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Abstract— In autonomous driving, predicting the behavior
(turning left, stopping, etc.) of target vehicles is crucial for the
self-driving vehicle to make safe decisions and avoid accidents.
Existing deep learning-based methods have shown excellent
and accurate performance, but the black-box nature makes
it untrustworthy to apply them in practical use. In this work,
we explore the interpretability of behavior prediction of target
vehicles by an Episodic Memory implanted Neural Decision
Tree (abbrev. eMem-NDT). The structure of eMem-NDT is
constructed by hierarchically clustering the text embedding of
vehicle behavior descriptions. eMem-NDT is a neural-backed
part of a pre-trained deep learning model by changing the
soft-max layer of the deep model to eMem-NDT, for grouping
and aligning the memory prototypes of the historical vehicle
behavior features in training data on a neural decision tree.
Each leaf node of eMem-NDT is modeled by a neural network
for aligning the behavior memory prototypes. By eMem-NDT,
we infer each instance in behavior prediction of vehicles by
bottom-up Memory Prototype Matching (MPM) (searching the
appropriate leaf node and the links to the root node) and top-
down Leaf Link Aggregation (LLA) (obtaining the probability of
future behaviors of vehicles for certain instances). We validate
eMem-NDT on BLVD and LOKI datasets, and the results show
that our model can obtain a superior performance to other
methods with clear explainability. The code is available in
https://github.com/JWFangit/eMem-NDT.

I. INTRODUCTION

To create a reliable and safe autonomous driving system or
advanced driver assistance system, it is necessary to predict
the behavior of target vehicles (we term it vBeh-Pre). The
vBeh-Pre takes some historical vehicle locations and their
scene interactions as the observation with T time steps and
predicts whether the vehicles will take certain behaviors
(e.g., turning left/right, stopping, etc.) at time T + τ , where
τ denotes the interval of Time-to-Behavior (TTB). vBeh-
Pre enables the system to analyze the changes in driving
scenes and make appropriate decisions. Because there are
many safety-awareness factors in driving situations, we aim
to accurately predict vehicle behavior while focusing on
reasonable explanations for the model’s prediction.

Current behavior prediction models for different road
agents (e.g., pedestrians and vehicles) have entered the deep
learning era [1]–[3]. However, the lack of interpretability
still bothers this research field all the time. Especially for
autonomous driving systems, every safe decision requires
interpretability with much passion, as each accident caused
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Fig. 1: The eMem-NDT aims to retrospect the episodic memory
of certain kinds of vehicle behaviors and enhance the prediction
trustworthiness.

by unreasonable and unjustified decisions has significant
social influence [4].

Decision Trees (DT) [5], [6] have the characteristic of
hierarchically partitioning the sample space based on specific
criteria and can provide users with hierarchical and inter-
pretable decisions. However, the performance of decision
trees is not satisfying compared with deep neural networks
[7]. Therefore, some works have attempted to combine
neural networks and decision trees to form the so-called
“Neural Decision Tree (NDT)” [8], and apply NDT in some
computer vision tasks [9]–[11]. Differently, we extend NDT
by implanting the memory on the NDT with a behavior-
type tree structure, which considers the episodic memory
constructed by historical vehicle locations and their scene
interactions. It is called the Episodic Memory implanted
Neural Decision Tree (eMem-NDT). To fulfill a general tree
structure, the construction process of eMem-NDT is achieved
by hierarchically clustering the text embedding of vehicle
behavior descriptions. Different from the previous scene
graph learning [12], [13], the behavior graph in this work
can be simply constructed but owns a more understandable
common sense of driving scenes.

