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ABSTRACT

Trajectory prediction is a highly desirable feature for safe naviga-

tion or autonomous vehicle in complex traffic. In this paper, we

consider the practical environment of predicting trajectory in the

heterogeneous traffic ecology. The proposed method has various

applications in trajectory prediction problems and also in applied

fields beyond tracking. One challenge stands out of the trajectory

prediction—heterogeneous environment. Particularly, many fac-

tors should be considered in the environments, i.e., multiple types

of road-agents, social interactions and terrains. The information

is complicated and large that may result in inaccurate trajectory

prediction. We propose two social and visual enforced attention

modules to circumvent the problem and a variant of an Info-GAN

structure to predict the trajectory with multi-modal behaviors. Ex-

perimental results show that the proposed method significantly

outperforms state-of-the-art methods in both heterogeneous and

homogeneous real environments.

CCS CONCEPTS

•Computingmethodologies→Computer vision; •Computer
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1 INTRODUCTION

Predicting trajectories with multiple road-agents (e.g., humans, ve-

hicles, and bicycles) has been prominent in multimedia system,

which requires an environment-understanding intelligent system.

An accurate trajectory prediction facilitates a wide range of appli-

cations, e.g., detecting suspicious activity in public areas, managing

the traffic congestion, providing safe navigation for autonomous

driving or social robots [35, 40]. Conventional methods focus on

using egocentric features, e.g., previous trajectory, for trajectory

prediction, which lacks considering some surrounding information,

i.e., multi-agents, in traffic environments. For example, some works

in trajectory prediction mainly focus on road-agents in homoge-

neous environments [2, 4, 10, 11, 21, 30, 31, 34, 39], which only

consists of a single type of road-agent in a scene. However, in real

driving environment, it is necessary to differentiate the interac-

tions among different types of road-agents such as the difference

between pedestrians and bikes or bikes and trucks. Therefore, un-

derstanding the interactions among heterogeneous agents may play

an important key in inferring trajectories.

Unfortunately, there is no straightforward way to fuse the inter-

actions among heterogeneous agents. It is a challenging task due

to the following facts: (1) Complicated interactions between different
road-agents.When facing cars or pedestrians on the road, people

would speculate their motion behaviors to avoid collisions. For

example, a car may stay away from an aggressive bike rider, or a

person may walk to someone who waves his hand. Therefore, this

oftentimes introduces numerous variables and make the trajectory

prediction more difficult [23]. (2) Various interactions between road-
agents and scene. Different traffic scenes usually bring more diverse

and complicated interactions to road-agents. For example, it is nor-

mal if the pedestrians walk on the sidewalk, while it is unusual for a

truck driving on the sidewalk. Besides, trajectories often depend on

spatial constraints. On the other hand, road-agents tend to follow

the terrain in the traffic scene to avoid obstacles and collisions [30].

(3) Different possible path generation.When facing different traffic

situations, people tend to consider numerous possible trajectory

https://doi.org/10.1145/3394171.3413602
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Figure 1: Illustration of the proposedmodel AEE-GAN . (top)

the white portion indicates the attended region. The pedes-

trians in the horizon region (in orange region) gain more at-

tention than other road-agents; (bottom) Three trajectories

show in a traffic scene—the prediction result, the observed

trajectory and the ground truth with the colors of green, or-

ange and blue, respectively.

choices for determining the control action according to predefined

criteria, e.g., risk minimization. Thus, the model should be able to

predict a range of plausible trajectories, which is challenging for

conventional prediction models [11].

Existing endeavors have demonstrated the strong correlations

between inferring the trajectories and the heterogeneous environ-

ments [6, 8, 23]. For example, TrafficPredict [23] assumes that the

same kind of road-agents shares similar behavior characteristics;

thus they introduce an LSTM-based 4D Graph, which an instance

layer and a category layer are constructed to capture the similar-

ity between different individuals. TraPHic [6] models the different

classes by taking into account the size of road-agents, and they

introduce the convolutional LSTM model with the idea of hori-

zon modeling, i.e., prioritizing the interactions in front of each

road-agent. Nevertheless, the second and third challenges remain

unsolved for the heterogeneous trajectory prediction task.

In addition, safety is an essential issue of autonomous navigation.

It is difficult to reassure the passengers based on the number of

performance from a trajectory prediction system. Therefore, besides

pursuing high accuracy at the same time, system explainability [41]

provides an essential component to convincing people during the

process. Specifically, an attention mechanism is introduced in our

model architecture design due to its enhancement toward the model

and the well-explainability for prediction.

Based on these observations, in this paper, we propose a novel

trajectory prediction model, namely, Attended Ecology Embedding-

based Generative Adversarial Networks (AEE-GAN ), to predict the

paths for each road-agent in heterogeneous environment. Specifi-

cally, we first embed the types of road-agents into the input state

space and utilize the visual information to implicitly learn the be-

haviors and interactions. Recurrent Visual Attention Enforcement

(RVAE) is further proposed to extract and update related visual

embedding from the ecology. Inspired by the recent success of the

self-attention mechanism that encodes the relationship across im-

age regions [38], RVAE first leverages the self-attention mechanism

to encode the long-range dependencies for capturing contextual

visual embedding. The long-range dependencies improve the abil-

ity to model the interaction between road-agents and the scene.

Moreover, the predicted trajectory is recurrently fed into RVAE to

update the visual embedding for the next prediction. In addition to

the visual embedding, we further propose Social Enforcement (SE)

to extract embedding of the interaction between road-agents. SE

applies both soft attention and horizon attention to handle compli-

cated interactions. Finally, after deriving the attended embedding,

inspired by [4], we utilize the Info-GAN structure to predict the

output trajectories. Different from [4], the proposed AEE-GAN

provides the feedback to update the visual embedding. The main

contributions of this paper are summarized in the following:

• We propose an attention-based model, Attended Ecology

Embedding-based Generative Adversarial Networks (AEE-

GAN) by considering both of the social interactions and

visual information from the from traffic scene and agents in

the practical environment.

