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GC-GAT: Multimodal Vehicular Trajectory Prediction using Graph
Goal Conditioning and Cross-context Attention

Mahir Gulzar!, Yar Muhammad?, and Naveed Muhammad®

Abstract—Predicting future trajectories of surrounding vehi-
cles heavily relies on what contextual information is given to a
motion prediction model. The context itself can be static (lanes,
regulatory elements, etc) or dynamic (traffic participants). This
paper presents a lane graph-based motion prediction model
that first predicts graph-based goal proposals and later fuses
them with cross attention over multiple contextual elements.
We follow the famous encoder-interactor-decoder architecture
where the encoder encodes scene context using lightweight Gated
Recurrent Units, the interactor applies cross-context attention
over encoded scene features and graph goal proposals, and the
decoder regresses multimodal trajectories via Laplacian Mixture
Density Network from the aggregated encodings. Using cross-
attention over graph-based goal proposals gives robust trajectory
estimates since the model learns to attend to future goal-relevant
scene elements for the intended agent. We evaluate our work
on nuScenes motion prediction dataset, achieving state-of-the-art
results.

I. INTRODUCTION

Autonomy, in the context of autonomous vehicles (AV)s,
can be defined as a vehicle’s ability to operate without a hu-
man’s intervention [1]. Autonomous driving, when achieved,
promises many benefits, including (i) safer roads, as most of
the accidents are caused by human error, (ii) reduction in
emissions as a result of more efficient driving, (iii) mobility
for all, e.g., children and the elderly, (iv) and ease, comfort,
and freeing up time [2].

Arguably [3], one of the most challenging sub-problems in
autonomous driving is an estimation of others’ intentions in
traffic. For us humans, it’s instinctive to predict the actions of
other agents (be it other human-driven vehicles, pedestrians, or
bi-cyclists, etc.) a few seconds into the future. This, however,
is a nontrivial task for an autonomous vehicle. Being able to
predict other agents’ future actions is important for the purpose
of safety and efficiency. While an autonomous vehicle that
drives extremely slowly might be able to avoid any collisions
with other road agents without predicting their future actions
(and just performing simple obstacle detection), such a vehicle
wouldn’t be very useful. Therefore, for increased efficiency
while ensuring safety (in other words, for driving safely at
reasonable speeds), autonomous vehicles need to be able to
reliably predict the future actions of agents around them.
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There are several methods to represent the future motion
of an agent. [4] proposes a taxonomy of motion prediction
where predicted output is categorized into intention, uni-
modal/multi-modal trajectory, and map occupancies. Here, the
intention is too general to be used in AV planning, whereas
map occupancies are usually compute-intensive. The literature
we see today mostly revolves around predicting the future
trajectories of intended agents. We see this in recent competi-
tions in motion prediction proposed by various organizations
[5]-[7]. A database consisting of a high-definition (HD) map
along with agent histories is provided to the participants. The
prediction results are expected to be in the form of multimodal
trajectory.

Many solutions have been proposed by researchers to ad-
dress motion prediction on existing datasets. Early works in-
clude [8], which predicts multi-modal trajectory by rasterizing
HD map into multiple semantic layers. A vanilla Convolutional
neural network (CNN) extracts relevant scene features from
the rasters here. Similarly, [9], [10] uses rasters to encode
the scene’s contextual information. Since motion prediction
is a crucial step of the autonomy pipeline, these approaches
cannot be used in real-time due to their compute intensity.
Additionally, when encoded, rasterized input suffers from a
large neural receptive field, i.e., the CNN feature maps often
hallucinate, thus resulting in incorrect predictions. More recent
works exploit the structured data of HD maps. Here, VectorNet
[11] was among the pioneers that directly used a sequence
of vectors to represent HD-map data. [12] used a similar
structured representation to represent lanes of HD maps as
graph’s nodes and edges. In such regard, graph-based networks
are used to encode map information. These works include Lan-
eRCNN [13], which applies lane graph convolution to encode
map lanes that are near traffic agents; Lane-based Trajectory
Prediction (LTP) [14], which uses Graph Neural Network
(GNN) and Transformer to encode map and traffic data and
[15], which first encodes environment context using GRUs
(Gated Recurrent Units) and later processes that information
using GAT (Graph Attention Network) [16]. In [15], authors
also used lane graphs to train a graph traversal policy.