Fig. 1 illustrates the motivation of eMem-NDT for the
Beh-Pre. Specifically, in traditional deep learning-based ap-
proaches (such as Transformer [14], LSTM [15], etc.), we
can predict the future vehicle behavior label at time T + τ
by encoding the historical locations and the interactions of
vehicles. However, why is such a prediction? It cannot be
explained. In this work, we leverage the retrospective mem-
ory function of humans [16] to find the correlation between
the prediction with the accumulated Episodic Memory Bank
(EMB) , containing the scene interactions and vehicle loca-
tions. Based on this, we implant this episodic memory into
the NDT and make decisions by calculating the similarity
between the current instance and the memory prototypes
stored in the leaf node of eMem-NDT. The episodic memory
bank in each leaf node stores the correlation between the
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behavior embedding of vehicles with their instances (con-
sisting of raw vehicle locations and their interaction with
road scenes) that can be obtained by baseline deep models.
To reduce EMB redundancy, each memory prototype in EMB
is filtered by ruling out over-similar instances. Then, by
eMem-NDT, we infer each instance in behavior prediction of
vehicles by bottom-up Memory Prototype Matching (MPM)
(searching the appropriate leaf node and the links to the root
node) and top-down Leaf Link Aggregation (LLA) (obtaining
the probability of future behaviors of vehicles for certain
instances). We believe that this inference process can find
the appropriate memory prototype for each prediction. To
summarize, the contributions are threefold.
• We construct an eMem-NDT to boost the interpretability

of the vBeh-Pre, where every prediction can be given
a reasonable interpretation by the memory behavior
prototypes distilled from the training data.

• We implant the episodic memory in the leaf node of
NDT to provide the introspective behavior prototypes
of vehicles for each prediction, which also promotes
the leaf node explainability.

• We infer the vBeh-Pre by an efficient bottom-up link
searching for each instance and obtain the behavior
score at time T+τ by layer-wise link score aggregation.
This formulation absorbs the vehicle behavior relations
in certain driving scenes and improves the performance
evaluated on the BLVD [17] and LOKI [18] datasets.

II. RELATED WORK

A. Vehicle Behavior Prediction

Vehicle behavior prediction in this field focuses on Lane
Changing (LC), Merging (M), Turning Left/Right (TL/TR),
and Lane Keeping (LK) behaviors. Over decades, the deep
learning-based formulations become the primary prototypes
[1]–[3], [19]–[27].

From the dynamic nature of vehicle behaviors, sequential
networks, such as Long-Short-Term Memory (LSTM), are
popular for modeling temporal correlations. For example,
Dang et al. [1] employ the LSTM network to estimate
the Time-To-Lane-Change (TTLC) by incorporating driver
status, vehicle information (e.g., velocity), and environment
clues (e.g., road lanes). Scheel et al. [24] introduce the
Bidirectional LSTM (BiLSTM) to make a cross-check for
temporal correlation modeling the relation between vehicle
trajectory points and LC intention. Compared with LSTM,
BiLSTM obtains significant performance improvement. Ma-
hajan et al. [23] propose a density clustering-based method
to automatically identify LC and LK behavior patterns from
unlabeled data, and further determined by the LSTM model.

Besides the temporal information, the interaction among
vehicles is also important for a collision-free behavior pre-
diction [28], [29]. Recent works [25], [26] model the social
interaction of vehicles in driving scenes. They both use
the multi-head attention mechanism in Transformer [14] to
model the interaction of vehicles.

Deep learning models have shown excellent performance
on vehicle behavior prediction, while they cannot explain

the model’s decisions. Most of these models focus on LK
behavior, and the fine-grained but important behavior types,
such as overtaking, turning, etc., are ignored. We believe
that the interpretable model with fine-grained behavior
prediction forms the basis of safe driving systems [30]. We
introduce the Neural Decision Trees (NDTs) [8] to adapt to
the large-scale data input with clear explainability.

B. Neural Decision Trees (NDTs)

From the perspective of the tree structure of NDTs, it
can be mainly divided into data-driven [31], [32] and pre-
defined structures [9], [33], [34]. Data-driven NDTs can grow
based on the patterns within the data, but they are prone
to overfitting and complex. For example, Tanno et al. [31]
propose a split gain-based approach that can start with a
single node tree and dynamically grow or prune the decision
tree based on the complexity and size of the data and learn
in edges, path functions and leaf nodes. However, some
common sense in driving scenes (e.g., traffic rules), can be
used initially to design the structure of NDTs. Therefore,
pre-defined tree structures are simple and easy to interpret
with the scene knowledge prior. Frosst and Hinton [33]
distill a trained neural network to a soft decision tree with
a pre-defined structure for classification tasks. Inspired by
this, Neural-Backed Decision Tree (NBDT) [9] replaces the
last linear layer of a convolutional neural network with a
differentiable decision tree and a tree supervision loss to
achieve the highly interpretable classification.

The interpretability ability of NDT nodes is different and
can be divided into path-explainable [9], [31] and single-
node explainable [10], [11] NDTs.