• The attention mechanism is widely used in our model for

the performance improvement. First, the recurrent visual at-

tention extracts and updates visual information. Second, the

proposed social enforcement utilizes the horizon attention

to concentrate on important interactions and the attention

weights shows the impact of the neighboring agents.

• Experimental results on 7 real benchmarks demonstrate that

the proposed model outperforms state-of-the-art models by

at least 23.5% and 45% in heterogeneous and homogeneous

environments, respectively. These results with future up-

dates can be reproduced by our released code.
1

2 PRELIMINARIES

2.1 Problem Definition

Given the previous states of road-agents and scene information,

the goal of trajectory prediction is to estimate the 2D positions of

all road-agents in the future. Specifically, let 𝐼𝑡 denote the input

of scene information at time 𝑡 , e.g., top-view image or front-view

image. Furthermore, the state of road-agent 𝑖 at time 𝑡 is denoted as

𝑋 𝑖
𝑡 = (𝑝𝑖𝑡 , a𝑖𝑡 , 𝑐𝑖 ), where 𝑝𝑖𝑡 = (𝑥𝑖𝑡 , 𝑦𝑖𝑡 ) and a𝑖𝑡 = (a𝑖𝑥,𝑡 , a𝑖𝑦,𝑡 ) represent

the 2D position and 2D velocity, respectively, and 𝑐𝑖 denotes the

category of the road-agent 𝑖 , e.g., pedestrians, bicycles. Moreover,

let 𝜏 denote the observation period. The input states of the 𝑁 road-

agents from the time steps 𝑡 = 1, · · · , 𝜏 can be represented as:

𝑋 𝑖
1:𝜏 = {(𝑝𝑖𝑡 , a𝑖𝑡 , 𝑐𝑖 ) |𝑡 = 1, ..., 𝜏}, 1 ≤ 𝑖 ≤ 𝑁 .

Given a user-specified prediction period 𝑇 , the output is the coor-

dinates of 2D trajectory prediction for each road-agent 𝑖 between

frames 𝜏 + 1 and 𝜏 +𝑇 , denoted as 𝑌 𝑖
𝜏+1:𝜏+𝑇 , i.e.,

𝑌 𝑖𝜏+1:𝜏+𝑇 = {(𝑥𝑖𝑡 , 𝑦𝑖𝑡 ) |𝑡 = 𝜏 + 1, ..., 𝜏 +𝑇 }, 1 ≤ 𝑖 ≤ 𝑁 .

Therefore, the goal is to design a function 𝑓 with the parameters

Θ that can correctly predict the trajectories of each road-agent 𝑖

1
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Figure 2: An overview of our proposed AEE-GAN architecture. AEE-GAN consists of three key modules: Feature Encoder, En-

forcedAttention and LSTM-based Info-GAN. EnhancedAttentionmodule consists of Recurrent Visual Attention Enforcement

(RVAE) and Social Enforcement (SE). In addition to the adversarial loss calculation in GAN structure, 𝑐 and 𝑐 ′ is leveraged to

calculate the information loss.

between 𝜏 + 1 and 𝜏 +𝑇 , i.e.,

𝑌 𝑖𝜏+1:𝜏+𝑇 = 𝑓 (𝑋 𝑖
1:𝜏 ,∪𝑗≠𝑖𝑋

𝑗

1:𝜏
, 𝐼𝜏 ;Θ).

2.2 Related Work

Forecasting the trajectory of traffic objects in the dynamic scene

has been widely-studied in the last decade. Several approaches

for trajectory forecasting mainly aim at exploiting previous trajec-

tories of individuals to compute the future motion, e.g., Kalman

Filters [14] and Particle Filters [25]. However, these approaches

only consider the individual trajectories and do not deal with com-

plex environments such as traffic intersections and heterogeneous

traffic objects. To deal with the complex environment, some of the

previous studies take the scene information into account for pre-

dicting trajectories that comply the physical environment. Previous

works [5, 15, 16, 28, 37, 42] made use of scene information such as

map, image and semantic feature, to represent the complete and

global information of the environment, allowing the model to pre-

dict more plausible and realistic trajectories. However, all above

methods ignore the influence of the other agents’ information in the

scene on predicting the path for the road-agent. [12] introduces "so-

cial forces" to capture human motion with attractive and repulsive

forces. This model has been further extended by many researchers

[3, 24, 29, 36]. Nevertheless, most of these methods use handcrafted

rules/features to explicitly formulate the motion of road-agents

in the context, which may cause the limitation of their ability to

generalize in a complex scene.

With the advance of deep learning technology, many works based

on deep neural networks are proposed to directly learn the in-

teraction between road-agents from the data. One of the popular

deep neural networks for forecasting sequential behaviors is Recur-

rent Neural Nets [2, 11]. For example, Social-LSTM [2] constructs

LSTMs for each person in the scene and a social pooling layer to

aggregate the interactions of the neighboring humans. However, it

limits the number of considered pedestrians within a predefined

spatial grid. Therefore, Social-GAN [11] takes the influences from

all road-agents in the traffic scene into account and uses the GAN

model to generate different feasible trajectories. Nevertheless, in-

stead of properly preserving the multi-modal behavior, the results

are usually with high variances since it generates trajectories from

the input noise. Thus, Social Ways [4] applies Info-GAN, which

introduces latent code to enhance the multi-modality of prediction

and computes the attentive social features to generate a more con-

vincing result. Social-BiGAT [17] relies on BiGAN architecture to

help reduce the variance of the predicted trajectory distributions

and allow for better generalization. However, these methods focus

on the trajectory prediction in homogeneous environment without

considering the types of road-agents.

