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Abstract

In this article, we present a flow-based framework for multi-modal trajectory

prediction, which is able to provide an accurate and explicit inference of the

latent representations on trajectory data. Differently from other typical gener-

ative models (such as GAN, VAE, etc.), the flow-based models aim at learning

data distribution explicitly through an invertible network, which can convert

a complicated distribution into a tractable form via invertible transformations.

The whole framework is built upon the standard encoder-decoder architecture,

where the LSTM is exploited as the fundamental block to capture the tempo-

ral structure of a trajectory. As a core module, we incorporate an invertible

network that can learn the multi-modal distributions of trajectory data and

further generate plausible future paths by sampling tricks from the standard

Gaussian distribution. Extensive experiments carried out on synthetic and real-

istic datasets demonstrate the effectiveness of the proposed approach, and show

the advantages as compared to the GAN-based and the VAE-based prediction

frameworks.
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1. Introduction

The task of predicting future trajectories has drawn great attentions in the

field of computer vision, which covers a wide range of applications, including

visual surveillance, autonomous driving, navigation, and traffic dispersion, to

name a few. A good predictive model does not only need proper long-term5

sequential modeling mechanisms for accurate prediction, but also an efficient

way to learn the multi-modal characteristics of trajectory data, for the purpose

of handling the problem of behavior uncertainty. With the rapid development

of modern machine learning techniques, generative models such as generative

adversarial networks (GAN) [1] and variational auto-encoders (VAE) [2] have10

shown great potentials in multi-modal data generation, and further been ex-

tended to deal with sequential modeling [3] [4] [5] [6]. The GAN-based models

usually consist of a generator and a discriminator, where the former is used to

generate new samples and the later is used to distinguish samples from real dis-

tribution and fake ones produced by the generator. Although GAN can generate15

the expected data properly, it can not infer the latent representations of original

data directly, due to the lack of an encoder. Moreover, they usually suffer from

the problem of mode collapse [7] as well, which implies that the generator may

only provide limited numbers of modes which appear in the training set. As for

the VAE-based approaches, they utilize probabilistic graphical models to learn20

the underlying structure of data, which can approximate the latent representa-

tions of original data by optimizing the lower bound on the data log-likelihood.

However, this kind of approximation is non-deterministic and inaccurate, since

the reparameterization trick requires a random noise vector for data generation,

thus may produce unrealistic samples.25

Comparing to the wide applications of GAN and VAE, another branch of

generative models, namely the flow-based models (such as NICE [8], RealNVP

[9], and Glow [10]) have become popular in the recent years. The flow-based

models are supposed to learn the data distribution explicitly. To this aim, they

exploited a chain of invertible transformations that can convert a complicated30
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distribution into a tractable form. Since these transformations are reversible,

it can be straightforward to learn the target distribution from a simple one

following the change of variables theorem [10]. The flow-based models have

their distinct advantages, allowing: (1) explicit and accurate inference of the

latent variable; (2) the log-likelihood optimization on real data; (3) efficiency in35

parallelization; and (4) potential downstream tasks in the latent space.

Motivated by the advantages mentioned above, we provide a flow-based ar-

chitecture in this work for human trajectory prediction, where an invertible

network serves as the core part, accounting for the multi-modal characteristic-

s of trajectory data. Unlike GAN-based models, the proposed framework can40

learn the multi-modal distribution explicitly. In contrast to VAE-based models,

the proposed framework can provide a deterministic and accurate inference of

the latent representation, thus ensuring high-quality data generation. In the

experimental section, we will further compare the prediction performances with

the standard GAN-based and VAE-based prediction frameworks, and show the45

strength of the flow-based model. Moreover, the proposed model has a simple

yet efficient architecture. The time consumption for both training and inference

is much lower than the GAN-based framework.

To sum up, the main contributions of this work are listed as follows:

(1) We introduce a flow-based invertible network to model multi-modal trajecto-50

ry distributions, where plausible future paths can be generated by sampling

from the standard Gaussian distribution.

(2) The proposed framework can not only produce multi-modal future trajec-

tories, but also generate trajectories with a pre-defined motion modality.

(3) We conduct extensive experiments on synthetic data and realistic bench-55

mark datasets, which demonstrate that the proposed framework can achieve

better prediction performances as compared to other GAN-based and VAE-

based schemes.

The rest of the paper is organized as follows. In Section 2, we review the

recent literature in trajectory forecasting. In Section 3, we present the over-60
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all framework, together with the detailed model training and path forecasting

pipelines. Experimental results are reported in Section 4, to evaluate the perfor-

mances in terms of multi-modal trajectory generation and prediction accuracy.