The path-explainable NDT, such as NBDT [9], groups sev-
eral single-step decisions from the root node to one leaf node
and generates a hierarchical and sequential decision, owning
the root-to-leaf path decision explainability. Path-explainable
NDT is easy to train but each single-step decision in one path
is not explainable. Contrarily, single-node explainable NDTs
enable the interpretability for each node by learning the
pattern prototype of each node representation. For example,
Neural Prototype Tree (ProtoTree) [11] combines prototype
learning with decision trees, and each decision step of
one node can find the prototype learned from the dataset.
However, single-node explainable NDTs require a complex
training process. In the case of safe driving, we need a model
to be lightweight, interpretable, and easily trained. Based on
the neuropsychology of human retrospective memory [16],
our work incorporates scene episodic memory into the NDT
(eMem-NDT), where the scene memory is obtained by pre-
training a deep learning model for the prototype alignment
between the feature embedding and each raw instance (i.e.,
vehicle locations and their interaction to other agents). The
eMem-NDT absorb the advantages of single-node explainable
and path-explainable NDTs for vehicle behavior prediction.

III. METHOD

Problem Formulation: According to the definition in our
previous work [17], [35], Vehicle Behavior Prediction (vBeh-
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Fig. 2: The feature embedding for vehicle state and the dynamic
interaction graphs by vehicle state transformer (Stateformer) [14]
and EvolveGCN, respectively.

Pre) refers to the process of estimating the future behaviors of
Target Vehicles (TV). Given the historical state observation
sequence of the ith vehicle Vi={v1i ,...,vti,...,vTi } up to time T ,
vBeh-Pre is commonly formulated as a classification problem
of behavior labels at time T + τ , where τ is the Time-
to-Behavior (TTB), and the vehicle state vti is represented
by vti = [uti, c

t
i, x

t
i, y

t
i , z

t
i , d

t
i]
T consisting of the vehicle ID

uti, vehicle label cti, the 3D center point (xti, y
t
i , z

t
i), and the

orientation dti.
In addition, this work further considers the interaction

between the Target Vehicle (TV) and surrounding agents,
such as pedestrians, other vehicles, etc. To represent the
interaction information at time t, we introduce a graph
Gti(Vt, Et) to represent the relationships of different road
agents, where Vt denotes the vertex at time t represented
by the states of different agents and the edge Et correlates
the agent states at time t. Notably, the representation of the
vertex at time t is the same as the vehicle state vti while with
more agent class cti, i.e., involving pedestrians, cyclists, etc.

Episodic Memory: For the observation with T frames,
this work defines episodic memory as the historical vehicle
state Vi and its interaction representation Gi ={G1

i ,..., Gti,...,
GTi } in T window. Notably, the dynamic nature of driving
scenes involves sporadically appearing or vanishing objects.
Therefore, the numbers of vertex and edges in Gti are
different at different times.

With the denotation, the vBeh-Pre is determined by maxi-
mizing the probability yi of behavior labels given the Vi and
its interaction representation Gi:

ŷT+τ
i = argmax

yi
p(yi|Vi,Gi), (1)

where ŷT+τ
i is the predicted one-hot vector to represent the

behavior label (1-certain vehicle behavior).

A. Base vBeh-Pre Model

For the problem in Eq. 1, there are a vast of sequential
methods that can be utilized, such as various deep learning
models, such as LSTM [15], and Transformers [14]. It is
worth noting that, we encode the sequential vehicle states
in a typical Transformer model [14] with 2 layers of Multi-
Head Attention (MHA), denoted as fi = Trans(Vi).

As for the interaction representation Gi, because of the
different number of agents at different times, this work intro-
duces the EvolveGCN [36] to model the temporal correlation
between the interaction graphs. EvolveGCN is constructed by
Graph Convolutional Networks (GCN) [37] at different times
and correlates the temporal relation by sequential networks,
such as LSTM or GRU. In our work, we further aggregate the
embedding of GCN at different times with a self-attention
model to model the temporal importance of interactions.
Consequently, the feature embedding fgti of the interaction
graph representation at time t is computed by involving the
historical graph representations over t times:

fgti = EvolveGCN(G1:t
i ), (2)

and

fgi = ATT(concat(ATT(fg1i ), ...,ATT(fgti ), ...,ATT(fgTi )))), (3)

where ATT(.) is the self-attention operation with one head
of query (q), key (k), and value (v).

