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Abstract

Reliable multi-agent trajectory prediction is crucial for
the safe planning and control of autonomous systems. Com-
pared with single-agent cases, the major challenge in si-
multaneously processing multiple agents lies in modeling
complex social interactions caused by various driving in-
tentions and road conditions. Previous methods typically
leverage graph-based message propagation or attention
mechanism to encapsulate such interactions in the format
of marginal probabilistic distributions. However, it is in-
herently sub-optimal. In this paper, we propose IPCC-
TP, a novel relevance-aware module based on Incremental
Pearson Correlation Coefficient to improve multi-agent in-
teraction modeling. IPCC-TP learns pairwise joint Gaus-
sian Distributions through the tightly-coupled estimation of
the means and covariances according to interactive incre-
mental movements. Our module can be conveniently em-
bedded into existing multi-agent prediction methods to ex-
tend original motion distribution decoders. Extensive ex-
periments on nuScenes and Argoverse 2 datasets demon-
strate that IPCC-TP improves the performance of baselines
by a large margin.

1. Introduction
Trajectory prediction refers to predicting the future tra-

jectories of one or several target agents based on past trajec-
tories and road conditions. It is an essential and emerging
subtask in autonomous driving [23,28,37,45] and industrial
robotics [21, 35, 48].

Previous methods [7, 15, 18, 33, 49] concentrate on
Single-agent Trajectory Prediction (STP), which leverages
past trajectories of other agents and surrounding road condi-
tions as additional cues to assist ego-motion estimation. De-
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Figure 1. Schematic illustration of a driving scene with five agents
①−⑤. (a) IPCC-TP models future interactions for t steps based on
joint Gaussian distribution among one-dimensional increments of
agents’ displacement d. (b) The values of IPCC represented by ρ
on the axis indicate the correlation between agents’ trajectories. In
the predicted future, ① and ② interact intensively with ① yielding
to ② (ρ12 < 0). ④’s movement does not interfere ⑤ (|ρ45| ≈ 0).
③ is closely following ④ (ρ34 ≤ +1).

spite the significant progress made in recent years, its appli-
cation is limited. The reason is that simultaneously process-
ing all traffic participants remains unreachable, although it
is a common requirement for safe autonomous driving.

A straightforward idea to deal with this issue is to di-
rectly utilize STP methods on each agent respectively and
finally attain a joint collision-free prediction via pairwise
collision detection. Such methods are far from reliably
handling Multi-agent Trajectory Prediction (MTP) since the
search space for collision-free trajectories grows exponen-
tially as the number of agents increases, i.e., N agents with
M modes yield MN possible combinations, making such
search strategy infeasible with numerous agents. By in-
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corporating graph-based message propagation or attention
mechanism into the framework to model the future interac-
tions among multiple agents, [17,31,43] aggregate all avail-
able cues to simultaneously predict the trajectories for mul-
tiple agents in the format of a set of marginal probability
distributions. While these frameworks improve the origi-
nal STP baseline to some extent, the estimation based on a
set of marginal distributions is inherently sub-optimal [34].
To address this issue, a predictor that can predict a joint
probability distribution for all agents in the scene is neces-
sary. An intuitive strategy for designing such a predictor
is to directly predict all parameters for means and covari-
ance matrices, which define the joint probability distribu-
tions [39]. To predict a trajectory of T time-steps with N
agents and M modes up to 4N2TM covariance parame-
ters are needed. However, such redundant parameterization
fails to analyze the physical meaning of covariance parame-
ters and also makes it hard to control the invertibility of the
covariance matrix.

In this paper, we take a further step to explicitly inter-
pret the physical meanings of the individual variances and
Pearson Correlation Coefficients (PCC) inside the covari-
ance matrix. Instead of directly modeling the locations of
agents at each sampled time, we design a novel movement-
based method which we term Incremental PCC (IPCC). It
helps to simulate the interactions among agents during driv-
ing. IPCC models the increment from the current time to a
future state at a specific step. Thereby individual variances
capture the local uncertainty of each agent in the Bird-Eye-
View without considering social interactions (Figure 1.a),
while IPCC indicates the implicit driving policies of two
agents, e.g., one agent follows or yields to another agent or
the two agents’ motions are irrelevant (Figure 1.b). Com-
pared to position-based modeling, IPCC has two advan-
tages. First, IPCC models social interactions during driving
in a compact manner. Second, since position-based model-
ing requires respective processes along the two axes, IPCC
can directly model the motion vector, which reduces mem-
ory cost for covariance matrix storage by a factor of four
and facilitates deployment on mobile platforms, such as au-
tonomous vehicles and service robots.

Based on IPCC, we design and implement IPCC-TP, a
module for the MTP task. IPCC-TP can be conveniently
embedded into existing methods by extending the original
motion decoders to boost their performance. Experiments
show that IPCC-TP effectively captures the pairwise rele-
vance of agents and predicts scene-compliant trajectories.

In summary, the main contributions of this work are
threefold:

• We introduce a novel movement-based method,
namely IPCC, that can intuitively reveal the physical
meaning of pairwise motion relevance and facilitate
deployment by reducing memory cost.

• Based on IPCC, we propose IPCC-TP, which is com-
patible with state-of-the-art MTP methods and possess
the ability to model future interactions with joint Gaus-
sian distributions among multiple agents.