While works discussed above encode both temporal and
spatial scene context using graph-based networks and heuris-
tics, they are less attentive toward target-centric goal nodes.
We argue that an additional step of encoding goal proposals
over lane graphs and applying cross-attention over them will
capture future dependencies of target agent with respect to lane
graphs. To this end, we propose GC-GAT: Graph Conditioned
Goal ATtennion: a multimodal trajectory prediction network
conditioned on agent-centric graph goals. Our model is in-
spired by the encoder-aggregator-decoder architecture of [15],
i.e., we first encode the scene context (lanes, agents) using
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GRUs and process lane encodings with GAT. In aggregatéiom a probability distribution. In encoder-decoder architec-
instead of graph traversal policy, we apply simple crosares, the decoder part often directly regresses multimodal
attentions over lanes and dynamic agentsk Anoded goal predictions [24], [25]; on the downside, they suffer moderately
proposal is predicted for the target agent, and probabilities filtom mode collapse. Other works use latent variable often
these modes are extracted. In the decoding step, in addittermedz sampled from a simple distribution to a predicted
to the latent variable noise, we incorporate a Laplaciantrajectory [15], [18]. We mostly see latent variable models
MDN (Mixture Density Network) proposed by [17] to predictin Generative-adversarial Networks (GANSs) [26] often trained
context-aware future trajectories. with Variational Autoencoder (VAE) [27] and Conditional
Our main contributions can be summarized as follows: Variational Autoencoder (CVAE) [28]. These works include

1) We propose a novel multimodal trajectory predictiof?gl—[%]- Since ground truth only consists of one trajectory
network conditioned on agent-centric graph goals. OB€’ agent, most of the above methods suffer from mode
network applies cross-attention over proposed gra§Rllapse if training is not handled ef ciently. One solution to
goals to capture better future dependencies for tiaS is using Laplacian Mixture Density Networks (MDNSs) in
intended agent. the regression step [17], [34], [35]. Our work in this paper,

2) We evaluate the performance of our model on tHE addition toz latent vector, uses Laplacian MDN in the

NuScenes [5] public dataset, achieving state-of-the-&tgcoding step. This is followed by a winner-takes-all strategy
results. loss that handles mode collapse much more ef ciently rather

than directly decoding the trajectories [15], [17], [36], [37].

Il. RELATED WORK Ill. PROBLEM STATEMENT

Vehicular trajectory prediction has been addressed usingMultimodal trajectory prediction for a given agent can be
various modeling techniques. Some of the well-known workermulated as follows:
can be categorized as following: At any given instance, a scene consists of multiple traf c
Scene encoding:Encoding scene-relevant information isagents represented by their past, present, and future spatial
crucial for trajectory prediction. This includes encoding statieoordinates. A top-down birds-eye-view (BEV) containing 2D
(map elements) and dynamic (traf ¢ participants) contexcoordinates (can be agent-centric) denotecky, represent-
Static scene information is mostly available in the form dhg a sequence of agei$ history from timestef;, consisting
HD-map containing lanes and regulatory elements wherezfsh history steps in the past up to current timestejs
dynamic context is overlayed on top HD-map with timestampigput to the model. Wherea$,,,.,, a sequence of agei's
As discussed in Section-l, the trends in encoding scene féature from timested +1 to ty for f number of future steps
tures have shifted from rasterized inputs [8]-[10] to polylineepresents the ground-truth for the agentherei 2 Nj. Let
(geometrical) vector encoding [13]-[16], [18]. This is mainlyC be the static scene context vector:
due to the fact that like any other module of autonomy i .
pipeline, prediction is required in real-time, i.e. a performance Yo x = Xtn';C (1)
friendly prediction model reduces bottlenecks in the decision Here, k represents number of modes akd> 1. The

making pipeline. optimization is done via a loss function that measures the

Interaction via attention: Since their emergence, trans-d-fference between the predicted valuéé and the
formers [19] have been in limelight and are extensively applie i Ltk
ound truthYy, ., -

in different subdomains of computer science. One such aprﬁlr—

cation is capturing interactions between different input features

for behavior modeling. In graph-based methods (discussed

above), we see different use cases of multi-headed attentionSincek modes represent a distribution, at least one mode

e.g., capturing dependencies and interactions between lgheuld closely approximate the ground truth for successful

to lane, lane to agent, agent to agent, etc. For exampiaining.

