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Abstract—Scenario Description Languages (SDLs) serve as
high-level encodings, offering an interpretable representation
of traffic situations encountered by autonomous vehicles (AVs).
Their utility extends to critical safety analyses, such as identifying
analogous traffic scenarios within vast AV datasets, and aiding in
real-to-simulation transfers. This paper addresses the challenging
task of autonomously deriving SDL embeddings from AV data.
We introduce the Scenario2Vector method, leveraging video
transformers to automatically detect spatio-temporal actions of
the ego AV through front-camera video footage. Our methodology
draws upon the Berkeley Deep Drive - eXplanations (BDD-
X) dataset. To determine ground truth actions of the ego AV,
we employ BERT combined and dependency grammar-based
trees, utilizing the resulting labels for Scenario2Vector training.
Our approach is benchmarked against a 3D convolution (C3D)-
based method and a transfer-learned video transformer (ViViT)
model, evaluating both extraction accuracy and scenario retrieval
capabilities. The results reveal that Scenario2Vector is highly
effective in detecting ego vehicle actions from video input, adeptly
handling traffic scenarios with multiple ego vehicle maneuvers.

I. INTRODUCTION

Highly automated cyber-physical systems such as self-
driving cars and delivery robots have the potential for sig-
nificant societal benefits. Autonomous Vehicles (AVs) could
prevent crashes and reduce traffic fatalities, as well as in-
crease mobility independence for millions of people. However,
despite years of development, the widespread deployment of
fully autonomous vehicles that can operate safely remains an
ongoing challenge. Public testing of AVs has revealed their
failures [1], sometimes leading to tragic fatal outcomes [2].
Without a methodical approach for measuring and improving
safety for AVs, we can anticipate the same issues to continue.

Defining safety for AVs is a complex issue within the
industry and its definition varies considerably, from reducing
road fatalities to imagining a future without driver’s licenses.
Safety assessments rely on self-reported data from AV com-
panies, each with their own interpretations of safe driving
behavior. Metrics such as autonomous miles driven and miles
per disengagements, provide a high-level assessment of AV
safety. However, it’s important to note that low disengagement
rates do not necessarily equate to higher safety.

Safety evaluations for AVs need to move beyond voluntary
self-reporting. The transition from distance-based to scenario-
based assessments of AV performance is evident in the rise of
Scenario Description Languages (SDLs). These SDLs serve as
semantic embeddings, capturing the complexity of driving sce-

Fig. 1: Scenario2Vector Automated Scenario Description Lan-
guage (SDL) Extraction Pipeline.

narios composed of static, dynamic, and temporary elements
in a structured format. SDLs and systems proposed by re-
searchers such as [3]–[5] offer an interpretable framework for
humans and support essential AV safety tasks, including large-
scale virtual testing scenario generation, real-to-sim transfer,
and post-deployment operational design domain monitoring.
For instance, suppose we want to compare the safety behavior
of two AVs. We can analyze one AV’s performance in a spe-
cific traffic scenario, then utilize the corresponding SDL to find
similar traffic situations for the other AV. Here, SDLs facilitate
the observation of both AVs’ behaviors under analogous traffic
conditions, providing a deeper insight into their safety. It is
essential to highlight that extracting SDLs from AV scenario
data requires intensive manual labeling and oversight.

In this paper, we introduce Scenario2Vector - a video trans-
former-based architecture capable of automating SDL extrac-
tion (Figure 1). We address the challenging task of identifying
spatio-temporal actions within an AV scenario and encoding
them into an interpretable, and searchable, SDL embedding.
This paper has the following research contributions:

1) We introduce Scenario2Vector, a video transformer-based
architecture for automatic extraction of SDLs using real-
world traffic scenario data from the BDD-X dataset.

2) We explore the effectiveness of parse tree and dependency
graph-based grammars in extracting ground truth actions
from human-specified text captions in the BDD-X dataset.

3) We evaluate our SDL extraction approach against estab-
lished video understanding methods, including C3D and
ViViT [6], [7], assessing both detection accuracy and its
capability in scenario retrieval tasks.
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II. RELATED WORK

As detailed in Section IV, we will work with traffic sce-
narios that are based on video data. Therefore, extracting
SDLs is comparable to extracting video embeddings. Thus,
our related work spans video transformer models, video action
recognition, and traffic scenario descriptions, which we will
combine to form a semantic embedding extraction pipeline.

