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Abstract

Deep generative models have become a promising approach
for human motion prediction due to their ability to capture
multimodal distributions and represent diverse human be-
haviors. However, generating predictions that are both di-
verse and jointly consistent among interacting agents re-
mains challenging. In addition, most existing approaches
are primarily evaluated using single-agent (marginal) met-
rics, which fail to fully reflect the joint dynamics of multi-
agent interactions. We propose a diffusion-based frame-
work that improves multi-agent motion prediction by lever-
aging rich contextual information from historical trajecto-
ries. This information is incorporated through a guidance
mechanism to enhance the diversity and expressiveness of
predicted motions. To further enforce interaction consis-
tency, we introduce an energy-based formulation that re-
fines the joint trajectory distribution while preserving the
plausibility of individual trajectories. Extensive experi-
ments on four benchmark datasets demonstrate that our
approach consistently outperforms existing methods. No-
tably, our approach substantially improves both marginal
(ADE/FDE) and joint (JADE/JFDE) metrics on ETH/UCY
over strong marginal baselines. Compared with prior joint
prediction methods, it delivers significant gains in marginal
metrics while maintaining competitive joint performance.

1. Introduction

Human trajectory forecasting aims to predict future hu-
man movements while accounting for the uncertainty and
diversity of possible behaviors [2, 9, 32, 34, 46, 51]. It
plays a critical role in applications such as autonomous
driving [7, 8, 30, 46, 49], digital health [25, 32], and hu-
man—robot interaction [47, 56, 57, 66], where accurately
anticipating pedestrian motion is essential for safe decision-
making. In multi-agent environments [22, 46], this task re-
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quires predicting a distribution of possible future trajecto-
ries by modeling both individual motion histories and in-
teractions among agents [67]. Despite significant progress,
the problem remains challenging due to the inherent multi
modality of human motion, where the same observed past
can correspond to multiple plausible future paths across dif-

ferent environments [23].

Classical generative models, such as autoencoder-based
approaches, address this challenge by learning compact
latent representations of past trajectories and using them
to decode and predict future motion. These models effi-
ciently capture motion patterns and can be trained in un-
supervised or self-supervised settings, making them easy
to extend with techniques such as variational autoencoders
[52, 61], attention mechanisms [19, 55], or social interac-
tion modules [2, 35, 61]. However, they often have dif-
ficulty capturing multimodal future possibilities, which can
lead to averaged trajectories and accumulated errors in long-
term predictions. In addition, modeling complex multi-
agent interactions often requires extra architectural com-
ponents. In contrast, diffusion-based generative models
[5, 13, 24, 26, 33, 50] naturally model multimodal trajec-
tory distributions by generating multiple plausible futures
instead of a single averaged prediction. They can better
capture complex motion patterns and interactions, produc-
ing diverse and realistic trajectories in crowded or uncertain
environments. Nevertheless, diffusion models can exhibit
temporal inconsistencies, where stochastic denoising intro-
duces small jitters between time steps, and goal ambiguity,
generating trajectories that appear locally plausible but are
globally inconsistent with the underlying intent.

To overcome the challenges discussed above, we propose
a deep generative modeling approach for human trajectory
prediction. The main contributions of this paper are sum-
marized as follows:

* We propose CODA, a novel framework for consistent and
diverse multi-agent motion prediction. Our approach en-
hances trajectory generation by incorporating rich con-
textual information from historical observations and inte-



grating it into the generative process to improve predic-
tion diversity and expressiveness.

* We introduce a simple yet effective energy-based formu-
lation [11] for joint trajectory refinement, which preserves
the plausibility of individual trajectories while improving
joint consistency among interacting agents.

» Extensive experiments on four human motion datasets
demonstrate that CODA achieves state-of-the-art perfor-
mance across multiple metrics, effectively balancing the
trade-off between marginal metrics (ADE/FDE) and joint
metrics (JADE/JFDE) [54], highlighting the importance
of modeling diverse yet consistent multi-agent motion.

2. Related Works

2.1. Human Trajectory Prediction

Human trajectory prediction aims to forecast future pedes-
trian positions from observed motion histories and sur-
rounding interactions. Early approaches relied on physics-
based and probabilistic models, such as the Social Force
Model[42], Kalman Filters [34], and Hidden Markov Mod-
els [12, 38], which describe motion using predefined dy-
namics but struggle to capture complex behaviors. With
the advancement of deep learning, RNN- and LSTM-based
models were introduced to learn temporal dependencies in
trajectory sequences. To better model social interactions,
subsequent work proposed interaction-aware architectures
such as Social-LSTM [2] and graph-based methods using
Graph Neural Networks (GNNs) [35]. More recently, at-
tention mechanisms and transformer-based models [14, 48]
have been explored to capture richer spatial-temporal de-
pendencies and long-range interactions. In parallel, gen-
erative approaches, including GANs, VAEs, and diffusion
models, have been developed to produce multiple plausible
future trajectories, addressing the multi-modality of human
motion prediction.