For heterogeneous environments, TrafficPredict [23] proposes to

construct a 4D Graph for representing instances, their interactions,

temporal information, and categorization of road-agents, and they

apply LSTMs to predict the trajectory based on the 4D Graph. How-

ever, the LSTMs fall short of capturing the spatial dependencies

between the encoded features from each individual. Therefore,

TraPHic [6] uses Convolutional Social Pooling LSTM [10] to learn

the locally useful interactions. Nevertheless, when the number of in-

teractions becomes large, e.g., prediction on homogeneous datasets

(many pedestrians), the performance significantly degrades due to

the unnecessary interaction modeling. In addition to capturing the

related features between the past trajectories, SoPhie [30] computes

the attentive interaction from the trajectory and visual embedding

derived from convolution layers. To the best of our knowledge,

this is the first work that exploits the enforced visual attention

to help model the long-range dependencies across visual regions

for trajectories prediction. In addition, by combining the enforced

social attention, our model learns to attend both socially and vi-

sually important information in the scene, leading our model to

achieve state-of-the-art performance on both homogeneous and

heterogeneous datasets.



3 AEE-GAN

To successfully predict trajectories of road-agents in a complicated

environment, it is necessary to consider different kinds of informa-

tion, e.g., the state and intention of other road-agents, surrounding

obstacles. Current approaches predict the trajectory of a road-agent

by attending to the interactions among road-agents in the scene.

Nevertheless, the road-agents in most scenarios do not react to all

the other road-agents around them, instead, they selectively con-

centrate on key interactions in front of them. Therefore, similar to

humans, attention is a limited resource, and the model requires only

paying attention to where is important for making the decision.

To better model these, we propose a novel method for focusing on

the salient features of the road-agents. Specifically, Fig. 2 illustrates

the proposed model, which is comprised of three main modules:

Feature Encoder, Enforced Attention and LSTM-based Info-GAN.

Feature Encoder extract 1) the semantic information from the given

scene at the last frame 𝐼𝜏 with a fully convolutional neural net-

work, 2) the geometric social features between each road-agent for

evaluating the influence of each road-agent [4], and 3) the state

history of each road-agent,𝑋 𝑖
1:𝑡𝜏

for modeling the temporal features

along trajectories. Afterward, Enforced Attention is composed of

two attention-based modules, namely, Recurrent Visual Attention

Enforcement (RVAE) and Social Enforcement(SE). RVAE leverages

the self-attention mechanism to provide refined scene features and

further concentrates on salient spatial information from the refined

visual feature and the predicted trajectory. On the other hand, SE

makes use of the soft attention module to model the interactions

between road-agents and enforce the attention on the key interac-

tion in the front region of the road-agent. Finally, the LSTM-based

Info-GAN module integrates all the feature vectors to predict multi-

ple plausible trajectories for each road-agent and feedback to RVAE

for better estimating the attention.

3.1 Feature Encoder

To obtain the information from the traffic scene, Feature Encoder

first extracts the visual features at time 𝑡 , denoted as 𝑣𝑡 , through a

Fully Convolutional Network (FCN). Here, we leverage the image

from the last frame 𝐼𝜏 for extracting visual features as follows:

𝑣𝜏 = 𝐹𝐶𝑁 (𝐼𝜏 ;𝑊𝐹𝐶𝑁 ), (1)

where 𝐹𝐶𝑁 (·) and𝑊𝐹𝐶𝑁 represent the Fully Convolutional Net-

work and corresponding weights, respectively. Moreover, we use

VGG-16 [33] as backbone and modify it into a fully convolutional

network [22] since it has been proved to be effective for extracting

semantic features and geometry contour [20].𝑊𝐹𝐶𝑁 is initialized

with the pre-trained weights on ImageNet and fine-tuned on the

task of semantic segmentation on Cityscapes dataset [9].

Moreover, to capture the temporal information along the past

trajectories, we use one LSTM layer to integrate the motion se-

quence of each road-agent. The motion feature of road-agent 𝑖 at

time 𝑡 is denoted as𝑀𝑡 (𝑖), i.e.,
𝑀𝑡 (𝑖) = 𝐿𝑆𝑇𝑀𝑒𝑛𝑐 (ℎ𝑒𝑛𝑐𝑡 (𝑖), 𝑋 𝑖

𝑡 ;𝑊𝑒𝑛𝑐 ), (2)

where 𝐿𝑆𝑇𝑀𝑒𝑛𝑐 denotes as the LSTM Encoder,ℎ𝑒𝑛𝑐𝑡 (𝑖) is the hidden
state in the LSTM Encoder for road-agent 𝑖 at time 𝑡 , 𝑡 ∈ [1, 𝜏].

In addition to visual features and individual trajectory features,

we further extract the social features, i.e., the interaction between

different road-agents, to better model the behaviors. Specifically,

similar to [4], we extract three features as the social features be-

tween road-agent 𝑖 and 𝑗 , denoted as 𝑠𝑖, 𝑗 by concatenating: (1) the

Euclidean distance between road-agents 𝑖 and 𝑗 , (2) the bearing

angle between road-agent 𝑖 and 𝑗 , and (3) the speculation distance

between road-agent 𝑖 and 𝑗 .

3.2 Enforced Attention

After encoding the features, Recurrent Visual Attention Enforce-

ment (RVAE) and Social Enforcement (SE) are proposed to derive

the attended ecology embedding by attending the visual and social

features, respectively.