[20] encodes a variable number of neighboring agents with

graph nodes using an attention network. [21] uses stacked IV. " METHODOLOGY

transformer layers that aggregate the contextual informationThis section describes main structure of our proposed

on the xed trajectory proposals. [22] employs separate attemodel, including input and output to the proposed model

tion heads to capture possible interaction between the tarfgtowed by the model architecture.

agent and the context features. An interaction transformer is

proposed in [23] that jointly models interactions among aff- Input

scene actors. Our work uses multi-headed attention (MHT) toWe refer to [15], [18] for input representation. Speci cally,

capture interactions between lanes, neighbors, target agethts, inputs come from two different types of context, i.e.,

and graph goal encodings. dynamic and static. The contextual input to the model is
Multimodal predictions: Keeping in view the uncertainty target agent-centric, i.e., since this work proposes a single-

in an agent's possible future, it is preferable to have mukgent trajectory predictor, all relevant information given to the

timodal predictions to get more than one future hypothesimodel is relative to one target agent in the scene at any given

Multimodal outputs can be deterministic or directly samplehstance. The model inputs are formalized as follows:

i .
L =loss Qirt, 4 Yier o, @)
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Fig. 1: Model architecture of GC-GAT. The model is divided into three p&tsoder: Encodes static and dynamic context

and applies agent-node attention followed by graph attention using GNN lagensactor: Computes goal encodings in the

rst step using Multi-Layer Perceptron (MLP). A weighted sum of output of MLP is concatenated with target-lane attention
to get the nal goal encodings. In the second step, the interactor applies target-agent attention followed by an aggregation
with Embedding layer to calculate K-modded embeddings which are later fed to MHT layers for cross-attention of K-modded
embedding with different types of encodings to produce K-modded encoddegder: Firstly, applies a simple MLP to
K-moded encodings to extract mode probabilitigs which is one of the outputs of the model. Secondly, it adds Gaussian
noise to target encodings and concatenates it K-moded encodings which are fed to a GRU followed by two identical MLPs
that extract location y and scaldy, parameters of Laplace mixture density network which are the remaining two outputs of
the model along with . It is to be noted that the data ows from left to right in each row, and architecture should read in
the same manner, going from top to bottom.

1) Dynamic Context A variable set of agents in the sceneadentifying whether lane segment's pose is inside a stopline or
A = fAp;:;Ajg wherei 2 N; represents total humbercrosswalk. Unlike [15], we don't exploit the graph traversals
of agents in the scene (should be at least one). An ageritisthis paper. Instead, we only treat graph nodes as feature
historical data consists oA; = (xi;yi;Vi;ai;w;;1) 2 R® vectors, so edgeB and their types are irrelevant.
wherex;;y; are 2D top-down spatial coordinates of the agent
Vi;a;w; represent speed, acceleration, and vate. Here,
| is a boolean ag identifying the agent type as 1 if the
underlying agent is pedestrian and O otherwise. B. Output

2) Static Context The HD map is represented by a directed
lane-node graptG(V;E). Here,V = fVq;:5Wgv 2 N
is a set of lane graph nodes where each node conS|sts°o
equidistant segments of lane center lines. For consistency, sipatial coordinates, |é>tk = f(xtk ytkjt =1;::;ts gwhere
number of poses inside node segments are of xed Ieng(bLLk yt’k) is theith trajectory point ofkth hypothesis at
A vth node is represented by, = (x{;yy; ¥:I}) where timestep. Additionally, since we intend to use winner-takes-all
XY;Yr: » are spatial coordinates with yaw for théh pose of training strategy, a vectdpy is also predicted by the model
vth's segment. Similar to dynamic contekf,is a boolean ag representing the probability score for each mode.