• Experiment results show that methods enhanced with
IPCC-TP outperform the original methods by a large
margin and become the new state-of-the-art methods.

2. Related Work
In this section, we first briefly review the general frame-

works of learning-based trajectory prediction and then in-
troduce the literature closely related to our approach.
General trajectory prediction architecture. Trajectory
prediction for moving agents is important for the safe plan-
ning of autonomous driving [11, 16, 43]. One branch of tra-
jectory prediction consists of the approaches [2, 6, 7, 15, 18,
27, 30, 33, 36, 49] based on typical neural networks (CNN,
GNN [13, 22, 26], RNN [10, 20]). Cui et al. [11] pro-
pose to use agents’ states and features extracted by CNN
from Bird-Eye-View images to generate a multimodal pre-
diction. Similarly, CoverNet [33] uses CNN to encode the
scene context while it proposes dozens of trajectory anchors
based on the bicycle model and converts prediction from
position regression to anchor classification. A hierarchi-
cal GNN named VectorNet [16] encapsulates the sequential
features of map elements and past trajectories with instance-
wise subgraphs and models interactions with a global graph.
TNT [49] and DenseTNT [18] are extensions of [16] that fo-
cus on predicting reasonable destinations. Social LSTM [2]
models the trajectories of individual agents from separate
LSTM networks and aggregates the LSTM hidden cues to
model their interactions. CL-SGR [42] considers the sam-
ple replay model in a continuous trajectory prediction sce-
nario setting to avoid catastrophic forgetting. The other
branch [17,31,43] models the interaction among the agents
based on the attention mechanism. They work with the
help of Transformer [40], which achieves huge success in
the fields of natural language processing [12] and computer
vision [5, 14, 29, 44, 47]. Scene Transformer [31] mainly
consists of attention layers, including self-attention layers
that encode sequential features on the temporal dimension,
self-attention layers that capture interactions on the social
dimension between traffic participants, and cross-attention
layers that learn compliance with traffic rules.
Prediction of multi-agent interaction. Most aforemen-
tioned methods are proposed for the STP task. Re-
cently, more work has been concentrated on the MTP task.
M2I [38] uses heuristic-based labeled data to train a module
for classifying the interacting agents as pairs of influencers
and reactors. M2I first predicts a marginal trajectory for the
influencer and then a conditional trajectory for the reactor.
But M2I can only deal with interactive scenes consisting



of two interacting agents. Models such as [17, 31, 43] are
proposed for general multi-agent prediction. Scene Trans-
former [31] and AutoBots [17] share a similar architecture,
while the latter employs learnable seed parameters in the
decoder to accelerate inference. AgentFormer [43] lever-
ages the sequential representation of multi-agent trajecto-
ries by flattening the state features across agents and time.
Although these methods utilize attention layers intensively
in their decoders to model future interactions and achieve
state-of-the-art performance, their predictions are subopti-
mal since the final prediction is not a joint probability distri-
bution between agents but only consists of marginal proba-
bility distributions. To the best of our knowledge, [39] is the
only work that describes the future movement of all agents
with a joint probability distribution. This work investigates
the collaborative uncertainty of future interactions, math-
ematically speaking, the covariance matrix per time step.
They use MLP decoders to predict mean values and the in-
verse of covariance matrices directly. We refer to [39] as
CUM (Collaborative Uncertainty based Module) for con-
venience and provide methodological and quantitative com-
parisons between CUM and our module in Sec. 3 and 4.

3. Methodology
In this section, we first introduce the background knowl-

edge of MTP. Then we propose the IPCC method, which
models the relevance of the increments of target agents.
Based on this, we design IPCC-TP and illustrate how
this module can be plugged into the state-of-the-art mod-
els [17,43]. In the end, we compare our module with CUM.

3.1. Preliminary

Problem Statement. Given the road map G and N agents
with trajectories of past Tobs steps, MTP is formulated as
predicting future trajectories of all agents for T steps. For
observed time steps t ∈ (−Tobs, 0], the past states at t step
are Ht = {Ht

i|i = 1, ..., N}, where Ht
i contains the state

information, i.e. {x, y} position of agent i at this time step.
And the past trajectories are denoted as H = {Ht|−Tobs <
t ≤ 0}. Similarly, for future time steps t ∈ (0, T ], the future
states at step t are Ft = {F t

i |i = 1, ..., N}, where F t
i con-

tains {x, y} position of agent i at this step. And the future
trajectories are F = {Ft|0 < t ≤ T}. Considering that a
specific current state could develop to multiple interaction
patterns, most MTP methods predict M interaction modes
in the future. For simplicity, we only analyze the cases of
M = 1 in this section and our method can be conveniently
extended to predict multiple modes.
Marginal Probability Modeling. In learning-based MTP
methods, the training objective is to find the optimal param-
eter θ∗ to maximize the Gaussian likelihood P :

θ∗ = argmax
θ

P (F | H,G, θ) . (1)

Thereby the core of MTP lies in constructing an effec-
tive joint probability distribution P to model the genera-
tive future trajectories of all agents. For simplicity, exist-
ing methods such as AutoBots [17] and AgentFormer [43]
approximate the high-dimensional multivariate distribution
P = {P t

i } in Eq. (1) by aggregating multiple marginal
probability distributions. Each distribution P t

i describes i-
th agent’s position at a specific time t. The objective func-
tion Eq. (1) is then transformed as:

θ∗ = argmax
θ

T∑
t=1

N∑
i=1

P t
i

(
F t

i | H,G, θ
)
, (2)

where the marginal prediction P t
i ∼ N (µt

i,Σ
t
i) is a 2D

Gaussian distribution defined by:

µt
i = [µtx

i , µty
i ]

Σt
i =

 (σtx
i )2 ρtxyi σtx

i σty
i

ρtyxi σty
i σtx

i (σty
i )2

 ,

(3)

where µt
i denotes the mean position of the i-th agent at time

step t, Σt
i is its corresponding covariance matrix. ρtxyi , ρtyxi

in Σt
i are the PCCs of agent i on x, y axis respectively.