The predicted label vector of vehicle behaviors ŷT+τ
i at

time T + τ of the ith vehicle is decoded by one fully-
connected layer for the concatenation of fi and fgi :

gi = fc(concat(fi, fgi), θ),
ŷT+τ
i = δ(gi),

(4)

where fc is the fully-connected layer with the parameter θ,
and δ denotes the softmax function.

It is clear that the base vBeh-Pre model has a black-box
nature for interpreting the predictions.

B. Enhancing the Interpretability by eMem-NDT

In this work, we introduce the Neural Decision Trees
(NDT) to interpret the prediction of vehicle behaviors by
checking the decision process through hierarchical tree struc-
tures. Inspired by the Neural-Backed DT (NBDT) [9], we
take a backed grafting operation to replace the softmax
function δ(.) in Eq. 4 with a decision tree. Differently, we
enforce the explainability of leaf nodes by implanting a
kind of Episodic Memory that stores and retrospects the
correlation between feature gi and the raw vehicle states and
interaction graphs over T frames. An element in eMem is
denoted as {gi : [Vi,Gi]}.

1) Construction of eMem-NDT: Fig. 3 illustrates the con-
struction process of eMem-NDT, which consists of five steps:
behavior text embedding, leaf node initialization, hierarchi-
cal clustering, memory implantation, and NDT optimization.

Behavior Text Embedding for Leaf Node Initialization:
To boost the explainability, we encode the text descrip-
tions of vehicle behaviors to initialize the leaf nodes of
eMem-NDT, which leverage the behavior knowledge to fulfill
an acceptable and reasonable tree structure. Specifically,
we utilize the pre-trained Large-Language Model (LLM)
text-embedding-ada-002 [38] to obtain the semantic
vector of each behavior description. The number of leaf
nodes of eMem-NDT equals the types of vehicle behaviors.
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Fig. 3: The construction process of eMem-NDT, which contains five steps. Commonly, the number of leaf nodes is initialized by the
vehicle behavior types. Hierarchical clustering groups the text embedding of leaf nodes and makes the tree grow. In particular, we implant
the episodic memories of vehicles to the correlated leaf nodes, and the leaf nodes are further optimized by measuring the feature embedding
of input instances (raw vehicle states and interactions) and stored episodic memories.

Tree Growing by Hierarchical Clustering: In this work,
hierarchical clustering [39] aims to aggregate the text em-
beddings of leaf nodes to high-level semantic concepts,
such as {“overtaking from left”, “overtaking from right”}
to “overtaking“, by computing the Euclidean distance of
text embeddings. In the works, the growing of the tree is
terminated until only one class (i.e., the ancestor node) is
obtained in clustering. It is worth noting that, besides the
leaf nodes with clear semantic behavior descriptions, the
inner nodes and the ancestor node are obtained by the feature
clustering process. Actually, in the experiments, we take the
GPT4 [40] to label the semantic concepts for the inner and
ancestor node, and the description presents a clear relation
link between the certain instance and its inference path.

Memory Implantation: To facilitate the leaf node ex-
plainability, we implant the episodic memory in each leaf
node. The episodic memory is constructed by introspecting
all the vehicle states Vi (i = 1, ..., N ) and the interaction
graphs Gi over historical T frames in the training data with
N instances. To make the memory representative, it is impos-
sible to store all the instances in the memory bank. Inspired
by the introspective memory [16], we design a Leaf Node
Memory Filter (LNMF), which rules out the over-similar
instance determined by a pre-defined threshold η (evaluated
in experiments) and maintains the representativeness of each
memory prototype. The similarity of instances is computed
by the cosine function over the feature embeddings obtained
by Eq. 4. Algorithm 1 illustrates the procedure of LNMF.

Assume we obtain K memory bases in the mth leaf
node after memory filtering for all the training instances,
which means that for mth type of vehicle behavior, we
have K episodic memory bases. Because of the sample
imbalance of different vehicle behaviors, we can obtain
different numbers of memory bases for each leaf node, i.e.,
K = [K1, ...,Km, ...,KM ] for M leaf nodes.