Conclusions are drawn in Section 5.

2. Related work65

Trajectory prediction has emerged as a relevant topic in computer vision,

with a wide range of applications, including video surveillance [11], abnormal

event detection [12] [13], and crowd analysis [14] [15] [16], to name a few. In

the following, we will present the recent progress in detail.

In its early stages, the research in this area has focused on simple yet effec-70

tive solutions, such as the first-order Markov model. However, the limitation of

handling only one-step predictions turned out to be insufficient in many realistic

scenarios [17]. With the emergence of recurrent neural networks (RNN), long-

term future prediction has become applicable. Moreover, thanks to the help of

attention mechanisms [18], social interactions can be taken into considerations75

as well. In [19], Alahi et al. presented the so-called social-LSTM for trajectory

prediction, where the social pooling layer was introduced to capture the impor-

tance of each person in the neighborhood. In [20], Bartoli et al. proposed a

context-aware recurrent neural network, which can jointly model human-human

and human-space interactions for trajectory forecasting. In [21], Huang et al.80

used a spatial-temporal attention network for trajectory prediction, where mu-

tual interactions were modeled by the spatial attention mechanism, while the

temporal correlations of interactions were modeled using another extra LSTM

block. In [22], Vineet et al. exploited the graph attention networks to mod-

el interactions among pedestrians. In [23], Mohamed et al. presented a novel85

convolutional neural network which was built upon the social spatio-temporal

graph, allowing interaction modeling through graphical models. In [24], Zhang

et al. proposed a hybrid spatio-temporal embedding network for trajectory

forecasting, where group influences were taken into account as well.
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Most approaches presented above can merely provide uni-modal prediction.90

In order to capture the uncertainty of future behaviors, generative models were

widely exploited, due to their capability of understanding the underlying struc-

ture of data in the physical world and the promising performances in the appli-

cations of sequential data modeling, such as image generation [25] [26], audio

synthesis [27], and text analysis [28], etc. In [3], Gupta et al. provided a95

novel path prediction framework, which combined sequence modeling and gen-

erative adversarial networks together. The overall framework was trained in

a generative-adversarial manner, where the generator G was able to produce

plausible future locations, and the discriminator D was used to evaluate the

quality of predicted trajectories. In [6], Amirian et al. exploited Info-GAN for100

multi-modal trajectory prediction, in order to deal with the problem of mod-

e collapse. In [4], the so-called Sophie model was proposed, which adopted a

similar GAN-based mechanism. In [5], Lee et al. proposed the DESIRE frame-

work for multi-modality modeling, where the core sample generation module was

implemented using a conditional variational auto-encoder (CVAE), which can105

produce multiple plausible trajectories. In addition to generative models, other

approaches have been investigated as well. In [29], Makansi et al. proposed

a sampling and fitting framework for multi-modal future trajectory prediction,

which can overcome the limitation of traditional mixture density networks. In

[30], Li et al. presented a generic trajectory forecasting framework based on110

evolving interaction graphs, which was able to jointly forecast the multi-modal

trajectory distribution of multiple agents in the scene. In [31], Rhinehart et

al. proposed a re-parameterized push-forward policy that can be applied under

the autonomous driving background, achieving very promising performances on

the KITTI dataset [32]. In [33], a goal-conditioned forecasting strategy was115

proposed for autonomous vehicles. By exploiting the past position and LIDAR

data, it is able to predict multi-modal future trajectories in a multi-agent set-

ting. In [34], Yuan et al. proposed a novel transformer for multi-agent trajectory

forecasting, which was able to model the time and social dimensions simultane-

ously. In [35], Song, et al. presented a model-based planning framework, which120
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aims at predicting the future trajectories of on-road vehicles. In [36], Salzmann

et al. designed a graph-structured recurrent model called Trajectron++ for di-

verse trajectory prediction, which integrated with robotic planning and decision

making strategies. In [37], Liang et al. proposed a feature pyramid network for

trajectory prediction, which can learn rich temporal information at multiple125

scales.

3. Methodology

In the following, we will first present the annotations used in this work:

• Let X={x1, x2, ... , xTobs
} and Y={y1, y2, ... , yTpred

} be the observation

sequence and the ground truth of the prediction sequence of a trajectory,130

respectively, where Tobs and Tpred indicate the corresponding sequence

lengths. Each xi (or yi) is a 2D coordinate that indicates the position of

a pedestrian on the ground plain.