2.2. Interaction Modeling and Enhancement

Existing methods for interaction modeling in human tra-
jectory prediction can be broadly categorized into sev-
eral groups based on how agent interactions are repre-
sented. Rule-based approaches rely on hand-crafted for-
mulations, such as the Social Force Model [42], which
describe pedestrian interactions using predefined physical
rules [18]. Neighborhood-based aggregation methods cap-
ture local interactions by pooling information from nearby
agents, as exemplified by social pooling [2]. Pairwise inter-
action learning methods explicitly model relationships be-
tween agent pairs based on their relative positions and mo-
tion patterns [21, 63, 68].

More recent work adopts graph-based methods, where
Graph Neural Networks (GNNs) represent pedestrians as
nodes and their interactions as edges [53], enabling flexible

modeling of dynamic crowd structures. Finally, attention-
based and transformer-based approaches further enhance
interaction modeling by selectively focusing on relevant
agents and capturing long-range spatial-temporal depen-
dencies [19, 35, 37]. Building upon these developments,
our work introduces richer contextual representations for
diffusion-based trajectory generation, enabling diverse yet
consistent multi-modal predictions.

2.3. Generation with Guidance

Guided generation in diffusion models is commonly imple-
mented through classifier guidance, which adds gradients
from an external classifier trained on noisy samples, and
classifier-free guidance (CFG) [16], which combines condi-
tional and unconditional score estimates without requiring
a separate classifier. More generally, model- or regressor-
guidance methods bias [16, 17, 20] sampling using gradi-
ents from learned constraint models. In trajectory predic-
tion, guidance is often realized through goal/intent guidance
and scene/map guidance [1, 28, 45], which encourage tra-
jectories to follow likely destinations while respecting envi-
ronmental constraints [40, 65]. In this work, as illustrated
in Fig. 1, we adopt classifier-free guidance and incorporate
richer contextual information during generation, while fur-
ther refining the joint distribution of sampled trajectories
with an energy-based model [11, 36, 39], preserving indi-
vidual trajectory plausibility while improving multi-agent
consistency [54].

3. Approach
3.1. Trajectory Prediction Problem

Multi-agent trajectory forecasting aims to predict the future
motion of multiple interacting agents based on their histor-
ical observations and scene context. Consider a dynamic
scene containing N agents observed over 7}, time steps.
The historical trajectories of all agents are represented as

Xy, ={xt|i=1,....,N, t=1,....,T,}, (1)

where x! € R? denotes the 2D spatial position of agent i

at time step ¢t. Given these observations, the objective is to
predict the future trajectories of all agents over the next T’y
time steps,

Yriimar, =y [ t=Th+1,....Th + T¢}, (2)

where y! € R? denotes the ground-truth future position
of agent ¢ at time step t. The trajectory forecasting task
can therefore be formulated as learning a model fy(-) that
estimates the conditional distribution

P@ (YT}L+1:T’L+Tf | XI:T;Lac)a (3)

where C represents additional contextual information such
as scene semantics, map priors, and agent interactions.
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Figure 1. Core concept and result of CODA: By incorporating rich interaction context and applying energy-based optimization, CODA
improves joint behavior while preserving marginal accuracy, achieving the best performance on marginal metrics (ADE/FDE) and mean
Collision Rate (CR), and the second-best results on joint metrics (JADE/JFDE).

Since future trajectories are inherently uncertain and often
multi-modal, the model typically predicts a set of K possi-
ble future trajectories Yg,fz) +1:Th41, K=1,..., K, each
corresponding to a plausible future motion hypothesis.

In this section, we introduce the proposed method
(Fig. 2), CODA, a diffusion-based framework for joint tra-
jectory modeling. CODA consists of three key modules: (1)
Dynamic Context as Guidance Condition (DCGC), which
extracts agents’ dynamic features as guidance conditions;
(2) the Adaptive Condition Integration Module (ACIM),
which injects the dynamic context as additional noise to
guide embedding generation during diffusion; and (3) Joint
Distribution Refinement (JDR), which shifts probability
mass toward jointly consistent trajectories while suppress-
ing trajectories that are individually plausible but jointly in-
consistent.