Recurrent Visual Attention Enforcement. A problem of CNN

is about its receptive field, a stick object that crosses the long-range

of the image is hard to recognize. But the helpful information in

the traffic scene almost are come from long-range objects. e.g.,

The road that constrains vehicle driving, the sidewalk that peo-

ple usually walking on. Therefore, we exploit the self-attention

mechanism [38] to model long-range visual features and enrich

the multi-level dependencies toward the image region. Specifically,

there are R locations in the visual features 𝑣𝜏 . Let 𝑣
𝑝
𝜏 and 𝑣

𝑞
𝜏 denote

the 𝐶-dimension visual features of 𝑝𝑡ℎ and 𝑞𝑡ℎ locations, respec-

tively, i.e., 𝑣
𝑝
𝜏 , 𝑣

𝑞
𝜏 ∈ R𝐶 . We first compute the self-attention weight

of 𝑣
𝑝
𝜏 with regard to 𝑣

𝑞
𝜏 , denoted as 𝛼

𝑞,𝑝

𝑠𝑒𝑙 𝑓
, by projecting 𝑣

𝑝
𝜏 and 𝑣

𝑞
𝜏

into two feature spaces with two functions 𝜙1 and 𝜙2
2
, i.e.,

𝛼
𝑞,𝑝

𝑠𝑒𝑙 𝑓
=

𝑒𝑥𝑝 (𝜙1 (𝑣𝑝𝜏 ) · 𝜙2 (𝑣
𝑞
𝜏 ))∑𝑅

𝑝=1 𝑒𝑥𝑝 (𝜙1 (𝑣
𝑝
𝜏 ) · 𝜙2 (𝑣

𝑞
𝜏 ))

. (3)

We derive the attended feature 𝑜
𝑞
𝜏 by using the self-attention weight

to summarize transformed visual features, and re-projecting it to

the same dimension of the original visual features by 𝜙3, i.e.,

𝑜
𝑞
𝜏 = 𝜙𝑜

( 𝑅∑
𝑝=1

𝛼
𝑞,𝑝

𝑠𝑒𝑙 𝑓
𝜙3 (𝑣𝑝𝜏 )

)
, (4)

where 𝜙3 : R𝐶
′ → R𝐶 and 𝜙𝑜 : R𝐶 → R𝐶′

also are the learnable

projection and implemented through 1 × 1 convolutions. Finally,

the attended visual features of 𝑞𝑡ℎ are derived by multiplying a

scaling factor 𝜔 to 𝑜
𝑞
𝜏 and add back to the input feature map, i.e.,

𝜔𝑜
𝑞
𝜏 + 𝑣𝑞𝜏 where 𝜔 is a learnable parameter which is initialized

as 0. We further encode the attended visual features through a

convolution layer and a fully connected layer, and denoted as 𝑣𝜏 .

After enriching the global information of the visual features, the

enhanced visual features can be used to facilitate the trajectory

prediction from time 𝜏 + 1 to 𝜏 +𝑇 . However, the enhanced visual

features are not updated during time 𝜏 + 2 to 𝜏 +𝑇 , which might

cause improper attention if the road-agent is far from the original

attended region at time 𝜏 +𝑇 . To update the related visual region

with the trajectory prediction, we further recurrently compute the

attention between the predicted results and the visual features.

Specifically, the input attention takes the hidden state of the LSTM

Decoder from generator (ℎ𝑑𝑒𝑐
𝑡−1 (𝑖)) and the features after the self-

attention module (𝑣𝑙𝜏 ) to compute the attention coefficient. The

2
Here, 𝜙1 (𝑣𝑝𝜏 ) = 𝑊𝜙

1
𝑣
𝑝
𝜏 and 𝜙2 (𝑣𝑝𝜏 ) = 𝑊𝜙

2
𝑣
𝑞
𝜏 , where 𝑊𝜙

1
∈ R𝐶′×𝐶

, 𝑊𝜙
2

∈
R𝐶

′×𝐶
are two learnable matrices, and𝐶′

is the transformed dimension.



attention coefficient of visual features 𝑣𝑙𝜏 for predicted trajectory of

road-agent 𝑖 at time 𝑡 , denoted as 𝛼
𝑖,𝑙
𝑣2𝑝,𝑡

, is derived as follows:

𝛼
𝑖,𝑙
𝑣2𝑝,𝑡

=

𝑒𝑥𝑝

(
ℎ𝑑𝑒𝑐
𝑡−1 (𝑖) ⊙𝑊𝑣2𝑝𝑣

𝑙
𝜏

)
∑𝐿
𝑙=1

𝑒𝑥𝑝

(
ℎ𝑑𝑒𝑐
𝑡−1 (𝑖) ⊙𝑊𝑣2𝑝𝑣

𝑙
𝜏

) , (5)

where ⊙ represents Hadamard product operation, and 𝑊𝑣2𝑝

denotes the linear mapping of the visual features to pre-

dicted trajectory features. Finally, we multiply the weighted

vector with the embedded visual features to obtain the at-

tended visual ecology embedding for road-agent 𝑖 at time 𝑡 ,

i.e., 𝐸𝑣𝑖𝑠,𝑡 (𝑖) = (𝐸1
𝑣𝑖𝑠,𝑡

(𝑖), 𝐸2
𝑣𝑖𝑠,𝑡

(𝑖), ..., 𝐸𝑙
𝑣𝑖𝑠,𝑡

(𝑖), ...𝐸𝐿
𝑣𝑖𝑠,𝑡

(𝑖)), where
𝐸𝑙
𝑣𝑖𝑠,𝑡

(𝑖) = 𝛼𝑖,𝑙
𝑣2𝑝,𝑡

𝑣𝑙𝜏 .