Transformer-based models have been used to achieve im-
pressive results on video analysis tasks. Building off of the
Vision Transformer, the Video Vision Transformer [7] (ViViT)
aims to extend the model to process temporal data. Despite
ViViT’s success, it was not designed for videos that are
highly variable in length or videos containing multiple actions,
both of which are common in our dataset. The transformer
model in [8] deals with videos of differing lengths by
including a recurrent model. The Cooperative Hierarchical
Transformer [9] and the Bi-Modal Transformer [10] addresses
videos with multiple actions by performing caption generation.
All of these transformer models rely on large datasets such
as Kinetics-400 for their training [11]. Compared to these
benchmark datasets, our dataset is smaller and the data is not
as visually distinct as most traffic videos look alike.

Approaches to video action recognition that do not use
transformers typically involve using a 3D Convolutional (C3D)
Network [6] to tokenize the video input for video under-
standing. Often the C3D Vector is used with a deep learning
head to produce an action prediction [12]. This approach
requires kernels of different size in the temporal dimension
to accurately represent actions that last for different lengths of
time. Another popular approach uses optical flow to encode
temporal information [13], [14]. We use a C3D network as a
traditional, non-transformer approach in this work.

Video action embeddings from these networks can be used
to perform video retrieval. In video retrieval, the model learns
the actions of the video to create an embedding space that
groups similar videos together. Many models [15] use CNNs
to compare videos in their embedding space. Multi-modal
transformers [16] combine video, audio, and text to match
video embeddings with a text embedding space, to perform
video retrieval using text queries.

Efforts have been made to provide a detailed definition
of traffic scenarios using Scenario Description Languages
(SDLs). One traffic scenario description is provided by Fortel-
lix’s Measurable Scenario Description Language (M-SDL) [4].
M-SDL presents scenarios with information such as traffic
lanes, pedestrians, vehicles, and motion parameters. Scenic [5]
provides a traffic scenario description designed for use with
the CARLA simulator. Both M-SDL and Scenic were designed
with the intention of being used to make computer-generated
simulations. However, they both have schemas which require
manual labeling, a time consuming and potentially error prone
process. Therefore, it is of interest to explore methodologies
that can automatically extract SDLs.
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Fig. 2: The spectrum of actions from abstract to refined.
Refined actions represent low level traces of lateral and
longitudinal behavior. These traces can be combined into more
abstract representations that define more deliberate actions.

III. SCENARIO DESCRIPTION LANGUAGE

To create an SDL representation of a scenario, we first
define a scenario S as the sequence of interactions between
the autonomous ego vehicle and the other actors (vehicles
and pedestrians) and scene elements (traffic lights and signs)
that affect the ego’s driving. The AV has a suite of sensors
that provide data Dego of the vehicle’s experiences for each
scenario, including cameras, lidar, and radar. Given a set Ω
containing many traffic scenarios S as the recorded data from
AV sensors, our goal is to extract from each scenario S an
interpretable embedding that adequately represents this data.
To do this, the embedding must be defined to encapsulate
the elements of the traffic scenario that are relevant to the
operation of the vehicle - the actors on the road, the motion
of each actor, and environmental factors that may affect traffic.

We have defined our high-level embedding based on the
SDL described by [3]. For scenario Si, the SDL is defined as

SDL(Si) ≡ ⟨{ACi,AT i}, Ei⟩ (1)
where ACi, AT i, and Ei are lists of the actors, the actions
performed by the actors, and the scene elements respectively.
Each action also has a label associating it with a specific actor.

The contents of the SDL lists are modular to adapt to the
data provided. To capture this behavior, we define the elements
on an SDL spectrum from abstract to refined descriptions.
Figure 2 shows the spectrum for the actions. The most refined
descriptions represent low level Traces of lateral and longitu-
dinal behavior. The next abstraction are Trends which combine
similar Traces, such as “Aggressive Left Turn” represented by
“Left Turn”. Further up are Maneuvers which further combine
Trends. The most abstract description has three Actions -
“Turn” for lateral motion, “Forward” for speeding up or
maintaining speed, and “Stop” for slowing down or sitting
still. Determining which level of refinement to use depends
on the quality of the data provided - datasets with descriptive
labels can generate refined Traces, but smaller datasets may
necessitate abstract Actions.
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Fig. 3: Samples from the BDD-X Dataset containing multiple
actions. (A): The ego drives forward for some time, before
making a turn. (B): The ego starts to turn, but stops to avoid
hitting pedestrians.