• Let Ŷ={ŷ1, ŷ2, ... , ŷTpred
} be the prediction sequence.

• xh
t (or yht ) indicates the hidden representation of a trajectory point at a135

given time step t.

• z indicates the latent variable generated from the Gaussian distribution,

which is used to capture the diversity of the future path.

The whole framework consists of an encoder, an decoder, and an invertible

network, which aims at estimating the future path Ŷ given the past motion140

history X (as shown in Figure 1). The encoder and the decoder are implemented

using the standard LSTM module, aiming at modeling the temporal evolution

of trajectory data. Specifically, we use two independent LSTMs to model the

observation and the prediction sequences, respectively. The invertible network

is supposed to learn the distribution of future trajectories, where the hidden145

representation of a future trajectory can be converted into a latent variable

that subjected to the standard Gaussian distribution. Once the model is fully

trained, the future path can be readily generated by sampling tricks.
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LSTM LSTM · · · LSTM LSTM LSTM · · · LSTM

Encoder Encoder

x1 x2 xTobs y1 y2 yTpred

f−1(θ) z f(θ)

Invertible Network

xh

Tobs
yh

Tpred
ỹh

Tpred

LSTM LSTM · · · LSTM

ŷ1 ŷ2 ŷTpred

Decoder

Figure 1: The overall framework is comprised by an encoder and a decoder. Specifically, we

introduce an invertible network in the encoder, which aims at modeling the distributions of

the future trajectories. � represents the concatenation operation.

3.1. Invertible network

For the hidden representation of a trajectory point in the prediction se-

quence, namely, yht , we build an invertible network, which is able to map yht

into a random variable z (usually sampled from a tractable distribution). We

use θ to indicate the parameters of the invertible network, as presented in Eq.

(1):

forward: z = f(yht ; θ); yht ∼ Ph(·).

reverse: yht = f−1(z; θ); z ∼ Pz(·).
(1)

Following the change of variables theorem, we have:

Ph(yht ) = Pz(z) · |det(
dz

dyht
)|, (2)

where det(·) computes the determinant of a matrix.150

For a given training set of N trajectories, we would like to maximize the joint

likelihood of {yht,i} (i=1, 2, 3, ..., N), which equals to minimize its negative log

likelihood (NLL). Therefore, the objective function L(θ) can be formulated as:

L(θ) = −
N∑
i=1

logPh(yht,i)

= −
N∑
i=1

[logPz(zi) + log |det(
dzi
dyht,i

)|].

(3)
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According to Eq. (1), we have zi=f(yht,i), where zi={zi,1, zi,2, ... , zi,d} is

a d-dimensional vector. Assume each element in zi is independent, and follows

the standard Gaussian distribution, then the term logPz(zi) in Eq. (3) can be

rewritten as:

logPz(zi) = log

d∏
j=1

Pz(zi,j) =

d∑
j=1

logPz(zi,j)

=
d∑

j=1

log(
1√
2π

e−
z2i,j
2 ) = −1

2

d∑
j=1

(z2i,j + log(2π)).

(4)

As for the second term in the brackets in Eq. (3), we exploit the affine

coupling layer as presented in [9] to compute the Jacobian matrix. For any yht ,

we first split it into two separated parts, A and B, which will be involved in the

affine operation according to the following steps (see Eq. (5)).

(A,B) = split(yht );

s = NNs(B), t = NNt(B);

za = s ·A + t, zb = B;

z = concate(za, zb).

(5)

In the above equations, NNs(·) and NNt(·) can be any complicated neural net-

works, whose weight matrices are the main parameters of the invertible network.

This operation can guarantee: (1) the transformation yhh→z is invertible; and (2)

the Jacobian matrix is lower triangular, whose determinant is easy to compute.

Therefore, we can simplify the computation as in Eq. (6):

log | det(
dzi
dyht,i

)| = sum(log |diag(
dzi
dyht,i

)|), (6)

where diag(·) takes the diagonal of the Jacobian matrix, log(·) computes the

element-wise logarithm of a vector, and sum(·) indicates the summation of all

the elements in a vector.

Obviously, Eqs. (4) and (6) are merely the functions of θ. We substitute

them into Eq. (3), and obtain the final form of the objective function.155

As for yht , we set t=Tpred in this work. Since Tpred represents the last time

step in the prediction sequence, yhTpred
can preserve the motion information
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with respect to the overall prediction sequence. Considering all the N training

trajectories, we can obtain a set of {yhTpred,i
} (i=1, 2, ..., N) from the LSTM

model. Standard stochastic gradient descent algorithms can be used to optimize160

the objective function, in order to estimate the parameters θ of the invertible

network.