However, such marginal approximation is inherently
sub-optimal [34], resulting in unsatisfactory results on real-
world benchmarks [4,9,24,25,32]. Although existing meth-
ods typically employ attention-based mechanism to help
each agent attends to its interactive counterparts, social in-
teractions in motion between different pairs of agents is
in fact not explicitly analyzed and modeled, which limits
the capability of networks to predict scene compliant and
collision-free trajectories.

3.2. PCC: Position Correlation Modeling

The joint probability distribution among multiple agents
in the scene contains correlations between the motions of
different agents, which are essential parts of precisely mod-
eling future interactions. Theoretically, using such a scene-
level modeling method would lead to a more optimal es-
timation of future interactions [34] than stacking a set of
marginal probability distributions to approximate the joint
distribution.

For time step t, the joint prediction among agents in the
scene F̂t = Pt (· | H,M, θ) ∼ N (Mt,Σt) is defined by:

Mt =
[
µt
1, . . . , µ

t
N

]
, µt

i =
[
µtx
i , µty

i

]
, (4)
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Figure 2. The movement from position µ0
i to µt

i in the x-y coor-
dinate system corresponds to an incremental movement of µtδ

i in
IPCC method (solid black line: incremental movement, block dash
line: actual trajectory). θti is the approximate yaw angle, while ϕt

i

is the actual yaw angle. When θti is close to ϕt
i , the prediction F̂∗

t

derived from IPCC method is an approximation to F̂t in the x-y
coordinate system.

Σt =

 σt
11 · · · σt

1N
...

. . .
...

σt
N1 · · · σt

NN

 ,

σt
ij =

 ρtxxij σtx
i σtx

j ρtxyij σtx
i σty

j

ρtyxij σty
i σtx

j ρtyyij σty
i σty

j

 ,

(5)

where Mt ∈ R2N contains the mean positions of all agents,
and Σt ∈ R2N×2N is the corresponding covariance matrix,
and ρtxxij = ρtyyij = 1 when i = j. The objective function
Eq. (1) then turns into:

θ∗ = argmax
θ

T∑
t=1

Pt (Ft | H,G, θ) . (6)

Thereby, a straightforward strategy for designing a pre-
dictor based on such joint probability modeling is to directly
predict all parameters in means and covariance matrices.
However, such redundant parameterization still fails to cap-
ture the interaction patterns in motion between agents since
PCCs inside the covariance matrix reflect the agent-to-agent
position correlations rather than motion correlations. More-
over, such strategy also makes it hard to control the invert-
ibility of the covariance matrix.

3.3. IPCC: Motion Interaction Modeling.

Since the joint Gaussian distribution defined by Eq. (4)
and Eq. (5) is not feasible in real applications, we pro-
pose a novel motion interaction modeling method, IPCC.
For Eq. (5), we observe that each pair of agents requires
estimations of PCCs: {ρtxxij , ρtxyij , ρtyxij , ρtyyij }. These repre-
sentations are redundant since they respectively model the

pairwise position correlation between agent i and j along
the 2D axis from the bird-eye view. In the following part,
we demonstrate that this correlation can be merged into a
single motion-aware parameter IPCC by modeling the one-
dimensional increments from current time step (t=0) to any
future time step.
From PCC to IPCC. For future time step t > 0, we predict
the increments F̂ t

∆ as shown in Fig. 2, which is the one-
dimensional displacements with respect to the current posi-
tions M0, for all agents in the scene. F̂ t

∆ ∼ N (M t
∆,Σ

t
∆) is

defined by:

M t
∆ =

[
µtδ
1 , . . . , µtδ

N

]
, µtδ

i ∈ R+
0 (7)

Σt
∆ = P t

∆⊙


(
σtδ
1

)2
. . . σtδ

1 σtδ
N

...
. . .

...
σtδ
Nσtδ

1 · · ·
(
σtδ
N

)2
 ,

P t
∆ =

 1 . . . ρtδ1N
...

. . .
...

ρtδN1 . . . 1

 ,

(8)

where P t
∆,Σ

t
∆ ∈ RN×N . Σt

∆ denotes the covariance ma-
trix and IPCC matrix P t

∆ can be extracted from Σt
∆ as in

Eq. (8). P t
∆ preserves all pairwise correlation parameters

for the increments. ⊙ denotes element-wise multiplication.
Thereby ρtδij ∈ [−1,+1] naturally encapsulates the motion
relevance between i-th and j-th agents, which conveys vari-
ous interaction patterns: (1) The more it approaches +1, the
more similar behaviours the two agents share, e.g., two ve-
hicles drive on the same lane towards the same direction. (2)
The more it approaches −1, the more one vehicle is likely
to yield if the other one is driving aggressively, e.g., two ve-
hicles are at a merge. (3) The closer it is to 0 the less two
agents impact each other. Such explicit modeling of motion
interactions enforces the network to effectively predict the
trajectory of each agent by attending to different interaction
patterns from other agents.