IV. PROBLEM STATEMENT

A. BDD-X Dataset

For extracting SDL embeddings from AV data, we use the
publicly available Berkeley Deep Drive-eXplanations (BDD-
X) dataset [17]. This dataset contains 6,970 videos lasting from
20 to 60 seconds in length. Each video V comprises of k
clips, V1 to Vk, totaling up to 26,539 clips. Each clip Vi also
contains a human annotated caption Ti describing the traffic
scenario. These captions are used to create the ground truth
SDL representation of the scenario.

As shown in Figure 3, many BDD-X clips contain multiple
visually distinct actions. Therefore, we label every clip Vi with
both a primary action Pi and a secondary action Qi. Even with
multiple actions in every clip, the BDD-X captions are not rich
enough for us to operate at the refined trace-level actions of
the SDL spectrum. Hence, we will operate at the abstract end,
containing the three actions “Turn”, “Forward”, and “Stop”.
These actions are visually distinct for automatic detection.

B. Automatic SDL Extraction

Our goal is to find the mapping f that will take as input
sensor data Dego,i and create an SDL tuple as output. Since the
BDD-X dataset only provides forward-facing camera Vego,i

data, we can state the problem as
f(Vego,i) → ⟨{ACi,AT i}, Ei⟩ (2)

Of the three classes in our SDL, extracting the actors AC and
scene elements E is relatively easy using off-the-shelf method
such as Segment Anything [18] or YOLO [19]. Identifying the
actions AT is more difficult as they represent spatio-temporal
interactions. The BDD-X dataset lacks actuation data to easily
identify actions, so they need be inferred from the video clip
alone. We focus on action detection for the ego to develop our
approach, but the methodology can be used to detect actions
for other actors as well. Therefore, our goal can be stated as

f(Vego,i) → AT ego,i (3)
The mapping function f can be realized through the models
described in Section VI.

C. Scenario Retrieval

Given a query scenario Si, the scenario retrieval task is
to find scenarios most similar to Si within Ω. We define

a function d(Si,Sj) that calculates the distance between
two SDLs based on the actors, actions, and scene elements
that differ between the two SDLs. A smaller distance value
indicates similar SDLs. As an example, let SA from Figure 3
be the query, and SB be one of the scenarios in Ω. SA

has actions AT A = {Forward, Turn} and SB has actions
AT B = {Turn, Stop}. We define AT AB as the actions in the
query AT A that are missing from SB : AT AB = {Forward}.
Similarly, AT BA = {Stop} represents the extra actions in SB

that are not in the query. These set differences measure of how
many elements in SB belong in the query SA. We compute
these set differences for actors AC and scene elements E as
well. We then compose a distance vector by counting the
number of elements in each of these sets:

Dij = ⟨|ACij |, |ACji|, |AT ij |, |AT ji|, |Eij |, |Eji|⟩ (4)
Not all of the sets in the SDL are equally important in

determining similarity. Instead, we want to amplify similarity
in actions more than actors, and actors more than scene
elements, so that two SDLs are not considered similar just
because they have stop signs. This is achieved by scaling
the effects of actions by 9 and actors by 3. This penalizes
missing actions resulting in less similar SDLs. In addition,
an SDL that is missing an element from the query should
be less similar than one with all the elements in the query
and an extra term. We capture this behavior by further pe-
nalizing missing elements by a factor of 2. This results in a
weighted distance vector wDij = ⟨6×|ACij |, 3×|ACji|, 18×
|AT ij |, 9×|AT ji|, 2×|Eij |, 1×|Eji|⟩. The distance function is
defined as the magnitude of this weighted distance vector i.e.
d(Si,Sj) = ∥wDij∥ and can be used to calculate the distance
between query Si and each scenario in Ω. If two comparison
scenarios have the same distance, we use a “tie-breaking”
scheme that considers scenarios with the same actions as the
query to be more similar than those with different actions.

V. BDD-X GROUND TRUTH EXTRACTION

Given the video clips Vi, and captions Ti, the ground
truth actions AT i are extracted by organizing Ti into a tree
structure, shown in Figure 4. This gives us the benefit of
having part-of-speech tags for each word, allowing us to
identify actions by focusing on the verbs in the sentence.
Furthermore, the tree structure provides knowledge about the
relationship held between two words. For example, in each
caption we expect a close relationship between an action
described and the actor performing that action.

