiting from integrated audio signals and
Holmes-VAD leveraging extensive training on anomaly
videos. Additionally, we fine-tune Video-LLaMA2 un-
der EchoTraffic’s settings and evaluate its performance.
The results, along with additional comparisons to Gemini
2.0 [51], are available in the supplementary material.

Table 4. Qualitative evaluation of the EchoTraffic framework.
highlights semantic inconsistencies, Green shows strong ground
truth alignment, and [YELLOW] marks textual issues.

Model | Description

w/o Audio Informa- | The video shows a person riding a tricycle ahead
tion of the car, which

[FAILED TO IDENTIFY ANOMALY]

w/o  Audio-Insight | This video captures a moment when the car unexpectedly hits
Frame Selector a tricycle [WRONG] . The sound of the
crash is clear, followed by the shocked voice of a man.

w/o  Audio-Visual | Inthis footage, the car collides with a tricycle turning around.

Dynamic Connector | The impact sound is clear, followed by the noise of items
shifting inside the car from the collision.

EchoTraffic In this video, the car collides with a tricycle approaching
from the right while in motion. You can hear the impact of
the collision, along with the passengers’ startled screams.

Ground Truth The video shows a car driving straight when it suddenly col-
lides with a three-wheeled vehicle ahead that is preparing to
turn left. You can clearly hear the sound of the impact during
the collision, along with the startled voices of the passengers

and the jarring noise of the car shaking as it brakes.

5.3. Qualitative Comparison

To provide qualitative insights into EchoTraffic’s capabili-
ties, we compare it with VideoLLaMA?2 and Holmes-VAD.
Fig. 5 illustrates a challenging scenario where limited vi-
sual cues make detecting a collision difficult, as it occurs
in a blind spot without causing camera shake. Nonethe-
less, EchoTraffic excels at accurately detecting, interpret-
ing, and focusing on traffic anomalies. For instance, in
Fig. 5 (a), VideoLLaMA?2 and Holmes-VAD fail to iden-
tify anomalies from visual cues, resulting in hallucinations,
while EchoTraffic accurately infers a collision between the
ego vehicle and a white car ahead using audio cues. In
Fig. 5 (b) and (d), VideoLLaMA?2 and Holmes-VAD do not
provide the correct response recommendation or an accu-
rate causal interpretation after the incident. In Fig. 5 (c),
Holmes-VAD partially suggests a prevention strategy, while
VideoLLaMA?2 focuses on irrelevant information. These
observations underscore EchoTraffic’s effectiveness and ca-
pability in leveraging audio-visual insights to accurately
perceive and analyze complex traffic anomalies.

5.4. Ablation Study

To assess the contribution of each component in EchoTraf-
fic and the significance of audio information, we conducted
an ablation study by systematically removing key elements
one by one, as shown in Table 3. When audio information
is removed, the model’s ability to describe audio-related
anomalies is impaired, resulting in incomplete descriptions,
which negatively impacts overall performance; see the ex-
ample in Table 4 “w/o Audio Information.” The absence of
the Audio-Insight Frame Selector reduces the model’s accu-
racy in describing visual information, as the example shown
in Table 4 “w/o Audio-Insight Frame Selector”, which em-
phasizes the role of keyframe selection. Without the Audio-
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(a) Description: What anomaly is presented in the video?

The video shows a car driving down the street in the rain. The camera is inside the car, providing a view of the rainy street and

VideolLaMA2: the cars passing by. The unusual incident in the video is that the car hits a pedestrian on the sidewalk. [HALLUCINATION]

Yes, the video shows a car driving down a wet road, passing by other vehicles, and the driver appears to be in control, but

el ive suddenly, the car veers off the road and crashes into a tree [HALLUCINATION] , which is an abnormal event.

In this video, the car in the video collides with a white car that is turning left. You can clearly hear the sound of the video car
colliding with the white car, as well as the sound of the woman's screaming.

(b) Causation: Why did the unusual event occur in the video? ®

The video shows a car driving down the street in the rain. The sound of the rain hitting the car's roof and windshield is the main
VideoLLaMA2: source of sound in the video. It appears that the anomaly in the video was caused by a mechanical failure in the car's engine
and steering system. [WRONG REASON]

EchoTraffic:

Holmes-VAD: The video shows a car driving down a wet road, passing by other vehicles, and the driver's attention is briefly drawn to the side of
the road, where a pedestrian is walking, but the driver continues on their way without stopping. [NOT FOCUS ON CAUSATION]

The cause of the accident is that the driver of the video car fails to maintain a safe distance from the white car ahead, and the
white car makes a sudden lane changes to the left, which leads to a collision.

(c) Prevention: How could the anomaly have been prevented in the video? ®

The video shows a car driving down the street in the rain. The risk of the anomaly can be minimized by ensuring that the car's
windshield wipers are turned on and functioning properly. [UNRELATED INFORMATION] This will help to keep the driver's vision
clear and reduce the chances of any accidents or collisions.

EchoTraffic:

VideolLLaMA2:

Holmes-VAD: To minimize the risk of this anomaly, the driver should slow down and maintain a safe distance from the car in front, as the car
in front is driving slowly and cautiously, indicating a potential hazard or road condition that requires extra caution.

To avoid this accident, the driver of the video car should maintain a safe distance from surrounding vehicles, slow down and
ensure sufficient reaction time. The white car should use clear signals, avoid risky overtakes in tight spaces.

(d) Response: How should the event be managed after the anomaly? ®

X The video does not show any other cars or people on the street, creating a sense of isolation. The car's headlights are on,
VideolLaMA2: illuminating the wet road ahead. The video ends with the car driving out of frame, leaving the viewer with a sense of anticipation
for what might happen next. [NOT FOCUS ON RESPONSE]

EchoTraffic:

The abnormality in this video is the white van's excessive following distance and the driver's waving at the camera, which may
indicate reckless or aggressive driving behavior, and it is important to address this anomaly to ensure the safety of the driver,
passengers, and other road users. [NOT FOCUS ON RESPONSE]

Holmes-VAD:

After the accident, the driver should immediately turn on hazard lights to warn others, check for injuries, call emergency
services if needed, and provide first aid. If possible, move the vehicle to a safe area to prevent further traffic obstruction.

EchoTraffic:

Figure 5. Qualitative comparison on the TAU task. Red highlights key semantic inconsistencies, Green indicates strong alignment with the
ground truth, and [YELLOW] marks textual issues. Additional examples are provided in the supplementary material.

Visual Dynamic Connector, the model struggles to learn the
relative importance of visual and auditory information, po-
tentially missing certain anomalies in the video; see Table 4
“w/o Audio-Visual Dynamic Connector.”

6. Conclusion

We develop EchoTraffic, an audio-visual model for Traffic
Anomaly Understanding (TAU) that enhances event detec-

tion and analysis by incorporating essential audio cues often
missed by visual-only methods. EchoTraffic is instruction-
tuned on our AV-TAU, the first large-scale dataset designed
specifically for audio-visual TAU, using the audio-insight
frame selector and the audio-visual dynamic connector to
enable detailed traffic anomaly analysis. Evaluation shows
its effectiveness in understanding complex incidents and en-
hancing urban transport safety. We further highlight long
video understanding as a key challenge in TAU research.
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