It is worth noting that the RVAE not only focuses on the relevant

scene context in regard to road-agent 𝑖 , but also enriches the hetero-

geneous modeling. The shape and type of the related road-agents

in visual features are captured to specify their different interac-

tions, which is suitable for both homogeneous and heterogeneous

environments.

Social Enforcement. The interactions between road-agents also

take part in the trajectory prediction. Similar to [30], we model the

interaction between road-agent 𝑖 and road-agent 𝑗 in the traffic

scene by applying soft attention in Social Attention module. Specif-

ically, the attention coefficient of social features for road-agent 𝑖

to the other road-agent 𝑗 at time 𝑡 , denoted as 𝛼
𝑖, 𝑗
𝑠𝑜𝑐,𝑡 , is derived as

follows:

𝛼
𝑖, 𝑗
𝑠𝑜𝑐,𝑡 =

𝑒𝑥𝑝 (𝑠𝑖, 𝑗 ·𝑊𝑝2𝑠ℎ
𝑒𝑛𝑐
𝑡 ( 𝑗))∑

𝑘≠𝑖 𝑒𝑥𝑝 (𝑠𝑖,𝑘 ·𝑊𝑝2𝑠ℎ
𝑒𝑛𝑐
𝑡 (𝑘))

, (6)

where𝑊𝑝2𝑠 denotes the linear mapping of the predicted trajectory

features to the social features.
3
This attention computes all the

other road-agents in the traffic scene, even for the road-agents

far away from road-agent 𝑖 , which is too complicated to be well-

learned. Therefore, to place more emphasis on the interaction in

front of road-agent 𝑖 , we further calculate the Horizon Attention,

i.e., only considering the road-agent set 𝐻𝑡
𝑑
(𝑖), which contains the

road-agents in a semicircle region in front of road-agent 𝑖 with a

radius of 𝑑 meters at time 𝑡 . The horizon attention coefficient of

social features for road-agent 𝑖 to the other road-agent 𝑗 at time 𝑡 ,

denoted as 𝛼
𝑖, 𝑗

ℎ𝑜𝑟,𝑡
, is derived as follows:

𝛼
𝑖, 𝑗

ℎ𝑜𝑟,𝑡
=


𝑒𝑥𝑝 (𝑠𝑖, 𝑗 ·𝑊𝑝2𝑠′ℎ

𝑒𝑛𝑐
𝑡 ( 𝑗))∑

𝑘≠𝑖 𝑒𝑥𝑝 (𝑠𝑖,𝑘 ·𝑊𝑝2𝑠′ℎ
𝑒𝑛𝑐
𝑡 (𝑘))

, if 𝑗 ∈ 𝐻𝑡
𝑑
(𝑖),

0, otherwise.

(7)

where𝑊𝑝2𝑠′ denotes the new linear mapping of the predicted tra-

jectory features to the social features within the horizon. Finally,

to enrich the information from the road-agents in horizon region,

we combine the social and horizon attention information. Instead

of concatenating the outputs, we use entrywise sum adding the

horizon weighted features on the original social features to refine

the attentive information of the horizon agents. The attended social

3𝑠𝑖,𝑗 can be updated through time but the computation is expensive when the number

of road-agents is large.

ecology embedding for road-agent 𝑖 to other road-agent 𝑗 at time 𝑡

is obtained by

𝐸
𝑗
𝑠𝑜𝑐,𝑡 (𝑖) = ((𝛼𝑖, 𝑗𝑠𝑜𝑐,𝑡 + 𝛼

𝑖, 𝑗

ℎ𝑜𝑟,𝑡
)ℎ𝑒𝑛𝑐𝑡 ( 𝑗)) . (8)

We concatenate the 𝑁 attended social ecology embedding of road-

agent 𝑖 to derive 𝐸𝑠𝑜𝑐,𝑡 (𝑖).

3.3 Trajectory Prediction

Trajectory prediction is known as a multi-modal problem, i.e., given

a trajectory history, the prediction should be able to generate mul-

tiple plausible trajectories since people tend to have many possible

trajectory choices. A recent line of studies leverages the natural abil-

ity of GAN and proposes to use the input noise 𝑧 together with the

latent features of trajectory history to generate several possible tra-

jectories [11, 30]. Nevertheless, it does not impose any restrictions

on the generator, which may generate undesirable predictions, e.g.,

mode-collapsing trajectories when the generator tends to ignore 𝑧.

Inspired by [4], we leverage the Info-GAN architecture by addition-

ally taking a latent code 𝑐 as input and making 𝑐 meaningful via

maximizing a lower bound of the mutual information between the

distribution of 𝑐 and the distribution of the generated trajectory. As

such, the random values of 𝑐 are inclined to change the predicted

trajectories and alleviate the mode collapse. It is worth noting that

the Info-GAN architecture here is different from previous work [4]

since we feedback the predicted trajectory to RVAE for updating

of visual features. As such, the attended visual ecology embedding

are up-to-date for a better prediction.

Generator (G). Our generator uses one LSTM layer, 𝐿𝑆𝑇𝑀𝑑𝑒𝑐 , to

predict the future location of the road-agent. Specifically, the input

vector to our generator is concatenated as follows:

𝐾𝑡 (𝑖) = 𝑐𝑜𝑛𝑐𝑎𝑡 (ℎ𝑒𝑛𝑐𝑡 (𝑖), 𝐸𝑣𝑖𝑠,𝑡 (𝑖), 𝐸𝑠𝑜𝑐,𝑡 (𝑖), 𝑧, 𝑐) . (9)