NDT Optimization: Different from traditional decision
trees, neural decision trees implant a neural network into
some tree nodes. To form a trainable neural decision tree, we
further implant two fully connected layers (fc(., .)) in each
leaf node, which can be treated as a transforming network to
project the feature vector gi obtained by the Eq. 4 and the
feature embedding in the memory bank Em of mth leaf node
to a shared feature space. With that, the correlation between
the output of the base vBeh-Pre model and the episodic
memory can be computed. Therefore, the correlation for the

Algorithm 1: Leaf Node Memory Filtering (LNMF)
Input:

Vi: the vehicle state of ith TV; Gi: interaction graphs
η: Threshold for adding memories
vmax = −1: the similarity of instance features

Forward:
. Initialize memory bank M = {Em = ∅,Rm = ∅}
Em: Feature memory bank for the mth leaf node
Rm: Interaction memory bank for the mth leaf node
. Extract instance feature by Eq. 4
if Em is empty:

gi → Em, [Vi,Gi]→ Rm
else:

for e in Em:
v = cos〈e, gi〉
if v ≥ vmax:
vmax = v

if vmax ≤ η:
gi → Em, (Vi,Gi)→ Rm

Output: Em, Rm

ith instance input is computed by:

γi,m = ρ · cos(H(gi),H(ek)), ek ∈ Em, k = 1, ...,Km, (5)

where H(a) = fc(fc(a, θ1), θ2), θ1 and θ2 are the pa-
rameters of the fully connected layers, and ρ > 1 is a
hyperparameter to amplify the cosine value for avoiding the
gradient vanishing issue owning to that the absolute value of
cosine value is less than 1.

In order to optimize the H(.), we model a bottom-up
Memory Prototype Matching (MPM) and a top-down Leaf
Link Aggregation (LLA) by inputting the feature embedding
of all instances to traverse the NDT structure. In the travers-
ing process, when arriving at the leaf nodes, we use Eq.
5 to compute the similarity score γi,m between the input
feature vector and the filtered instance feature vectors. Then,
the bottom-up MPM from the leaf nodes to the up layer
(visualized as the black solid lines in Step E in Fig. 3) is
fulfilled by:

γi,M+z = mean(γi,[m→(M+z)]), (6)

where γi,M+z is the similarity score of the parent nodes
with the links to its child leaf nodes [m → (M + z)].
Like this, bottom-up MPM traverses all the layers until the
ancestor node is reached. Then, the top-down LLA begins
by a layer-wise classifier of softmax in NDT (denoted as the
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red dashed line in Step E in Fig. 3), and the classifier from
the penultimate layer to the leaf nodes is defined as:

si,m = softmax(γi,[(M+z)→m]) (7)

where si,m is the behavior label probability in the mth leaf
node of eMem-NDT. Consequently, we obtain a probability
vector Si = [si,1, ..., si,m, ..., si,M ] at the leaf node layer.
To optimize H(), we introduce the Negative Log-Likelihood
(NLL) loss to match the probability vector with the ground-
truth behavior label y, denoted as:

L(S,YT+τ ) =
1

Nb

Nb∑
i=1

Li(Si, yT+τ
i ) =

1

Nb

Nb∑
i=1

(− log(si,id))

(8)
where YT+τ is the label set in one batch with N b samples,
yT+τ
i is a one-hot vector to represent the ground-truth

behavior label (id==1 means the active vehicle behavior).
2) Testing Inference: Here we use soft decision as our

decision-making mechanism. Assume we have J testing
instances that contain the vehicle state Vj and the interaction
graphs Gj with the same T time step observation. We first
use Eq. 4 to obtain the feature embedding gj . Then, gj
is fed into the trained eMem-NDT through a soft decision-
making process, i.e., the bottom-up MPM by Eq. 6 and
top-down LLA Eq. 7. Then the behavior label probability
vector sj ∈ R1×M on all the leaf nodes is calculated by the
accumulating product of probabilities of root-to-leaf paths,
and the final behavior label probability of jth instance is:

yT+τ
j = argmaxmsj(m). (9)

IV. EXPERIMENTS

A. Datasets and Metrics

Based on the investigation [35], BLVD [17] and LOKI
[18] datasets have the most fine-grained vehicle behaviors
with 3D LiDAR data. They are described as follows.