3.2. Model training

For model training, our targets are: (1) learning parameters of the LSTM

blocks in the encoder and decoder, respectively, which are used to generate165

future locations sequentially; (2) learning parameters of the invertible networks,

which enables the bidirectional mapping: yhTpred
↔ z, where z is restricted to

the standard Gaussian distribution. This constraint implies that it can be easy

to infer the future path by sampling. Particularly, yhTpred
and z should have the

same dimension.

X Encoder

Y Encoder Forward Reverse

NLL Loss

Decoder

Lp Norm

yh
Tpred

z

ỹh
Tpred

xh
Tobs

yt ŷt

Figure 2: The training diagram of the proposed framework.

170

The training diagram is presented as in Figure 2, which can be summarized

in Eq. (7). The encoder consists of two separated LSTMs, which model the

observation and the prediction sequences, respectively. We use xh
Tobs

and yhTpred

to indicate the hidden representations of the two sequences at the correspond-

ing time steps. The function invert(·) indicates the mapping modeled by the

invertible network: yhTpred
→z, and z→ỹhTpred

. With the training procedure going

on, ỹhTpred
will gradually approximate to yhTpred

. The concatenation of ỹhTpred
and

xh
Tobs

serves as the input of the decoder, which will then generate the future
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locations sequentially.

xh
Tobs

= encoder(X),

yhTpred
= encoder(Y),

ỹhTpred
= invert(yhTpred

),

ŷ = decoder(concate(xh
Tobs

, ỹhTpred
)).

(7)

The overall loss (see Eq. (8)) is comprised by two parts: (1) the reconstruc-

tion error, which exploits the Lp norm between y and ŷ; and (2) the NLL loss

of the invertible network.

L =

Tpred∑
t=1

∥yt − ŷt∥p + L(θ). (8)

When training recurrent networks, two different training modes can be ex-

ploited, namely the free-running mode and the teacher-forcing mode. As for

the free-running mode, the output of the current state serves as the input of the

next state directly. On the contrary, in the teacher-forcing mode, the output of

the current state is replaced by the ground truth as the input of the next state.175

In our implementation, we use the teacher-forcing mode for path prediction,

since it can achieve better prediction performances which have been verified in

the experimental section.

3.3. Trajectory prediction

Once the training process is complete, the invertible network is able to gener-

ate proper yhTpred
from a random variable z sampled from the standard Gaussian

distribution. Therefore, only the ‘reverse’ direction is exploited in path forecast-

ing. The prediction procedure is formulated as in Eq. (9).

xh
Tobs

= encoder(X),

yhTpred
= f−1(z), z ∼ N(0, 1),

ŷ = decoder(concate(xh
Tobs

, yhTpred
)).

(9)
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4. Experiments180

In the following paragraphs, we will present the experimental results. First,

we introduce the standard datasets used in this work, together with the evalu-

ation protocols and the hyper-parameters of the framework. Then, we validate

the prediction performances in terms of precision and diversity on the synthetic

data. Next, we carry out our experiments on realistic data, and compare the185

performances with other baseline methods. Finally, we discuss about some other

characteristics of the proposed model.

going straight

turning right

turning left

Figure 3: The synthetic data configuration.

4.1. Benchmarks

4.1.1. Synthetic data

We construct a synthetic dataset for path prediction and multi-modal tra-190

jectory generation. Examples of the training samples can be found in Figure 3.

The green dot represents the starting point of a trajectory. The red dot repre-

sents the intersection point, where an agent starts to choose its future directions,

namely: turning left, going straight, and turning right. The portion between

the green and the red dots indicate the observation sequence, which consists of195

8 discrete trajectory points. Arrows indicate potential motion directions of the

future movements, each of which is comprised 8 discrete trajectory points as

well, demonstrating multiple motion trends. The interval between two consecu-

tive trajectory points is set to 1. Each point is mixed with random deviations in
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Table 1: The hyper-parameters adopted in our experiments.

parameter value

batch size 64

learning rate 5e-4

epoch 200

hidden dimension of the LSTM (xh
t ) 64

hidden dimension of the LSTM (yht ) 64

hidden dimension of the LSTM (decoder) 128

the horizontal and vertical directions, thus allowing generating diverse samples200

with arbitrary numbers.