That is, we take the noise vector 𝑧 sampled from a multivariate

normal distribution and a coding variable 𝑐 as input while condition-

ing the Generator on the hidden states of 𝐿𝑆𝑇𝑀𝑒𝑛𝑐 , the attended

ecology visual embedding 𝐸𝑣𝑖𝑠,𝑡 (𝑖) and attended ecology social em-

bedding 𝐸𝑠𝑜𝑐,𝑡 (𝑖). Accordingly, the generated future state for each

road-agent is obtained by

𝑌𝑡 (𝑖) = 𝐿𝑆𝑇𝑀𝑑𝑒𝑐 (ℎ𝑑𝑒𝑐𝑡 (𝑖), 𝐾𝑡 (𝑖);𝑊𝑑𝑒𝑐 ). (10)

Discriminator (D). The discriminator consists of one LSTM layer

alongwith one FC layer for encoding the past trajectory and another

LSTM layer along with one FC for encoding the future trajectory,

which is either sampled from the ground truth or predicted by the

generator. We concatenate the output of these two encoded vectors

and use it to 1) classify whether the future trajectory is fake or real,

and 2) reconstruct the latent code 𝑐 ′ that maximizes the mutual

information (please refer to Fig. 2).

Losses. Besides the adversarial loss function, we train another

sub-network 𝑄 (𝑐 |𝑋1:𝜏 ) with parameters \𝑄 to evaluate the mutual

information between the latent code c and the generated samples.

As a result, the overall objective function 𝑉 of our model is:

𝑚𝑖𝑛\𝐺 ,\𝑄𝑚𝑎𝑥\𝐷𝑉 (\𝐺 , \𝑄 , \𝐷 ) =

E[𝑙𝑜𝑔𝐷 (𝑌 𝑖𝜏+1:𝜏+𝑇 |𝑋
𝑖
1:𝜏 ;\𝐷 )]+

E[𝑙𝑜𝑔(1 − 𝐷 (𝐺 (𝑧 |ℎ𝑒𝑛𝑐𝑡 (𝑖), 𝐸𝑣𝑖𝑠,𝑡 (𝑖), 𝐸𝑠𝑜𝑐,𝑡 (𝑖);\𝐺 );\𝐷 ))]−
_E[𝑙𝑜𝑔𝑄 (𝑐 |𝐺 (𝑧 |ℎ𝑒𝑛𝑐𝑡 (𝑖), 𝐸𝑣𝑖𝑠,𝑡 (𝑖), 𝐸𝑠𝑜𝑐,𝑡 (𝑖);\𝐺 ), \𝑄 )] .

(11)



4 EXPERIMENTS

In this section, we compare the performance of AEE-GAN against

the various baselines on two heterogeneous datasets: Waymo [1]

and Stanford drone dataset [29], as well as on two commonly-used

homogeneous datasets, i.e., ETH [27] and UCY [19]. Moreover, a

qualitative analysis of the trajectories generated by our AEE-GAN is

provided to demonstrate the effectiveness of the proposed RVAE

and SE. For the implementation details and more results, please

refer to the following link: https://ego2eco.github.io/.

Datasets. Two real datasets are used to evaluate the performance of

AEE-GAN in heterogeneous environments. The first one is Waymo

dataset [1] which is recently released and consists of front-view

images of various real-world road-agents (i.e., vehicles, pedestrians

and bikes) navigating in a wide range of environments, from dense

urban centers to suburban landscapes, as well as data collected in

different weather. The coordinates of Waymo dataset are provided

in the world coordinate. To construct the dataset for trajectory

prediction, similar to [29], we observe trajectories for 2.4 seconds

and predict for 3.6 seconds, where each trajectory is sub-sampled

every 0.3 seconds. Finally, 9750 instances are created and 5-fold

cross validation is used for evaluation. Similar to Waymo, the other

heterogeneous dataset is Stanford Drone Dataset (SDD) [29], which

is a standard benchmark for trajectory prediction containing the

categories of the road-agents. Different from Waymo dataset, the

images are provided from the top-view angle and the coordinates

are provided in pixel. Moreover, the scene context in SDD covers a

variety of outdoor places and contains more spatial constraints such

as intersection and roundabouts on a university campus. There are

other datasets of heterogeneous traffic such as Apolloscape [13]

and TRAF [7], unfortunately, due to the lack of raw image and

camera matrices, respectively, we could not make use of them in

our paper.

In addition to the heterogeneous dataset, we also evaluate the

performance of AEE-GAN in the homogeneous environment on

two commonly-used homogeneous datasets, i.e., ETH [27] and UCY

[19] datasets. These two datasets contain annotated trajectories

of the real-world pedestrians with a variety of social interaction

scenarios, including collision avoidance behavior, group movement,

group forming, and group dispersing. ETH dataset consists of two

unique scenes, ETH and Hotel, while UCY dataset contains 3 unique

scenes, Zara01, Zara02, and Univ. Each frame in both datasets in-

cludes top-view images and 2D locations of each person in the

world coordinate. Both of the datasets take place in a relatively less

constrained outdoor environment.

Evaluation Metrics. Similar to prior works [4, 11, 30], we use the

following metrics to evaluate the proposed system:

(1) Average Displacement Error (ADE): Average L2 distance be-
tween ground truth and our prediction overall predicted time

steps.

(2) Final Displacement Error (FDE): The distance between the

predicted final destination and the ground truth final desti-

nation at the end of the prediction period 𝑇 .

Baselines. We compare AEE-GAN against 4 state-of-the-art mod-

els on Waymo dataset, including 1) S-GAN-P [11], an LSTM-GAN

hybrid network that applies generative adversarial architecture

to Social LSTM [2], 2) S-Ways [4], a GAN predictor that applies

Table 1: Quantitative results of AEE-GAN vs. baseline mod-

els on the front-view and heterogeneous dataset, Waymo.

ADE and FDE are used as the errors metrics and reported

in meters, which are separated by a slash.