BLVD: The BLVD [17] dataset is collected in Changshu
City, Jiangsu Province, China. It contains different driving
scenarios with various light conditions and 13 different
vehicle behavior labels under the Bird’s Eye View (BEV)
observation. BLVD consists of 77,434 vehicle instances (with
a training and testing ratio of 8:2) and a frame rate of 10Hz,
where each instance owns 0.5s observation and 1s prediction.

LOKI: The LOKI [18] dataset contains a variety of
complex traffic situations and pedestrian behaviors and is pri-
marily used for trajectory prediction. LOKI was constructed
by Honda American Institute, Honda R&D Center, and the
University of California, Berkeley, USA. Compared with
BLVD, LOKI has 9 types of vehicle behaviors. The frame
rate of LOKI is 5Hz and contains 7,491 vehicle instances
(with the same training and testing ratio of 8:2) with 0.6s
observation and 1s prediction. Fig. 4 presents the instance
distribution of the vehicle behavior categories. The LOKI
has a rather smaller sample scale and a more severe sample
imbalance issue than BLVD.

Metrics: For the behavior prediction, similar to other
works [41], we adopt the Precision, Recall, and F1-score
(β = 1) [17] as the evaluation metrics.
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Fig. 4: The instance distribution of (a) BLVD dataset and (b) LOKI
dataset. LOKI has a more severe imbalance issue than BLVD.

TABLE I: Performance comparison on the BLVD/LOKI dataset
with τ = 1. The best values are marked by bold font.

Model Precision Recall F1-score
LSTM [15] 0.75/0.34 0.88/0.26 0.82/0.30

Transformer [14] 0.68/0.26 0.89/0.23 0.79/0.24
CNN BiLSTM [41] 0.81/0.33 0.89/0.26 0.85/0.29

NBDT [9] 0.80/0.30 0.94/0.32 0.86/0.29
vBeh-Pre 0.92/0.30 0.91/0.34 0.91/0.32

eMem-NDT 0.94/0.33 0.92/0.37 0.93/0.33

B. Implementation Details

First, we train the “base vBeh-Pre” model and then use
the trained “base vBeh-Pre” as the feature extractor in the
subsequent process. Then, the NDT optimization is trained
after fixing the “base vBeh-Pre” model. ¶ For the “base
vBeh-Pre” model, we use the Cross-Entropy loss for training
with 80 epochs. The weight decay of the Adam optimizer
is 1 × 10−5 and the learning rates are 0.0005 and 0.005
respectively for the Stateformer and EvolveGCN. The batch
size N b in Eq. 8 is set as 64. · After training the “base vBeh-
Pre” model, we use the Negative Log-Likelihood (NLL)
loss to supervise the neural tree learning with 5 epochs
(converged). Here, we set the learning rate to 5× 10−5 and
the weight decay to 1 × 10−6. We set ρ in Eq. 5 as 30 in
this work.

C. Overall Evaluations

To the best of our knowledge, there are few works [1]–
[3], [19]–[24] on predicting vehicle behaviors, but most of
them focus on predicting vehicle lane changing behavior,
rarely involve the fine-grained vehicle behavior prediction.
Here, we choose CNN BiLSTM [41], LSTM [15], and the
typical Transformer [14] in the comparison. Besides, we also
take the NBDT [9] with the official parameter setting in the
evaluation comparison by a neural-backed decision tree after
replacing the fully connected layer in Eq. 4. Here we set
τ = 1s on the BLVD dataset and LOKI datasets. Table. I
shows the Precision, Recall, and F1-score in the comparison.
From the results, compared with traditional deep learning
methods, we can see that our methods, including the vBeh-
Pre and the eMem-NDT, generate better Precision and F1
values on the BLVD and LOKI datasets. However, because
of the severe sample imbalance issue, the metric values of
the LOKI dataset have a large scale to be improved. Some

14181



TABLE II: F1 value of base vBeh-Pre, NDBT, and our eMem-
NDT on the few-shot behaviors in the BLVD dataset.

Model OL OR DS DAL DAR DIR DIL AS
NBDT [9] 0.82 0.81 0.82 0.93 0.88 0.86 0.82 0.66
vBeh-Pre 0.89 0.87 0.91 0.95 0.94 0.90 0.89 0.82

eMem-NDT 0.94 0.93 0.93 0.96 0.94 0.92 0.92 0.87
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Fig. 5: The diversity of memory
prototype utilization (η = 0.7).

TABLE III: Performance,
w.r.t., η.