The output trajectory of the model is almost exactly similar
f t+1 t; x from (1). We can elaborate it as a sequence of
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C. Model 2) Interactor: In contrast to [36], the interactor consists of
three parts. The hidden features of target-agent, neighbouring

Fig. 1 shows an illustration of our proposed model. Oua(?gents and lane are rst fed to MHT layers to capture

model follows the famous encoder-interactor-decoder architec oss-attention between the dynamic and static context. These
ture [15], [17], [18], [36] with cherry-picked layers of existingattentions are represented as-: '

works. The encoder module is essentially encoding features

using GRU's and processing them with global graph attention. Atn iz = MultiHead (Quarget ; Kiane ; Viane )
The encoded features are passed over to the interactor, which _
further processes the information using different multiheaded Atn 125 = MultiHead (Qtarget ; K nbr ; Vior )

attention layers, each responsible for capturing interactio,]'s

between dynamic and static context. Apart from this, theere,Atnm Is target-agent to lane graph attention #id 5,
iteractor module also predicts graph goal proposals, which {ﬁetarget—agent to neighbour age nts attention. These attention
' outputs are consumed by two different branches of the model.

later fused with the attention layers. As a nal step, the decodér ; .
) . : In the second step, a target-centric goal predictor computes
regresses multi-mode trajectory using Laplace MDN. Here, we

. 4 R - goal probabilities for the lane node graph. Initially, a simple
also leverage latent variable noséor longitudinal variability. MLP is applied over the concatenated hidden encodings of the

The nal results consisting of multi-modal trajectory and mod :
arrget agent and lane graph. The output encodings are then
scores are then used to calculate the overall loss. Furthe )

. ) processed by the Gumbel-Softmax to obtain soft samples.
details of each submodule are as follows:

1) Encoder. Since both static and dynamic context consists Jenc= MLP (Ntarget  Niane)
of sequences of points and we intend to learn both spatial
and temporal features of the input, The input features are rst Oweighted= GumbelSoftmax (gens )

processed independently by simple MLPs for each type of _ .
context as shown in the encoder part of Fig. 1. The MLP Here, Gueighied represents soft samples derived from the

embeddings are then handed over to independent GRUSC%egoncal distribution de ned bgenc The temperature pa
rameter controls the smoothness of the distribution during
extract temporal features. GRUs are preferred here becalse :

€ Gumbel-Softmax operation.

they are lightweight recurrent modules with faster training Finally, we extract the goal encodings by computing a

speeds and less memory usage than their counterpart Lon : .
short-term memory (LSTM)s . The dynamic context is furthevyeqgthd sum of the lane node encodifgge and gueightea

divided into two in the encoder for better understandability.
These are target-agent and surrounding agent encodings. The
above encoding steps are shown below:

N = X (1) (1)
goal = Aweighted Niane
i
Wherehgyoa represents the goal node encodings. Finally, the
Miarget = GRU(MLP (Agarger ) goal node epcodmgs are concaten_ated with target-centric lane
graph attention we computed previously.

hnor = GRU(MLP (Anpr ) Ngoar = Atntz hgoal
In the third step of the interactor, the target encodings are con-
Niane = GRU(MLP (Mane )) catenated withAtn 2, Afterward,kem, embeddings are added

and fused with four different attention layers, each capturing

Here,hiarget , Nnbr , @andhiane are independent hidden encodegl mode-oriented attention over the hidden encodings.
states of the target agent, neighboring agents, and lane nodes,

respectively. Once we obtain these hidden states, the encoder Ntarget = Ntarget ANy Atngoa
applies a MHT layer betweeh,,; andhjne . This captures o ) N
the rst cross-interaction between neighboring agents and the Kemb = nn:Embedding(K; D );
lane nodes.
Kemb = Kemb + htarget
Atn o = MultiHead (Qnor ; Kiane ; Viane ) Atny . ox = MultiHead (Qx.,,, ; Kx; VW)
Niane = Niane  Atn ) Kene = norm (AtN k,, 2x)

Here kemp represents a trainable embedding matrix initialized
hiane = GNN (higne ) randomly, withK being the number of trajectory modes and

D the dimensionality of each embeddingtn . »x repre-
Here, the query is neighbors hidden encoding, whereas kegnt MHT layers for capturing k modded attention between
and values come from lane encodings. To exploit the gragkn, and x, where x are hidden encodings consisting of
structure, in the nal step of the encoder, the previous attentitiyget ; hiane ; Nnor @ndhgea . It is to be noted that our model
vector is concatenated with lane encodings and processedubgs three types of aggregations i.e. concat for retaining
a simple GNN consisting of GAT layers. This constitutes thaistinct features, simple addition for merged uni cation, and
encoder’s output for the next submodule. weighted sum to learn weights of in uence on nal tensor.
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3) Decoder The decoder is inspired from [15], [17] andclassical minADE loss between predicted trajectories and the
[36]. Here, at the very rst step, we use an MLP to extraground-truth. Eqg. (2) changes as follows:
k-mode probabilities ¢ , where g is merely a Laplacian

mixing coef cient. L =Lrg *+ Las + Laoe 3)
Here,
k = MLP (Kenc) 1 S
- = om .
Afterward, a Gaussian noiseis added tohiget €ncodings. Lreg = tr logP(Yej " :6")