A. BERT Parse Tree Extraction Method

A pre-trained BERT model [20] is used to turn the caption
into a context-free parse tree (Figure 4-Left). This parse tree
splits a sentence into phrases, and each phrase is further
split into parts of speech. Under a parse tree, the relation-
ship strength between an action and an actor is based on
the distance to a shared parent node. Nouns are converted
into corresponding actors and scene elements. Each verb is
converted into an action, which is then associated with the
nearest actor that precedes it.
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Fig. 4: The ground truth action extraction methods. The BERT-
based method produces a parse tree that associates actions
with actors based on sentence proximity. The Dependency Tree
method associates words regardless of their distance in the
sentence. The BERT-based method relies on word proximity,
so it cannot easily produce secondary action ground truth.

B. Dependency Tree Extraction Method

Using Stanford Core NLP [21] to generate a dependency
tree, related words are connected by labeled edges that define
their relationship. For example, in Figure 4 “car” and “drives”
are connected by an edge labeled nsubj, meaning that “car”
is the nominal subject of the verb “drives”. That is, the edge
tag indicates “car” performs the action “drives”. By analyzing
edge tags we can also connect “car” with the action “turn”.

Edge tags help relate words that are spatially distance in the
sentence. The extraction process for the dependency tree starts
by finding nouns corresponding to actors and scene elements.
For each actor, we follow its edges to find its associated
actions. When an actor has multiple actions, it is difficult to
obtain their temporal order from the caption. Instead, we use a
hierarchy of importance {turn, stop, forward} to determine
the primary action Pi. “Turn” is given the most importance as
it is the most visually distinct action.

VI. SDL EXTRACTION METHODS

We train three models for automatic SDL extraction (Sec-
tion IV-B). The C3D Model uses a pre-trained C3D backbone.
The ViViT Model uses a pre-trained Transformer backbone.
The Scenario2Vector Model uses a universal transformer on
top of the C3D backbone. The overview of the models is
shown in Figure 5.

A. C3D Model

The C3D Model uses a C3D network [6] backbone as a
feature extractor for BDDX videos. The C3D backbone has
been pre-trained on the Sports-1M dataset. The BDD-X video
frames are downsampled to 16 Hz and encoded into vectors
by the C3D network. Since our videos are variable length, the
vectors are padded with zeros to the maximum video length.
These resultant vectors are then reduced from 4096 values per
second to 512 using PCA. The head of the C3D model is a
MLP with a hidden layer of size 512, which takes the PCA-
reduced vectors as inputs and detects the action as output.
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Fig. 5: Model architecture for each of the models. Pre-trained
components are shown in gray. Single-headed models only use
the primary heads (green) and two-headed use both primary
and secondary heads (yellow).

B. ViViT Action Model

The ViViT Action Model uses a ViViT encoder model [7]
backbone pre-trained on the Kinetics-400 dataset and fine-
tuned on the BDD-X data. The inputs for the encoder are
32 video frames uniformly sampled across the sample. The
encoder then performs its own tokenization and produces a
1x768 vector. This MLP head takes this 1x768 vector as input,
uses a hidden layer of size 64, and detects the action as output.

C. Scenario2Vector Model

Our method uses a transformer encoder model on top of the
C3D backbone to perform attention on the inputs. We use a
universal transformer architecture [22] for the Scenario2Vector
Model because its recurrent nature and attention mechanism
allows us to better capture temporal data. The Scenario2Vector
Model uses the same PCA-reduced C3D vectors as the C3D
Model for the inputs to the transformer encoder model. The
transformer model uses 6 heads, 2 attention layers, a total key
depth of 16, a total query depth of 16, and an output depth
of 16. These values were chosen to keep the model’s resource
overhead low. The vectors produced by the encoder model are
then passed to an MLP head with a hidden layer of size 512.
The Scenario2Vector Model is designed to improve upon the
C3D Model by including a transformer to apply self-attention
to the C3D vectors, while being more lightweight than the
ViViT Action Model.

D. PQ-Head Model Variants

For each of the three models we also trained a variant of
the model with two MLP heads, the P-head which detects
the primary action of the video and the Q-head which detects
the secondary action of the video. This two-headed variation
allows us to detect two actions for samples containing both
a primary and secondary action, rather than detecting only a
single action. We are interested in evaluating if training two
action heads separately will improve action detection accuracy.