Since we aim to build a plug-in module that can be con-
veniently embedded into other existing methods, we project
the predicted IPCC parameters back to the original x, y axis.
Therefore, the training losses of baselines can be directly in-
herited and extended for supervision.
IPCC Projection. Suppose that for agent i, the projections
of mean displacement µtδ

i on x- and y-axis, namely µtδx
i and

µ
tδy
i , are already obtained, we can estimate the approximate

yaw angle for agent i at step t via

θti = arctan(µ
tδy
i , µtδx

i ). (9)

Similarly, Θt = [θt1, . . . , θ
t
N ] at time t is available. The

reconstructed future positions F̂∗
t in the global coordinate
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Figure 3. The overall framework of IPCC-TP. The inputs of existing MTP models include past trajectories and map elements. Latent fea-
tures extracted by (a) Spatial-Temporal encoder are passed to (b) IPCC-TP to predict the future interactions represented by joint Gaussian
distributions among the agents. IPCC-TP consists of an Attention Block and a Transform Block. Attention Block maps the original latent
features to relevance-aware latent features, which are later used for calculating the incremental relevance P∆ via cosine similarity mea-
surement. The mean positions are obtained by adding the current positions of agents and the mean values in marginal distributions. Using
incremental relevance P∆ and µtx

i , µty
i , σtx

i , σty
i in marginal distributions, Transform Block estimates the yaw angle and reconstructs the

covariance matrices in the x-y coordinate system. Defined by mean position M and covariance matrices Σ, the joint Gaussian distributions
P ∼ N (M,Σ) for modeling the future interactions among the agents for T steps are predicted by IPCC-TP.

can be expressed as a sum of the current states Mt0 and
increments. F̂∗

t ∼ N (M∗
t ,Σ

∗
t ) is defined by

M∗
t = C ·M t

∆r
+Mt0 ,

M t
∆r

=
[
µtδ
1 , µtδ

1 , . . . , µtδ
N , µtδ

N

]
,

C = diag
([
cos θt1, sin θ

t
1, . . . , cos θ

t
N , sin θtN

])
,

(10)

and

Σ∗
t = CTΣt

∆r
C =

 σtδ
11 · · · σtδ

1N
...

. . .
...

σtδ
N1 · · · σtδ

NN

 ,

Σt
∆r

=



(
σtδ
1

)2 (
σtδ
1

)2
. . . σtδ

1 σtδ
N σtδ

1 σtδ
N(

σtδ
1

)2 (
σtδ
1

)2
. . . σtδ

1 σtδ
N σtδ

1 σtδ
N

...
...

. . .
...

...
σtδ
Nσtδ

1 σtδ
Nσtδ

1 · · ·
(
σtδ
N

)2 (
σtδ
N

)2
σtδ
Nσtδ

1 σtδ
Nσtδ

1 · · ·
(
σtδ
N

)2 (
σtδ
N

)2

 ,

σtδ
ij = ρtδijσ

tδ
i σtδ

j

 cos θti cos θ
t
j cos θti sin θ

t
j

sin θti cos θ
t
j sin θti sin θ

t
j

 ,

(11)

where M t
∆r

and Σt
∆r

are the replicated augments of M t
∆

and Σt
∆ respectively, where M t

∆r
∈ R2N and Σt

∆r
, C ∈

R2N×2N . Note that when the approximate yaw angles
Θt = [θt1, . . . , θ

t
N ] are equal to the actual yaw angles

Φt = [ϕt
1, . . . , ϕ

t
N ], F̂∗

t and F̂t are identical distributions,
which leads to:

M∗
t = Mt, Σ∗

t = Σt, (12)

and
σt
ij = σtδ

ij . (13)

According to Eq. (5), (11), (12), and (13), we obtain
ρtxxij , ρtxyij , ρtyxij , ρtyyij with the signum function sgn(·), ρtxxij ρtxyij

ρtyxij ρtyyij

 = ρtδij ·sgn(

 cos θti cos θ
t
j cos θti sin θ

t
j

sin θti cos θ
t
j sinθti sin θ

t
j

) (14)

So far, we have shown that when the approxi-
mate yaw angles are equal to the actual yaw angles,
ρtxxij , ρtxyij , ρtyxij , ρtyyij can be obtained via Eq. (14). For
short-term trajectory prediction (no longer than 6s), the ve-
hicles are unlikely to have a sharp turn in such a short time,
thus the angle θti based on the incremental movement is



close to the actual yaw angle ϕt
i, and F̂∗

t is a suitable ap-
proximation to F̂t.