This helps to capture longitudinal variability in the predictions. o . o
The Gaussian noise-based target encodings are then aggreg¥fi&iem represents the prediction mode with minimum
with k-modded encoding&enc We got from the interactor. €for compared to ground-truty.

It is noted thatken are query-based encodings that contain

attention over all hidden encodings, wheréagsge: are only Las = ( «log(%)
target-agent's hidden encodings. k=1
where % is predicted mode probability and is soft target
Ntarget = Ntarget 2 N (0; %) probability [17].

!
The aggregated encodinggrget Kenc are then processed
in a GRU cell for decoding the temporal dimension of the
output as suggested by [17].

11X
Lape = argmin = k?fk) Yk
t=1

k . . ..
where?E ) represents the predicted mode with the minimum
Outiemp = GRU (Ntarget ~ Kenc) average displacement error.

Since Laplace distribution is presented by locatiorand
scale b parametersf(x j ;b) = Sexp X!
. Dataset
employ two MLPs to output these values for K modes. Thig

makes it a Laplacian Mixture Dlgnsity Network such that for K Our work is evaluated on the nuScenes [5] dataset. The
K ix ki dataset consists of more than 1000 scenes, and each scene

modesf (x j f k; ki@ = oy komexp g ol an - nd eact
where ¢ was already predicted earlier arid ¢ ;b g are IS a seéquence o Seconas. 7A Scene comprises -maps
; and different types of traf ¢ participants covering many urban
predicted by the two MLPs. . - .
road scenarios. Additionally, even though nuScenes provide
k = MLP (0outiemp ) spatial and temporal data of different dynamic agents, it only
evaluates the vehicular agents for the nal benchmarks.

V. EXPERIMENTS

bk = MLP (OUttemp)

The use of Laplacian MDNs gives us the leverage of inco®- Metrics

porating different types of loss functions. We use Laplace For evaluation, we employ the standard nuScenes evaluation
negative log-likelihood and cross-entropy losses for trajectonyetrics [46]. These metrics include minimum average dis-
regression and mode classi cation. Alongside this, we ugdacement error or point-wide2 error between prediction and

TABLE I: The benchmarking results omuScenesgest set on public leaderboard

Works MIinADE s # MINADE 1o # MissRate; # MissRateo # OffRoadRate #
MultiPath [25] 2.32 1.96 - - -
CoverNet [10] 1.96 1.48 0.67 - -

Trajectron++ [9] 1.88 151 0.70 0.57 0.13
AgentFormer [38] 1.86 1.45 - - -
MHA-JAM [39] 1.81 1.24 0.59 0.46 0.07
CXX [40] 1.63 1.29 0.69 0.60 0.08
LaPred [41] 1.47 1.12 0.53 0.46 0.09
GOHOME [42] 1.42 1.15 0.57 0.47 0.04
Autobot [43] 1.37 1.03 0.62 0.44 0.02
THOMAS [44] 1.33 1.04 0.55 0.42 0.03
PGP [15] 1.27 0.94 0.52 0.34 0.03
XHGP [18] 1.28 0.95 0.53 0.34 0.03
MacFormer [45] 1.21 0.89 0.57 0.33 0.02
LAformer [17] 1.19 1.19 0.48 0.48 0.02

GC-GAT (Ours) 1.19 1.06 0.52 0.49 0.03
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TABLE II: Ablation of interactor module