4.1.2. ETH and UCY datasets

The ETH [38] and the UCY [39] datasets are standard benchmarks in the

field of trajectory analysis, which contain five subsets in total, namely eth,

hotel, zara-1, zara-2, and univ. These datasets are collected from the bird-eye205

view camera in realistic environments, including varied behaviors such as group

movements, walking together, and collision avoidance, etc.

4.2. Evaluation protocols and hyper-parameter setting

We adopt the average displacement error (ADE) and the final displacement

error (FDE) metrics to evaluate the prediction accuracy quantitatively. The210

Adam algorithm [40] is adopted as the optimizer. The hyper-parameters used

in the experiments are listed in Table 1. The invertible variable z has the same

size with yhTpred
, which is a 1×64 vector.

4.3. Results

4.3.1. Evaluations on the capability of path generation using synthetic data215

First, we validate that the proposed model is able to generate plausible future

paths. For this purpose, we organize three groups of tests with respect to each

motion direction, separately.
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(a) turning left (b) going straight (c) turning right

Figure 4: Visualizations on synthetic data. The red curve indicates the predicted trajectory.

The green curve represents the ground truth with respect to the prediction portion. The dash

line indicates the observation. As can be seen from the figures, the proposed approach is able

to generate future paths with specific motion directions properly.

Table 2: Prediction performances on each motion direction using synthetic data (ADE/FDE).

Synthetic data RNN LSTM Flow-based

turning left 0.53/0.49 0.53/0.49 0.45/0.46

going straight 0.52/0.52 0.52/0.51 0.46/0.46

turning right 0.54/0.56 0.54/0.55 0.43/0.44

AVG 0.53/0.52 0.53/0.52 0.45/0.45

• turning left: 1,000 trajectories for training, and another 1,000 for test;

• going straight: 1,000 trajectories for training, and another 1,000 for test;220

• turning right: 1,000 trajectories for training, and another 1,000 for test.

We compare our method with other recurrent networks (such as standard

RNN and LSTM) in the prediction task. The obtained results can be found in

Table 2, from where we can find that the flow-based model can achieve superior

performances. As compared to RNN and LSTM, the average ADE decreases225

by 15% and the average FDE decreases by 13.5%. We visualize the prediction

performances in Figure 4, from where we can observe that the flow-based model

is able to generate the future paths properly.
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(a) KL divergence (b) Loss curve

Figure 5: When the KL distance is close to zero, the distribution of the predicted trajectories

almost approximates to the real data distribution, which implies that the model is trained

properly.

Second, we validate that the proposed model is able to generate multi-modal

future trajectories successfully. In this experiment, we use 3,000 trajectories in230

total as the training samples, including 1,000 turning left, 1,000 going straight,

and 1,000 turning right, demonstrating multi-modal motion characteristics. In

the test phase, given another 3,000 observation sequences that exhibit the going

straight pattern, the model is supposed to generate varied motion patterns at the

intersection point (note: these 3,000 observation sequences are slightly different235

from each other). In Table 3, we record the number of predicted trajectories with

respect to each direction, and use the KL divergence to measure the difference

between the distributions of the predicted trajectories and the corresponding

ground truths at the intersection point. From the experimental results we can

find that the flow-based model is able to approximate trajectory distributions240

at the intersection point properly when the KL divergence decreases to 0.01. In

Figure 5 (a), we present the values of the KL divergence at different iterations.

In Figure 5 (b), we show the corresponding training loss. In additional, we

visualize the prediction performances in Figure 6. For the same observation

sequence, we sample M times (M is set to 5, 10, and 15, accordingly) from245

the standard Gaussian distribution, and then produce multiple plausible future

paths with varied motion patterns.

14



Table 3: Multi-modal prediction performances on synthetic data. We record the number of

trajectories in every motion direction at the intersection point for varied iterations.

iteration left straight right KL divergence

#100 85 2,719 196 1.03

#200 240 2,561 199 0.70

#300 644 1,215 1,141 0.04

#400 811 1,033 1,156 0.01

#500 635 976 1,389 0.05

#600 968 820 1,212 0.01

#700 1,094 640 1,266 0.04

(a) M=5 (b) M=10 (c) M=15

Figure 6: Visualizations of multi-modal trajectory predictions on synthetic data. We did not

use more values of M , in order to avoid overlapping when visualizing the results. We can

find that the proposed framework is able to generate multi-modal trajectories properly with

respect to the same observation.
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Table 4: The ablation study on synthetic data. We compare the prediction accuracy (in terms

of ADE/FDE) by removing the flow-based mechanism from our framework. k indicates the

sampling numbers in the test phrase.

models
sampling number

k = 1 k = 5 k = 20

Without the flow-based mechanism 1.69/4.32 1.58/3.94 1.51/3.69

Using the flow-based mechanism 1.61/4.22 0.76/1.30 0.50/0.47

(a) Without the flow-based model (b) Using the flow-based model

Figure 7: Visualization of the ablation study. When removing the flow-based model from

the framework, only one motion modality can be generated. On the contrary, multi-modal

trajectories can be generated if the flow-based mechanism is exploited.