3.4. IPCC-TP: a Plugin Module

Based on the IPCC method, we design and implement
a plugin module named IPCC-TP, which can be easily in-
serted into existing models. The pipeline of IPCC-TP is
shown in Figure. 3. Previous methods use spatial-temporal
encoders to extract latent features L ∈ RN×T×d, which are
subsequently sent to MLP decoders to generate determinis-
tic predictions [43] or marginal distributions [17] (marked
with the sad face). In contrast, our IPCC-TP first sends the
latent features Lt ∈ RN×d at time step t to the Attention
Block. This block is designated for modeling the future in-
teractions via which the latent features Lt are mapped to
the relevance-aware latent features Lrel

t ∈ RN×d. Con-
sidering PCC is in the range of [-1, 1], we compute pair-
wise motion relevance based on cosine similarity. In this
way, if agent i and agent j share a higher motion relevance,
their relevance-aware feature, Lrel

it ,Lrel
jt ∈ Rd, will have a

higher cosine similarity. For future time step t > 0, IPCC-
TP computes the social cosine similarities as P t

∆ in Eq. (8)
for each pair of agents. Then with the approximated yaw
angles Θt, P t

∆ is used to predict the ρ parameters in Σt

according to Eq. (14). Once the ρ parameters in Σt are ob-
tained, together with {µtx

i , µty
i , σtx

i , σty
i , ρtxyi }, which are

already available in the marginal probability distributions,
we can extend the marginal probability distributions to a
joint Gaussian distribution F̂t defined in Eq. (4) and Eq. (5).
As shown in Figure. 2, the approximated yaw angles are
computed via Eq. (9). In order to stabilize the training, we
use Tikhonov Regularization [19] in IPCC-TP by adding a
small value ∆reg to the main diagonal of covariance matri-
ces Σt to obtain Σreg

t ,

Σreg
t = Σt +∆reg · I, (15)

where I ∈ R2N×2N , an identity matrix.
Thereby we adopted the following loss functions for

training, following [17, 43]. In the training of the IPCC-TP
embedded models, we replace the negative log-likelihood
(NLL) loss of [17, 43] with the scene-level NLL loss. The
scene-level NLL loss is calculated as

LNLL−scene =

T∑
t=1

0.5[ln(|Σt|)+

(Ft −Mt)
TΣ−1

t (Ft −Mt) + 2Nln(2π)].

(16)

Thus the loss function for training the enhanced Agent-
Former is

LAg = Lkld + Lsample + LNLL−scene, (17)

where Lkld term is the Kullback-Leibler divergence for the
CVAE [3] in AgentFormer, Lsample term is the mean square

error between the ground truth and the sample from the la-
tent z distribution. And the loss function for training the
enhanced AutoBots is

LAb = LME + L∗
kld + LNLL−scene, (18)

where LME is a mode entropy regularization term to pe-
nalize large entropy of the predicted distribution, L∗

kld is
the Kullback-Leibler divergence between the approximat-
ing posterior and the actual posterior.

3.5. Methodology Comparison to CUM

CUM [39] is another work that tries to predict the joint
probabilistic distribution for the MTP task. Compared with
our IPCC-TP, the main difference lies in the interpretation
and implementation of the covariance matrix. In order to
avoid the inverse calculation for covariance matrices Σt,
CUM uses MLP decoders to predict all the parameters in
Σ−1

t . In contrast, our module instead predicts ρ parameters
in P t

∆, which can intuitively encapsulate the physical mean-
ing of motion relevance in future interactions, and then pre-
dicts Σt based on Eq. (14). Experiments demonstrate the
superiority of IPCC-TP.

4. Experiments
4.1. Expermental Settings

Datasets. We apply IPCC-TP to AgentFormer [43] and
AutoBots [17] and evaluate the performance on two public
datasets, nuScenes [4] and Argoverse 2 [41]. nuScenes col-
lects 1K scenes with abundant annotations for the research
of autonomous driving. For the prediction task, observable
past trajectories are 2s long, and predicted future trajecto-
ries are 6s long. The sample rate is 2 Hz. Argoverse 2
contains 250K scenes in total. In each scene, observable
past trajectories are 5s long, and predicted future trajecto-
ries are 6s long. The sample rate is 10 Hz. Considering the
vast number of scenes in Argoverse 2, we randomly pick
8K scenes for training and 1K for testing.
Implementation Details. For both AgentFormer and Au-
toBots, we use the official implementations as the baselines
in our experiments. For IPCC-TP, we implement the atten-
tion block inside it with a self-attention layer followed by
a 2-layer MLP. We set the Tikhonov regularization param-
eter ∆reg as 1e-4 in the experiments. More details of the
training are provided in the supplementary material.
Metrics. For evaluation, considering that the widely used
metrics minADE and minFDE are designed for the ego-
motion prediction in STP task, we choose to use Minimum
Joint Average Displacement Error (minJointADE) and
Minimum Joint Final Displacement Error (minJointFDE)
in the multi-agent prediction task of INTERPRET Chal-
lenge [8, 46]. These two metrics are proposed specifically



for the MTP task; their calculation formula is listed in the
supplementary material. According to the rule of challenges
on the nuScenes and Argoverse 2 benchmarks, we set the
number of modes M as 5 in the evaluation on nuScenes and
6 in the evaluation on Argoverse 2.

4.2. Training Details

AgentFormer. In the evaluation on nuScenes, we use the
official pre-trained model as the baseline and the default hy-
perparameters for training the enhanced model. In the eval-
uation on Argoverse 2 dataset, since there are much more
future steps and agents, we set the dimension as 24 and
the number of heads as 4 in the attention layers to reduce
VRAM cost. In both evaluations, we use Adam optimizer
with a learning rate of 1.0e-4.

AutoBots. In the evaluation on nuScenes, we use the default
hyperparameters for AutoBots baseline and the enhanced
AutoBots. In the evaluation on Argoverse 2 dataset, we set
the dimension as 32 in the attention layers also for reducing
the VRAM cost. In both evaluations, we use Adam opti-
mizer with a learning rate of 7.5e-4.