η Pre ↑ Rec ↑ F1 ↑ EMB
0.3 0.90 0.89 0.89 26
0.7 0.92 0.92 0.92 95
0.8 0.93 0.91 0.92 192
0.9 0.94 0.92 0.93 509

vehicle behaviors in LOKI only have less than 30 samples.
Contrarily, LSTM performs a competitive performance (with
the F1 value of 0.30) with the simplest model architecture.

D. Generalization for Few-Shot Behaviors

As shown in Fig. 4, the first eight types of vehicle be-
haviors in the BLVD dataset have rather fewer samples than
other ones. Therefore, we check the method performance
on these few-shot samples. Table. II presents the F1 values
on different vehicle behaviors. From these results, we can
see that the base vBeh-Pre model provides a promising
baseline. Almost all the behaviors obtain F1 values greater
than 0.82, and our eMem-NDT obtains better performance
than NBDT and the base vBeh-Pre model. Among them, the
“accelerating straight (AS)” behavior obtains worse results
than other behaviors. With episodic memory, our eMem-
NDT is significantly better than NBDT [9], which verifies
the promotion role of the memory mechanism in NDT.

E. The Utilization Sparsity in Episodic Memory Bank (EMB)

Actually, for one vehicle behavior instance, the utilization
of memory prototypes of NDT leaf nodes has the sparsity,
i.e., only a small proportion of memory prototypes stored in
one leaf node of eMem-NDT play the role in the prediction.
Fig. 5 demonstrates the diversity of memory prototype uti-
lization computed by the entropy of the utilization frequen-
cies of all prototypes of one leaf node. In other words, if we
set a smaller threshold η to filter the Episodic Memory Bank
(EMB), i.e., to generate fewer memory prototypes, the proto-
type utilization may remain stable, and the performance may
be not vulnerable to the η, verified by Table. III. However,
with episodic memory implantation, the prediction of vehicle
prediction is more explainable. Fig. 6 illustrates the inference
process of two instances, where the structure of NDT is
obtained by hierarchically clustering the text descriptions of
vehicle behaviors. Given the input instance, we can obtain a
clear root-to-leaf path with the correlated memory prototype.
From Fig. 6, the inferred episodic memory prototype of the
vehicle behavior is very similar to the input instance.

We also label the semantic concept of other nodes in
eMem-NDT by GPT4 API [40] given the text descriptions
of leaf nodes and the NDT structure with a well-designed
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Exp1:	Predicted	vehicle	behavior:	“driving in from right”
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Inferred Episode 
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Intended 
location

Intended 
location

INPUT: Tree structure, leaf node descriptions; GPT4 OUTPUT: 13: Overtaking,
14: Parallel driving, 15: Driving in, 16: Driving away, 17: Speed modulation in straight path,
18: Directional change, 19: Lateral maneuvers, 20: Complex maneuvers, 21: Straight driving
dynamics, 22:Maneuvering and halting, 23: Dynamic driving, 24: General driving behavior
Decision Path: Exp1: 24->23->22->20->19->18->15->5; Exp2: 24->23->22->20->19->14->10

Fig. 6: The inference process for one input instance on the testing
set of BLVD, where the episodic memory prototype of the behavior
of the target vehicle is retrospected and matched.

prompt1. From the inference path, the semantic labels grad-
ually become fine-grained and reasonable for the prediction.

V. CONCLUSIONS

This work presents a new way to interpret the fine-
grained prediction of vehicle behaviors by implanting a
kind of episodic memory (consisting of vehicle locations
and their scene interactions) into a Neural Decision Tree
(eMem-NDT), which is trainable and fulfilled by a neural-
backed operation to replace the softmax layer in a base
model. The structure of eMem-NDT is constructed by text
embedding of vehicle behavior description, which is simple
and has a clear common sense of driving scenes. From the
results, eMem-NDT can provide a clear inference process for
each prediction, and improve the performance on the fine-
grained vehicle behavior prediction. In the future, we will
explore the episodic memory implanted in NDT to interpret
the joint prediction of vehicle trajectories and behaviors.

1“You are an expert in driving behavior classification. Goal: Assist in the task of
driving behavior prediction. Task: 1. Based on the clustering structure, assign abstract
semantics and explanations to intermediate nodes giving the semantic descriptions of
the leaf nodes. Note - Decision-making must be rigorous and accurate.”
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