In order to better demonstrate the effectiveness of the proposed model, we

further conduct an ablation experiment on synthetic data by removing the flow-

based mechanism from our framework, where the hidden representation of the250

observation sequence is concatenated with a random noise z directly, and then

processed by the decoder to generate the future positions. It can be seen clearly

in Table 4 that the prediction accuracy will decrease dramatically when remov-

ing the flow-based mechanism. Particularly, when the sampling number is set

to 20, the average ADE will increase from 0.50 to 1.51, and the average FDE255

will increase from 0.47 to 3.69. Moreover, as shown in Figure 7, the model

will lose the capability of generating multi-modal trajectories if the flow-based

mechanism is not exploited.
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Finally, we will show that the proposed framework is able to generate con-

ditional sample trajectories as well given the pre-defined motion modes, for

examples, generating the turning left trajectories. This is similar to the condi-

tional GAN (CGAN) [41] and the conditional VAE (CVAE) [42]. We use the

term label to indicate varied motion modes, which is defined as follows:

label =


+1, turning left;

0, going straight;

−1, turning right.

(10)

As shown in Figure 8, the motion direction can be determined by a vector

OP , where O is the last point in the observation sequence (namely, xTobs
). The260

coordinate P is obtained through Eq. (11), where τ is a random variable that

follows a uniform distribution of U(-0.4, +0.4).

observation

P label: +1

P label: 0

P label: -1

O

Figure 8: Conditional trajectory generation.

Px = Ox + 1,

Py = Oy + label + τ.

(11)

For a pre-defined motion mode (indicated by label), we first compute the

coordinate of P , and then sent it to the encoder and the invertible network

17



accordingly. Given the observation sequences, we follow the same trajectory265

generation procedure to obtain the future path with respect to the preferred

motion direction. The corresponding experimental results are demonstrated in

Figure 9.

(a) A single observation

(b) Varied observations

Figure 9: Conditional trajectory generation. (a) for the same observation, the model can

generate multiple plausible trajectories according to the pre-defined motion direction. (b) for

varied observations, we generate a single mode of the future trajectory with respect to each

observation, given the preferred motion direction.

4.3.2. Evaluations on the performances of path prediction using realistic data270

In this section, we validate the proposed model on realistic benchmarks,

namely, the ETH and the UCY datasets. For comparison, the LSTM model, the

social-LSTM [19], the VAE-based model, and the social-GAN [3] are used as the

baseline approaches. We set Tobs=8 and Tpreds=12. For evaluation, the 5-fold
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cross-validation strategy is used as previously adopted in [3]. The quantitative275

results are reported in Table 5, showing that the proposed framework is able to

achieve very promising performances as compared to the standard LSTM-based

strategies and the other two generative model-based frameworks. Specifically, as

compared to the social-GAN model, the average ADE decreases by 37.9% and

the average FDE decreases by 39.0%. As compared to the VAE-based model,280

the average ADE decreases by 28.0% and the average FDE decreases by 34.5%.

Table 5: Trajectory prediction performances using the ADE/FDE metrics on realistic data

(the ETH and the UCY datasets). Note: for the baseline approaches, we use the results

reported in [3] for comparison. S-LSTM indicates social-LSTM; S-GAN indicates social-GAN.

The VAE-based framework is implemented according to [5].

dataset LSTM S-LSTM S-GAN VAE-based Flow-based

zara1 0.41/0.88 0.47/1.00 0.34/0.69 0.38/0.83 0.27/0.52

zara2 0.52/1.11 0.56/1.17 0.42/0.84 0.29/0.64 0.25/0.46

eth 1.09/2.41 1.09/2.35 0.81/1.52 0.88/1.95 0.64/1.39

hotel 0.86/1.91 0.79/1.76 0.72/1.61 0.37/0.81 0.28/0.55

univ 0.61/1.31 0.67/1.40 0.60/1.26 0.59/1.27 0.36/0.70

AVG 0.70/1.52 0.72/1.54 0.58/1.18 0.50/1.10 0.36/0.72

Furthermore, we compare the proposed model with other typical non-deep

learning algorithms, including the constant velocity model (CVM [43]), Kalman

filter, and liner regression [44]. Experimental results are reported in Table 6,285

showing that the flow-based framework performs much better than the non-deep

learning approaches.