Goal Proposals Cross Attention MinADE # MInADE 1o # MissRates # MissRateo #

1.70 1.56 0.71 0.70

3 1.35 1.22 0.62 0.59
3 1.21 1.07 0.52 0.49

3 3 1.19 1.06 0.52 0.49

ground-truth over top K modedAinADE ¢ ), nal displace- of model's performance under different interactor settings.
ment error orL 2 distance between nal points of predictionHaving no cross-attention and goal proposals gave the worst
and ground-truth trajectory over top K modédi6FDE k), performance as expected since no interactions were captured,
miss rate over K modedMissRate ;2) i.e., if max point- and aggregated encodings were passed through to the decoder
wise distance between predicted mode and ground-truthm®dule. In the next step, we evaluated the model's perfor-
greater than 2 meters it is considered a miss and is evaluateahce by introducing goal proposals and their cross-attention
over K most likely predictions and nally, offroad rate, thatwith aggregated scene encodings. This signi cantly improved
measures the fraction of how much of the predicted trajectatye benchmarking results. Similar to goal proposals, in the

is going beyond the drivable area. third step, we introduced cross-attention among target, sur-
rounding, and node encodings (goal encodings were excluded
C. Results here), which performed even better than simple goal proposals.

. The best results we got from the interactor are by fusing goal
The benchmarking results of our model are reported g y 99

Table 1. Our model achieved a score comparable o the Cg]rw_codmgs and cross-attention with static and dynamic context.
rent state-of-the-art on the nuScenes leaderboard. Regarding _

MIinADEs, our model gave equal performance to LAformef- Discussion

[17] which is one the best ranking results on the leaderboardSince the study conducted in this work is done on a
For MinADE;o, our model outperformed LAformer but lackedpreprocessed, clean, publicly available dataset, our evaluations
in achieving the best scores. For MissRatklissRateo and are con ned to the dataset on which the model is trained. Most
OffRoadRate our results are comparative to MacFormer [4%), the existing literature on prediction models has an inherent
PGP [15], XHGP [18] and THOMAS [44]. Notebly, Auto- problem of adaptability, i.e., adapting and evaluating these
bot [43], GOHOME [42], LaPred [41] and CXX [40] weremodels to practical autonomy pipelines suffers from perfor-
completely outperformed by GC-GAT. mance disparity, also known dgnamics gap47]. While GC-

For qualitative comparison, Fig. 2 shows positive exampl€SAT's explicit evaluation on an autonomous driving stack isn't
along with some prominent limitations of our model withperformed due to the scope of this study, it can be ported to any
different scene settings on nuScenes test set. Here, the msil-time autonomy pipeline since it has an average prediction
and third columns show a rasterized HD map with traf ¢éime of approx11:6 milliseconds (per batch prediction), when
participants whereas columns two and four show predictiagsted on an RTX 3070 mobile GPU with 8GB VRAM. For
results from the perspective of the target agent. We showcagsectical application, the autonomy pipeline should support
different types of road scenes, including intersections, fhe same input formulation on which the model is trained. A
junctions, left-right turns, and curves. The top three row$ynamic evaluation mechanism proposed in [47] can also be
show positive results (reasonable trajectory modes) whereasployed for real-time model evaluation.
the last two rows demonstrate the model's two most prominent
generalizability limitations i.e. rstly, predicted trajectories VI. CONCLUSIONS

with plausible goal estimates sometimes go through non-
b ¢ g ¢ h This work presented GC-GAT (Graph Conditioned Goal

drivable islands (shown in the second-last row), secondly, t ) - . : .
ﬁtentlon) model for predicting multi-modal trajectories. Our

model sometimes predicts illogical goals i.e. goals over wro del is inspired b derint tor-decod hitect
lanes, resulting in illogical trajectory modes (shown in the la 0del IS Inspired Dy encoder-interactor-decoder architecture
d is built on relevant existing works. The modal encodes

row). In general, the predictions don't suffer mode-collapse ik . . ! . . . . :
ne information using light-weight GRU's and interactions

all of the shown scenes, i.e., diverse outputs are predicted wiftt wred usi lti-neaded attenti o del
respect to road lanes. are captured using multi-headed attention. Our model pre-

dicts goal proposals and applies cross-attention over encoded
. scene context and goal proposals, making it robust in captur-
D. Ablation ing future goal-relevant dependencies. We benchmarked GC-
In this section, we analyze the effects of replacing differe®@AT on the famous nuScenes dataset, where we received
network layers and operations from the interactor module. Themparable scores with the current state-of-the-art, beating
interactor is chosen here because the current architecturedifferent baselines. Lastly, we discussed model's performance
encoder and decoder has already been ablated in [15] dadh quantitatively and qualitatively with addition of ablation
[17]. In such regard, Table.ll shows a quantitative comparisatudy for better understandability of model's architecture and
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