Baselines Ours

Waymo

S-GAN-P S-Ways TraPHic S-STGCNN AEE-GAN

6.05 / 11.26 5.87 / 10.17 5.79 / 10.87 3.71 / 6.05 3.24 / 5.84

the Info-GAN architecture to S-GAN [11], and 3) TraPHic [6], an

LSTM-CNN hybrid network that models the interactions between

heterogeneous road-agents 4) S-STGCNN [26], a GCN based model

that through a Spatio-Temporal Graph CNN and following by the

Time-Extrapolator CNN layers. For Stanford Drone Dataset, we

compare AEE-GAN against 5 state-of-the-art models including 1)

S-GAN-P, 2) SoPhie [30], a predictive model that applies attention

mechanism to S-GAN [11], 3) Lin, a linear regressor, 4) S-LSTM [2],

an LSTM-based network that models interaction with LSTM unit,

and 5) DESIRE [18] which is an RNN-based conditional variational

auto-encoder (CVAE) applying inverse optimal control (IOC). For

homogeneous datasets, ETH and UCY, several homogeneous base-

lines are compared with AEE-GAN, including S-LSTM, S-GAN-P,

SoPhie and S-Ways. Furthermore, to understand the effectiveness

of our proposed Self Attention module and Horizon Attention mod-

ule, we also compare three versions of our model in an ablation

setting on all the datasets, i.e., our complete model (AEE-GAN),

AEE-GAN without using Horizon Attention module (Ho) and AEE-

GAN without using the Self Attention module (So).

4.1 Quantitative Results

Waymo Dataset. Table 1 shows the performance of the baselines

and our algorithm on the heterogeneous front-view dataset in

terms of ADE and FDE in meter space. S-STGCNN models the

spatio-temporal dependencies at one shot and outperforms other

baselines. However, AEE-GAN still outperforms S-STGCNN since

AEE-GAN jointly consider both visual and social features. The re-

sults manifest that AEE-GAN is capable of modeling interaction

between different road-agents by incorporating the type and the En-

forced Attention. Furthermore, the long-range relation in the image

generated by the self-attention mechanism allows for more accu-

rate trajectory predictions on the heterogeneous dataset. Moreover,

TraPHic is better than S-GAN-P and S-Ways because it incorpo-

rates the heterogeneous-based weighted interactions to model the

interaction between heterogeneous road-agents.

Stanford Drone Dataset (SDD). Table 2 compares AEE-GAN to

several baselines in terms of ADE and FDE in pixel space. AEE-

GAN outperforms all other baselines, suggesting that combining

the proposed RVAE and SE help AEE-GAN generate more accu-

rate predictions. Lin performs the worst, while S-LSTM and S-GAN

provide a slight improvement in accuracy.DESIRE provides a signif-

icant improvement due to the use of scene contextual information.

Meanwhile, SoPhie performs better than other baselines since it

incorporates both social and physical attention with GAN.

ETH and UCY. Here, we compare AEE-GAN against different

baselines to demonstrate that the proposed AEE-GAN outperforms

other homogeneous state-of-the-art methods on the homogeneous

https://ego2eco.github.io/


Table 2: Evaluation on Stanford Drone Dataset (SDD). ADE and FDE of various models are reported in pixels. AEE-GAN out-

performs other baselines since the combination of Social Enforcement module and Visual Enforcement module allows AEE-

GAN model the interaction between road-agents and road-agents, as well as the interaction between road-agent and scene.

Baselines Ours

SDD

Lin S-LSTM S-GAN-P DESIRE SoPhie AEE-GAN

37.11 / 63.51 31.19 / 56.98 28.31 / 42.63 19.25 / 34.05 16.27 / 29.38 12.45 / 14.00

Table 3: ADE and FDE of AEE-GAN and baselines are reported in meters on several homogeneous dataset, which are separated

by a slash.

Baselines Ours

Dataset S-LSTM S-GAN-P SoPhie S-Ways S-STGCNN AEE-GAN

ETH 1.09 / 2.35 0.77 / 1.38 0.70 / 1.43 0.39 / 0.64 0.62 / 1.07 0.32 / 0.44

Hotel 0.79 / 1.76 0.44 / 0.89 0.76 / 1.67 0.39 / 0.66 0.41 / 0.51 0.19 / 0.23

Univ 0.67 / 1.40 0.75 / 1.50 0.54 / 1.24 0.55 / 1.31 0.62 / 1.07 0.37 / 0.56

ZARA1 0.47 / 1.00 0.35 / 0.69 0.30 / 0.63 0.44 / 0.64 0.40 / 0.61 0.24 / 0.33

ZARA2 0.56 / 1.17 0.36 / 0.72 0.38 / 0.78 0.51 / 0.92 0.31 / 0.49 0.26 / 0.25

AVG 0.71 / 1.53 0.53 / 1.02 0.53 / 1.15 0.45 / 0.83 0.48/ 0.73 0.27 / 0.36

Table 4: Ablation studies on Stanford Drone Dataset and

Waymo Dataset in terms of ADE and FDE.

Ours

Dataset Ho So AEE-GAN

Waymo 5.31 / 9.49 3.74 / 7.19 3.24 / 5.84

SDD 15.88 / 27.67 13.83 / 21.03 12.46 / 14.01

ETH 0.35 / 0.53 0.34 / 0.43 0.32 / 0.44

Hotel 0.30 / 0.36 0.22 / 0.23 0.19 / 0.23

Univ 0.46 / 0.74 0.51 / 0.96 0.37 / 0.56

ZARA1 0.28 / 0.47 0.25 / 0.34 0.24 / 0.33

ZARA2 0.27 / 0.46 0.28 / 0.47 0.26 / 0.25

dataset. The prediction errors for both ADE and FDE are reported in

meter space. Table 3 shows that AEE-GAN averagely outperforms

all the other models by at least 40% and 50.6% with regards to ADE

and FDE in homogeneous environments. S-LSTM performs the

worst since it only concerns the interaction between the neighbor-

ing people without taking all the people in the scene into account.