In addition, we conduct an ablation experiment to evaluate the impact of

the flow-based mechanism on realistic data. The corresponding results are listed

in Table 7, from where we can observe that the ADE and the FDE metrics290

will increase by 32.1% and 37.9% when the invertible network is removed from

the proposed framework, further verifying the effectiveness of the flow-based

19



Table 6: Comparisons with typical non-deep learning algorithms.

linear regression CVM Kalman Flow-based

eth 1.33/2.94 1.00/2.23 0.94/2.10 0.64/1.39

univ 0.82/1.59 0.62/1.38 0.74/1.51 0.36/0.70

hotel 0.39/0.72 0.32/0.62 0.23/0.44 0.28/0.55

zara1 0.62/1.21 0.43/0.96 0.52/1.08 0.27/0.52

zara2 0.77/1.48 0.33/0.73 0.40/0.82 0.25/0.46

AVG 0.79/1.59 0.54/1.18 0.57/1.19 0.36/0.72

mechanism.

Table 7: The ablation study on realistic data (the ETH and the UCY datasets). We com-

pare the average prediction accuracy (in terms of ADE/FDE) by removing the flow-based

mechanism from our framework. k indicates the sampling numbers in the test phrase.

models
sampling number

k = 1 k = 5 k = 20

Without the flow-based mechanism 0.57/1.23 0.55/1.19 0.53/1.16

Using the flow-based mechanism 0.95/1.98 0.53/1.11 0.36/0.72

Finally, we visualize the prediction performances qualitatively on the above

realistic scenarios in Figures 10 and 11, respectively. The dash line indicates the295

observation sequence, the red solid line indicates the prediction sequence, and

the green solid line corresponds to the ground truth. It can be seen clearly that

the proposed framework is able to generate plausible future paths successfully.

4.3.3. Discussion300

In the following, we will provide a comprehensive evaluation on different as-

pects of the proposed model. First, we compare the computational complexity

of the proposed model with the other two generative model-based prediction
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Figure 10: Visualizations of the prediction performances on the eth and hotel subsets. The

dash line indicates the observation sequence, the red solid line indicates the prediction se-

quence, and the green solid line corresponds to the ground truth.

Figure 11: Visualizations of the prediction performances on the zara1 and zara2 subsets.

The dash line indicates the observation sequence, the red solid line indicates the prediction

sequence, and the green solid line corresponds to the ground truth.
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frameworks. Then, we evaluate the prediction performances which use L1 and

L2 norms in the loss function, respectively. Next, we investigate on different305

training strategies. Finally, we discuss about how varied lengths of observation

sequences influence on the prediction performance.

Computational complexity: We provide the time consumption on each sce-

nario of the ETH/UCY datasets (in average) in Table 8, where the GAN-based,310

the VAE-based, and the flow-based prediction frameworks are used for compar-

ison. It can be seen clearly that the computational complexity of the proposed

model is much lower as compared to the GAN-based framework (namely S-

GAN). Using a single GeForce RTX 3080 card, training the proposed model

with 200 epochs on each scenario needs around 5 minutes. On the contrary,315

training the S-GAN model needs around 110 minutes. Furthermore, the pro-

posed model runs faster in the inference as well. As compared to the VAE-based

model, their time consumption are more or less the same, but the flow-based

model can obtain better prediction performances.

Table 8: Time consumption on each scenario of the ETH/UCY datasets in average (in sec-

onds). Note: a single GeForce RTX 3080 card is exploited for model training, and we train

each model using 200 epochs.

S-GAN VAE-based model Flow-based model

training 6621.1 240.6 272.4

inference 83.8 1.3 1.6

320

Varied loss functions: We compare the performances that use different norms

(L1 vs. L2) in the loss function. As shown in Table 9, the adoption of L1 norm

demonstrates better prediction accuracy on almost all the five subsets in real-

istic environments. The average ADE and the FDE metrics decrease by 14.3%

and 13.3%, respectively.325

22



Table 9: Prediction performances (ADE/FDE) using L1 and L2 norms on realistic data.