4.3. Experimential Results

We report and analyze the qualitative and quantitative re-
sults against AgentFormer and AutoBots on nuScenes and
Argoverse 2. After that, we compare the performance of
CUM and IPCC-TP, and illustrate why our module can sur-
pass CUM on the baseline. More results can be found in the
supplementary material.

Evaluation on nuScenes. We enhance AgentFormer and
AutoBots with IPCC-TP for the evaluation on nuScenes.
We use the official pre-trained AgentFormer as a base-
line, which is reported to perform minADE(5) of 1.86m
and minFDE(5) of 3.89m on nuScenes. The experiment
results are listed in Table. 1 from which we can observe
that IPCC-TP improves the original AgentFormer and Au-
toBots by 0.33m (4.22%) and 0.23m (3.54%) regard-
ing minJointFDE(5) respectively. The bottom part of Fig-
ure. 4 shows a case of comparisons between the original
AgentFormer and the AgentFormer embedded with IPCC-
TP, which illustrates that AgentFormer boosted by IPCC-TP
can predict more compliant and logical future interactions
with fewer collisions than the original one can do.

In Sec. 3.3, we have illustrated how ρ in P t
∆ (8) repre-

sents pairwise motion relevance. Here we show visualiza-
tions of P t

∆ in different interaction patterns in Figure. 5. In
Scene 1, Vehicle ① is entering the intersection while Vehicle
②−④ have almost left the intersection, and they are driv-
ing with a similar speed towards the same direction. IPCC-
TP predicts P t

∆ consisting of all positive values, and it also
predicts a larger correlation between two vehicles that are
closer to each other, e.g., ① has a larger correlation with ②

Model minJ-ADE(5) minJ-FDE(5)

AgentFormer [43] 3.47 7.82
AgentFormer+IPCC-TP 3.29 7.49

AutoBots [17] 3.43 6.50
AutoBots+IPCC-TP 3.22 6.27

Table 1. Evaluation on nuScenes.

Model minJ-ADE(6) minJ-FDE(6)

AgentFormer [43] 2.74 5.88
AgentFormer+IPCC-TP 2.10 4.64

AutoBots [17] 2.72 5.76
AutoBots+IPCC-TP 2.20 4.79

Table 2. Evaluation on Argoverse 2.
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AgentFormer AgentFormer + IPCC-TP

① ①
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③ ③

④ ④

Figure 4. Comparisons between baselines and baselines + IPCC-
TP on Argoverse 2 and nuScenes (blue line: past trajectories,
green line: ground truth, red line: predictions). Top: Vehicle ①

and ② drive towards different directions, and they should keep
their lanes without interfering with each other. Below: Vehicle
③ and ④ drive aggressively, and ④ is about to stop. Black circles
show that the results of baselines are abnormal, while they become
reasonable after plus IPCC-TP.

than the correlation with ④. In Scene 2, IPCC-TP predicts a
negative correlation between two vehicles, which describes
the interaction mode that ② is yielding to ①.

Evaluation on Argoverse 2. We repeat the experiment on
Argoverse 2 dataset with AgentFormer and AutoBots. The



Model minJ-ADE(6) minJ-FDE(6)

AutoBots+CUM [39] 2.25 4.85
AutoBots+IPCC-TP 2.20 4.79

Table 3. Comparison to CU-based module on Argoverse 2

Model minJ-ADE(5) minJ-FDE(5)

AgentFormer+CUM [39] 3.43 7.75
AgentFormer+IPCC-TP 3.29 7.49

Table 4. Comparison to CU-based module on nuScenes

experiment results are listed in Table. 2. In this evalua-
tion, IPCC-TP improves the original AgentFormer and Au-
toBots by 1.24m (21.09%) and 0.97m (16.84%) regard-
ing minJointFDE(6) respectively. One case for comparison
between the original AutoBots and the AutoBots embedded
with IPCC-TP is illustrated at the top part of Figure. 4. In
this instance, AutoBots plus IPCC-TP predicts reasonable
and collision-free interactions. In contrast, the predicted
trajectories from the original AutoBots deviate significantly
from the center lines, resulting in two vehicles crashing into
each other. The prediction of collisions also reveals that the
initial baseline is inefficient in modeling future interactions.
Quantitative Comparison to CUM. We have compared
CUM with our IPCC-TP methodologically in Sec. 3.5. In
this subsection, we conduct a quantitative comparison be-
tween these two plugin modules on both Argoverse 2 and
nuScenes using AutoBots and AgentFormer as baselines re-
spectively. The experiment results are listed in Table. 3 and
Table. 4. In the evaluation, IPCC-TP is superior to CUM
by 1.24% on AutoBots and by 3.35% on AgentFormer re-
garding minJointFDE. The reason is that, compared with
CUM, IPCC-TP not only models the future interaction more
intuitively but also boosts the performance of MTP models
more efficiently with less memory cost.