3.2. Dynamic Context as Guidance Condition

Recent studies construct guidance conditions from either
agent interaction features (non-stationary) [19, 53] or dy-
namic features (stationary) [1, 12, 18] to guide trajectory
generation. However, both approaches have inherent limi-
tations. Non-stationary conditions, represented by dynamic
feature embeddings, improve trajectory diversity but often
introduce redundant information that may cause deviations
from the agent’s true intentions. In contrast, stationary con-
ditions maintain intention consistency through agent inter-
est embeddings, but typically rely on a fixed number of rep-
resentations, which may fail to capture varying intention
structures across agents and thus limit trajectory diversity.
In this work, inspired by [62, 64], agent-wise features are
obtained by applying self-attention [29] to embedded histor-
ical trajectories. Additionally, dynamic interaction features
are extracted using the context Transformer [62].

3.2.1. Agent-wise Context Extraction

Given the embedded representation of the historical inputs
X, we employ a self-attention mechanism [29] to capture

dependencies within the sequence. Specifically, a two-layer
multilayer perceptron (MLP) is used to compute an atten-
tion score matrix that measures the relative importance of
different historical observations. The weighted score ma-
trix W € RA*K is computed as

W = Softmax (MLP44x i [tanh (MLP 544 (X + P))]),

“)
where P denotes the positional embedding and k represents
the number of extracted features, corresponding to the num-
ber of generated trajectory hypotheses. The historical infor-
mation is then aggregated using the weighted score matrix
to obtain the interest feature representation:

G, e RF>Nxd — Wi o X, ®)
3.2.2. Global Context Extraction

The global context (dynamic interaction) embedding among
agents is extracted using four standard Transformer blocks,
similar to the architecture used in [62]. Each block con-
sists of a multi-head self-attention layer followed by a feed-
forward network. The resulting global context representa-
tion is given by

G, € RPN — Transformer(X), (6)

where G2 denotes the learned dynamic interaction em-
bedding and Transformer(-) represents the stacked Trans-
former blocks that model dependencies among agents. We
repeat G2 for K times for subsequent use.

Equations Eq. (5) and Eq. (6) describe the extraction of
the agent’s inherent motion features and mutual interaction
features, corresponding to approximations of long-term mo-
tion patterns and short-term interaction dynamics. Their
combination captures the agent’s true motion intention and
guides the model to generate realistic trajectory embeddings
in the noise space. To preserve the individuality of both fea-
tures while enriching the guidance signal, we concatenate
them to form the final guidance condition:

G c RKXAXQd — Concat(G17 G—27 dlm = 0)7 (7)
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Figure 2. Illustrates the framework of our CODA. It consists of three key modules: (1) Dynamic Context as Guidance Condition (DCGC),
which captures agents’ dynamic features as guidance conditions; (2) the Adaptive Condition Integration Module (ACIM), which incor-
porates agent dynamic context from these guidance conditions as additional noise to generate the next embedding during the diffusion
generation phase; and (3) Joint Distribution Refinement (JDR), which shifts probability mass toward jointly consistent trajectories while
reducing probability assigned to trajectories that are individually plausible but jointly inconsistent.

3.3. Adaptive Context Integration

Existing diffusion-based methods typically employ either
MLPs or Transformer encoders for noise (or target) predic-
tion. MLP-based approaches can improve trajectory diver-
sity but lack explicit interaction with guidance conditions,
which may introduce bias. In contrast, Transformer-based
methods integrate noise representations with agent inter-
action features through attention weighting, effectively fit-
ting noise in the agent intention space rather than the target
space, thereby limiting trajectory diversity.

To address this limitation, we propose an Adaptive Con-
dition Integration Module (ACIM) that dynamically injects
the guidance condition G into the noisy target embedding
via cross-attention, thereby strengthening conditional guid-
ance during the diffusion process:

(2t +tp + Ap)WQ(GWE)T]
Vid
®

where tp and Ag denote the time-step embedding and
agent-order embedding, respectively.  The guidance-
enhanced representation is then fused with the original
noisy embedding as

= Softmax(

x; = Concat (mt, :ctG, dim = —1) . )

) G,

3.4. Optimization with Joint Distribution Refine-
ment

3.4.1. Context Guidance based Prediction

Given contextual information G, the goal is to estimate the
conditional marginal distribution of the target variable X,
denoted as p(X | G). We adopt a conditional diffusion
model [16, 40] that learns this distribution through a gradual
denoising process. Specifically, a forward diffusion process
progressively perturbs the data by adding Gaussian noise:

q(Xt ‘Xt_l):./\/(\/l—ﬁtxt_l,ﬂt]:), tZL...,T,
(10)
which transforms the data distribution into an isotropic
Gaussian. The reverse process learns to recover the clean
sample conditioned on context G:

pg(Xt_1 ‘ Xth)v (11)

parameterized by a neural network that predicts the noise
component €y (x¢,t, G). The model is trained by minimiz-
ing the denoising objective

L =Eixye[lle—eo(xt,t, G)[?] , (12)



where ¢ ~ N(0,I). Through iterative denoising condi-
tioned on G, the model learns to sample from the target
distribution p(X | G).