S-GAN-P improves S-LSTM by applying the pooling module to

model the interactions of all people involved in the scene and lever-

aging the generative ability of GAN architecture, while SoPhie

outperforms S-GAN-P because it applies both social attention and

physical attention. On the other hand, S-Ways outperforms other

baselines since it applies the Info-GAN architecture to preserve the

multi-modal property.

Ablation Studies. To analyze the effectiveness of our proposed

Horizon Attention module and Self Attention module, we per-

form ablation studies on multiple homogeneous and heterogeneous

datasets, as reported in Table 4. The results manifest that although

both variants of our full method outperform all the other baselines

(please refer to Tables 1 , 2 and 3), the variant that does not use

Horizon Attention module (𝐻𝑜 ) has a higher error than the variant

with Horizon Attention module but without using Self Attention

module (𝑆𝑜 ). The result suggests that the Horizon Attention mod-

ule contributes more to the accuracy even on the Stanford Drone

Dataset. Meanwhile, by jointly strengthen the ability to model so-

cial interaction and the interaction between road-agent and scene

by incorporating both Enforcement modules, AEE-GAN achieves

the best performance. There is another more subtle ablation study

performed on Waymo dataset, please refer to the supplementally

material for the details.

4.2 Qualitative Results

The impact of Recurrent Visual Attention Enforcement. To

demonstrate the effectiveness of the Recurrent Visual Attention En-

forcement module for helping to predict the trajectory compliant to

spatial constraints, we sample 30 random observation trajectories

of the road-agents from the test set. AEE-GAN generates prediction

trajectories by using the 30 random observations in the scene as the

starting points. The distribution of these predicted trajectories is

capable of identifying a moveable area according to the spatial con-

straints. Fig. 3 presents two unique scenes from SDD, showing an

interpretable traversability map by using the distribution heatmap

of the prediction trajectories. In the first scene, Nexus 6, we can

see that the generated distribution is compliant to the central road

and the path to the side, while in Nexus 9, our generated prediction

trajectories are able to identify the central road as well as the path

to other complicated sidewalks and intersection. Therefore, the

Recurrent Visual Attention Enforcement module indeed facilitates

the recognition of the traversable areas.

Horizon Attention. To show the effectiveness of our Horizon At-

tention module, we compare S-Ways [4] which uses the same Social

Attention module as our model and the variation of our model, VTo,

which solely uses the Horizon Attention module to strengthen the

original Social Attention module. Here, UCY dataset is used to show

the distribution of our attention weight and the effectiveness of

our attention module for different social interaction scenarios since

UCY dataset which contains many social behaviors. Fig. 4 visualizes

the attention weights of the Social Enforcement module (a) and



Figure 3: Visualization of the distribution of the prediction

trajectories. The distribution of the trajectories is presented

in red, and the 30 random starting samples are illustrated as

blue crosses. The figure is best viewed in color.

Figure 4: Visualization of the social attention coefficient

𝛼
𝑖, 𝑗
𝑠𝑜𝑐,𝑡 . Each number denotes the coefficient of other agents

in regard to agent i (red line). Rows shows two prediction

results predicted by S-Ways and AEE-GAN respectively.

the prediction trajectories (b). S-Ways fails to emphasize on the

road-agents in front of the predicted agent but only focuses on

the neighboring agent. As such, the red predicted trajectory occur

collision. In contrast, our model provides a more appropriate atten-

tion weights distribution that allows the predicted agent to notice

important regions and predict a movement to avoid the collision.

4.3 Visualizations of RVAE

To investigate the performance of RVAE, we use Grad-Cam [32]

to visualize the result of visual attention by the heatmap, which

represents the attention weight toward the image pixels. Fig. 5

shows the visualization results on SDD and Waymo Datasets. The

major difference between the two datasets is the camera angle,

where SDD dataset is mostly presented in a top-down view, while

Waymo Dataset is mostly presented in front view. This difference

leads to an interesting comparison between the visual attention of

two datasets. In Waymo, RVAE often focuses on the region which

may pass in the future. In contrast, in the SDD dataset, the attended

region of RVAE sometimes not only be the future path area but also

be the region which might "potentially” affect the prediction result.

i.e., the flowerbed in the road circle is a physical constraint that

people can not pass (Fig. 5(b)). This is probably due to the image

scene will not be changed in the top-down view dataset (SDD), and

Figure 5: Visualizations of RVAE. (a)(b) show the results

from SDD, and (c)(d) show the results from Waymo Dataset.

The heatmap indicates that which region will be focused

on when we predict the current agent’s trajectory. The pre-

dicted results of trajectory and ground truth are colored in

pink and green, respectively.

our model is, therefore, able learn to focus on the specific region

which might affect prediction results. When the visual information

is constantly changing, i.e., the front view (Waymo), the attention

module only focuses on the region which is informative for the

predicted trajectories based on the current image.

5 CONCLUSION

We conduct the problem of trajectory prediction in heterogeneous

environment and propose AEE-GAN for attending to important

features via Recurrent Visual Attention Enforcement and Social

Enforcement. We design an Info-GAN architecture to generate

multi-modal trajectories with recurrent feedback. Experimental

results demonstrate that AEE-GAN achieves state-of-the-art perfor-

mance on several trajectory prediction benchmarks. The proposed

method, AEE-GAN provides better results in the top-view data than

in front-view data due to the complete surrounding information.
In the future, we plan to improve the front-view by incorporating

more information from the ecology, e.g., 3D features, the traffic

signals and audio signals as auxiliary information.
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