4.4. Ablation Study

Training the enhanced models involves the inverse com-
putation of Σt in (16). In order to improve the robustness
of the inverse computation, we use Tikhonov Regulariza-
tion (15) on Σt during training the models in the aforemen-
tioned experiments. In this subsection, we conduct an abla-
tion experiment on the magnitude of Tikhonov Regulariza-
tion parameter ∆reg (15). Based on AutoBots, we repeat
training the enhanced models on Argoverse 2 with ∆reg in
different magnitudes. The experiment results are listed in
Table. 5. Without any regulation, the training fails at the
first iteration. When the regulation parameter is 1e-5, the
training can run for the first epoch but still fails soon. In
this experiment, 1e-4 is the most appropriate regulation we
found for IPCC-TP. When we set the regulation to a rela-

∆reg minJ-ADE(6) minJ-FDE(6)

1.0e-3 4.01 8.59
1.0e-4 2.20 4.79
1.0e-5 14.42 28.24
0 - -

Table 5. Different parameter magnitudes in Tikhonov Regulation

①
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① ② ③
④

① ② ③ ④

①

②

③

④

① ②

①

②

ρ: +1

ρ: -1

Scene 1 Scene 2

Figure 5. Visualization of correlation matrices P t
∆ in 2 scenes

of nuScenes dataset (blue line: past trajectories, light-green line:
ground truth, red line: predictions, green area: driveable area).
Scene 1: Vehicle ②−④ are about to leave the intersection while
① is just entering it. ②−④ are driving towards the same direction.
Scene 2: Vehicle ① and ② meet at a T-junction. ② should yields
to ① because the latter enters the junction first.

tively large value such as 1e-3, the performance of the en-
hanced model is even worse than the original model. We ad-
ditionally conduct an ablation study on the Attention Block.
More details can be found in the supplementary.

5. Conclusion
In this paper, we propose a new interaction modeling

method named IPCC, which is based on one-dimensional
motion increments relative to the current positions of the
agents. Compared with the traditional methods modeling
the future interactions based on the x-y coordinate system,
the IPCC method can intuitively reveal the pairwise motion
relevance, and furthermore, with fewer parameters need to
be predicted. Based on the IPCC method, we design and
implement IPCC-TP. This module can be conveniently em-
bedded into state-of-the-art MTP models to model future
interactions more precisely by extending the original pre-
dictions in the format of marginal probability distributions
to a joint prediction represented by a multivariate Gaussian
distribution. Experiments demonstrate that IPCC-TP can
boost the performance of MTP models on two real-world
autonomous driving datasets.
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Supplementary Material of IPCC-TP
A. Metrics

In our experiments, we leverage the Minimum Joint
Average Displacement Error (MinJointADE) and Mini-
mum Joint Final Displacement Error (MinJointFDE) as
the evaluation metrics, which are specifically proposed for
multi-agent trajectory prediction task in INTERPRET Chal-
lenge [8]. They are different from Minimum Average Dis-
placement Error (minADE) and Minimum Final Displace-
ment Error (minFDE), which are frequently used in the
benchmarking of ego-motion prediction. Since we focus on
predicting a scene-compliant future interaction among the
agents, metrics that consider all agents in the scene, such as
minJointADE and minJointFDE, are more suitable options.

MinJointADE represents the minimum value of the Eu-
clidean Distance averaged by time and all agents between
the ground truth and the mode with the lowest value [1].
Note that in the problem statement in subsection 3.1, we
only analyze the case when the number of modes M = 1.
In this case, the future states and the corresponding esti-
mations at step t are Ft = {F t

i |i = 1, ..., N} and F̂t =

{F̂ t
i |i = 1, ..., N} respectively, where F t

i = {F tx
i ,F ty

i }
and F̂ t

i = {F̂ tx
i , F̂ ty

i } are the position ground truth and
estimation for agent i at this step. Since a specific cur-
rent situation could develop into multiple possible future
interactions, most MTP model predicts multiple interaction
modes, where M > 1, thus F̂ t

i = {F t
im|m = 1, ...,M} and

ˆF t
im = { ˆF tx

im, ˆF ty
im}. The minJointADE is calculated as

minJ-ADE = min
1≤m≤M

1

NT

∑
i,t

√
( ˆFtx

im −Ftx
i )2 + (

ˆFty
im −Fty

i )2.

(19)

MinJointFDE represents the minimum value of the eu-
clidean distance at the last predicted timestamps averaged
by all agents between the ground truth and the mode with
the lowest value [1]. The minJointFDE is defined as

minJ-FDE = min
1≤m≤M

1

N

∑
i

√
( ˆFTx

im −FTx
i )2 + (

ˆFTy
im −FTy

i )2.

(20)

B. Experiment Details

B.1 Data Preprocessing

NuScenes. In the nuScenes [4] dataset, the observable
histories and predicted futures respectively last for 2s and
6s, with a sample rate of 2Hz. Thus the histories contain 4
timesteps, and the futures contain 12 timesteps. In the data
preprocessing for Agentformer [43] and AutoBots [17], we
remove agents with recorded past trajectories less than 2
steps or with incomplete future trajectories.
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Figure 6. Visualization of IPCC matrices in nuScenes (blue line:
past trajectories, green line: ground truth, red line: predictions).
Scene 9: Vehicle ① is far away from vehicle ② and ③, and the
latter two vehicles are driving in opposite directions. Scene 10:
Vehicle ① is following vehicle ②, and vehicle ③ is driving on the
opposite lane. Scene 11: Vehicle ① is yielding to vehicle ②. Scene
12: Vehicle ①, ②, ③, ④ are passing or approaching a roundabout,
and vehicle ③ is closely following vehicle ④.