dataset zara1 zara2 eth hotel univ AVG

L1 norm 0.27/0.52 0.25/0.46 0.64/1.39 0.28/0.55 0.36/0.70 0.36/0.72

L2 norm 0.42/0.87 0.38/0.79 0.59/1.13 0.37/0.74 0.32/0.60 0.42/0.83

Table 10: Evaluations on different training modes on realistic data (ADE/FDE).

dataset zara1 zara2 eth hotel univ AVG

teacher forcing 0.27/0.52 0.25/0.46 0.64/1.39 0.28/0.55 0.36/0.70 0.36/0.72

free-running 0.34/0.70 0.33/0.65 0.52/0.84 0.47/0.93 0.36/0.68 0.40/0.76

Training strategies: We compare the performances that use different training

modes (teacher forcing vs. free-running) for path forecasting. The correspond-

ing results are shown in Table 10. It can be seen clearly that the adoption

of teacher forcing mode demonstrates better performances, where the average330

ADE and FDE metrics will decrease by 10.0% and 5.3% as compared to using

the free-running strategy.

Varied lengths of the observation sequences: Intuitively, longer obser-

vation sequences may lead to more accurate prediction. However, considering335

the benchmark datasets at hand (ETH and UCY), the sample trajectories are

almost linear in nature. In this case, we argue that only the most recent ob-

servations may contribute to the forecasting task, whereas earlier observations

may not play significant roles. To this end, we use varied observation lengths

for comparison. The experimental results are demonstrated in Table 11, from340

where we can find that the latest observation with the length of three time steps

is more than enough to obtain promising results. This is also in line with the
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Table 11: Prediction performances (ADE/FDE) using different lengths of observation se-

quences on realistic data, where Tobs is set to 3, 5, and 8 accordingly.

dataset Tobs=3 Tobs=5 Tobs=8

zara1 0.24/0.44 0.25/0.45 0.27/0.52

zara2 0.25/0.49 0.27/0.52 0.25/0.46

eth 0.62/1.35 0.61/1.27 0.64/1.39

hotel 0.27/0.56 0.27/0.54 0.28/0.55

univ 0.36/0.71 0.36/0.71 0.36/0.70

AVG 0.35/0.71 0.35/0.70 0.36/0.72

conclusion of the recent work [43].

In addition, we would like to point out that in real applications, the motion

history is usually obtained via object detection and tracking. Thus, the pre-345

diction accuracy is also relevant to the performances of the selected trackers.

In some extreme cases, such as dense crowds with frequent mutual occlusions,

trackers are not reliable, thus the prediction results may be not that perfect as

expected.

350

Ablation study: In the following paragraphs, we will investigate on the po-

tentials of incorporating other popular tricks to promote the prediction perfor-

mances. To this aim, we exploit the proposed flow-based generative model as

the backbone, and then introduce the graph attention mechanism [21] and the

trajectory clustering strategy [45] into the framework for further evaluation.355

Experimental results are reported in Table 12, from where we can find that

by exploiting the graph attention mechanism, the ADE/FDE metrics will be

improved from 0.36/0.72 to 0.30/0.56. By further integrating the trajectory

clustering strategy, the ADE/FDE metrics can reach to 0.28/0.50. This ablation

study validates that the naive flow-based models are flexible enough to integrate360

other tricks (such as clustering strategies, attention mechanisms, etc.), and the
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prediction performances can be promoted correspondingly.

Table 12: Prediction performances (ADE/FDE) by incorporating the graph attention mech-

anism and the trajectory clustering strategy.

dataset flow-based graph attention graph attention + clustering

eth 0.64/1.39 0.49/0.80 0.47/0.75

univ 0.36/0.70 0.31/0.57 0.29/0.51

hotel 0.28/0.55 0.29/0.59 0.25/0.51

zara1 0.27/0.52 0.20/0.39 0.19/0.35

zara2 0.25/0.46 0.22/0.43 0.21/0.38

AVG 0.36/0.72 0.30/0.56 0.28/0.50

5. Conclusions

In this paper, we present a trajectory prediction framework using a flow-

based generative model. In order to build the distributions of future trajectories,365

an invertible network is exploited, which enables explicit bidirectional transfor-

mations between the hidden representation of a future trajectory and a latent

variable z that subjected to the standard Gaussian distribution. This allows

generating multiple and plausible future paths by sampling from a tractable

distribution. We validate our approach on both synthetic and realistic dataset-370

s. Experimental results demonstrate that the flow-based models can achieve

better prediction performances as compared to the standard GAN-based and

VAE-based models. Moreover, the trajectory diversity can be maintained as

well. As for the future work, we would like to further investigate the influences

of environmental visual cues on the path forecasting task.375
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