Argoverse 2. In the Argoverse 2 [41] dataset, the observ-
able histories, and predicted futures are 5s and 6s with a
sample rate of 10Hz. Henceforth, the histories contain 50
timesteps, and the futures contain 60 timesteps. Compared
with nuScenes, Argoverse 2 has significantly more agents in
most scenes, and most agents have complete future trajecto-
ries. Thus, we only select agents with complete trajectories
in the data preprocessing for Agentformer and AutoBots.

B.2 Training Details

For IPCC-TP and the backbones of Agentformer and Auto-
Bots, we set a dropout rate of 0.1. We train the Agentformer
for 50 epochs with an initial learning rate of 1e-4 in the eval-
uation on both nuScenes and Argoverse 2. We further decay
the learning rate by 0.5 every 10 epochs. As for the training
of AutoBots, we set the initial learning rate as 7.5e-4. In the
evaluation on nuScenes, we train the model for 100 epochs.
Thereby, in the first 50 epochs, we decay the learning rate
by 0.5 every 10 epochs. In the evaluation on Argoverse 2,
we train the model for 100 epochs, reducing the learning



rate by 0.5x every 20 epochs. We train the models on a
single NVIDIA Titan Xp.

C. More Experiment Results

In this supplementary material, we first provide more re-
sults about the qualitative comparisons between the baseline
models and the enhanced models on nuScenes and Argov-
erse 2. Then, to support our statement about yaw angle θ
estimation mentioned in Sec.3.3. IPCC Projection, we also
study the error caused by the approximation in a quantita-
tive way. Next, we provide the ablation study results on
the Attention Block introduced in the main paper. Finally,
we provide the result of AutoBots enhanced by our module
compared with the original version on the INTERACTION
dataset [46].

C.1 Qualitative Results on nuScenes and Argo 2

We visualize IPCC matrices in several scenes in nuScenes.
The result is shown in Figure. 6. In addition, we show more
comparisons in Figure. 8 and Figure. 9.

C.2 Yaw Angle Analysis

As described in Sec.3.3 in the main paper, for short-term
trajectory prediction (no longer than 6s), vehicles are un-
likely to have sharp turns in such a short time, thus the an-
gle θti based on the incremental movement is close to the
actual yaw angle ϕt

i, and F̂∗
t is a suitable approximation to

F̂t. We counted the distribution of the error δθ between the
real and estimated yaw angles from 378k samples. It turns
out that δθ ∼ N (−0.4, 14.92) (degree), which means that
95.4% of the estimated angles have an error less than 30◦

(2σ rule), as depicted in Figure 7. Thus, our approximation
of θ is fairly reasonable.

C.3 Ablation Study

The proposed Attention Block is designed to assign the
weight of others’ influences to each agent. In this experi-
ment, we substitute a Multi-Layer Perception (MLP) Block
for it and summarize the result in Table 6. Results demon-
strate the superiority of the Attention Block, which captures
the cross-agent relevance.

C.4 Quatitative results on INTERACTION

The INTERACTION dataset requires 3s predicted fu-
ture trajectories, which is less challenging compared to
nuScenes and Argoverse 2 (6s long). Thus, the demonstra-
tion of IPCC-TP’s ability to model multi-agent relevance
over long periods of time is limited when evaluated on IN-
TERACTION. Regardless, we still provide our results in
Table 7 below for completeness. Although the baseline

Figure 7. Distribution of δθ. According to 378k samples from
the nuScenes dataset, the error δθ between the real yaw angle ϕ
and the estimated yaw angle θ has a mean value of −0.4◦ and a
standard deviation of 14.9◦.

AutoBots+IPCC-TP minJ-ADE(6) minJ-FDE(6)

MLP Block 2.26 4.84
Attention Block 2.20 4.79

Table 6. Ablation study of Attention Block on Argoverse 2.

INTERACTION minJ-ADE(6) minJ-FDE(6)

AutoBots 0.36 0.97
AutoBots+IPCC-TP 0.35 0.93

Table 7. Evaluation on INTERACTION.

method AutoBots already demonstrates satisfactory results,
IPCC-TP can still exceed its performance.
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Figure 8. Comparisons between Agentformer and Agentformer
+ IPCC-TP on nuScenes (blue line: past trajectories, green line:
ground truth, red line: predictions). Scene 1: Vehicle ① and ②

drive in different directions, and they should keep their lanes with-
out interfering with each other. Scene 2: Vehicle ①, ② and ③

should keep their lanes. Scene 3: Vehicle ① should turn left prop-
erly and then follow vehicle ② and ③. Scene 4: Vehicle ① should
wait until vehicle ② passes the T-junction. Black circles show that
the results of the Agentformer baseline are abnormal, while they
become reasonable after the model is enhanced with IPCC-TP.
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Figure 9. Comparisons between AutoBots and AutoBots + IPCC-
TP on Argoverse 2 (blue line: past trajectories, green line: ground
truth, red line: predictions, grey line: road center lines). Scene 5:
Vehicle ① and ③ should keep their lanes while vehicle ② is about
to stop on the side of the road. Scene 6: Vehicle ② is turning right
and vehicle ① should yield to vehicle ②. Scene 7: Vehicle ①,
②, ③ should keep their lanes without interfering with each other.
Scene 8: Vehicle ② is approaching vehicle ① while the latter starts
moving. Black circles show that the results of AutoBots baseline
are abnormal, while they become reasonable after the model is
enhanced with IPCC-TP.
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