To follow the trajectory prediction formulation com-
monly used in the literature [5, 13, 23, 28], we convert
the noise prediction into target prediction and incorporate
a best-of-K estimation along with a diversity-encouraging
loss:

2

S

-],

2

+ Laiw(Y,Y)

(13)

In Eq. (13), the first term can be interpreted as a variant of
Eq. (12) [5, 13, 23, 28]. The second term corresponds to
the well-known best-of- K estimation, while the final term
represents the diversity loss. To encourage diversity among
the K predicted trajectory modes, we consider the temporal
differences between consecutive predictions:Ag; = ¢;11 —
9; and Ay; = y;+1 — y;. The diversity loss is defined as the
Kullback-Leibler (KL) divergence between the normalized
differences of predicted and ground-truth trajectories:

Laiv(Y,Y) = D1 (0(AY) || o(Ay)) (14)
oAy
— ; o(Ay;)log By (15)

The normalization function o(-) is defined using a
temperature-scaled softmax:

exp(AY; i k.1/T)

T )
Zf:l 25:1 >l exp(Ay;, g kv /T)
(16)

o(AY)ijkt =

exp(Agijki/T)

K N T A :
Zj’:l D=1 vty exp(Ai g1 /T)
(17)

U(Aﬁ)i,yyk,l =

3.4.2. Joint Distribution Refinement

When the diffusion parameterization factorizes across
agents, training yields accurate marginal distributions for
each agent but does not explicitly capture their joint depen-
dencies. This limitation motivates us to advocate joint dis-
tribution refinement (JDR).

In this work, we build on the observation that diffusion
models define a distribution over trajectories and can learn
accurate marginals. To address the missing joint dependen-
cies, we introduce an energy-based model (EBM) [11], pa-
rameterized by 6, that provides a joint correction to the dif-
fusion distribution. The resulting composed distribution is

Poin(Y | G) o Poirr(Y | G) exp(—Ep(Y, G)), (18)

good marginals joint refinement

where Ppir(Y | G) provides accurate marginal distri-
butions via the diffusion model, whereas the energy term
exp(—Ep(Y, G)) acts as an EBM-based correction to bet-
ter capture inter-agent dependencies. Taking the logarithm
of Eq. (18) and focusing on the joint refinement part, we ob-
tain

LepMm = ngHZEe(Yz‘, G;) + ZEe(Yi,Yj, Gij),
7 1<)

(19)
where the first term evaluates the individual plausibility of
each agent’s prediction by measuring its consistency with
the learned marginal distribution. The second term, on
the other hand, enforces joint consistency among agents by
leveraging the pairwise interaction context, G;;, which
encodes relational dependencies between agents. This
interaction-aware mechanism encourages the predicted tra-
jectories to remain not only individually realistic but also
mutually compatible within the multi-agent environment
[11, 36, 39]. We note that the refinement in Eq. (18) is
related to prior work [10], where diffusion models are im-
proved using score-based gradients. In contrast, our method
performs refinement at the distribution level rather than the
score level.

With the analysis above, we obtain the training loss used
for our network. The overall training objective can be ex-
pressed as:

L = AregLreg + AdivLaiv + AeBMLEBM (20)

3.4.3. Model Optimization and Discussion

In our approach, trajectories are first normalized using
min—max scaling to map future relative motions to the range
[—1, 1], which helps stabilize training dynamics. For most
datasets, we adopt the Social Transformer as the backbone
architecture, while an MLP backbone is used for the NBA
dataset. The transformer-based encoders incorporate skip
connections and share a common configuration with 128
hidden features, a feed-forward dimension of 512, eight at-
tention heads, and four stacked layers. The diffusion model
generates samples through a 100-step denoising ODE pro-
cess. For the flow time scheduler, we employ a logit-normal
distribution. All experiments are conducted on an NVIDIA
GeForce RTX 5090 GPU using the AdamW optimizer in
PyTorch, with a weight decay of 0.01.

From an efficiency perspective, the proposed formula-
tion is compatible with existing one-step and few-step dif-
fusion models. Empirically, we find that a student model
implemented as a one-step diffusion model achieves perfor-
mance comparable to that of the teacher model when trained
using Maximum Likelihood Estimation (MLE)-based dis-
tillation objectives, including KL divergence, Maximum
Mean Discrepancy (MMD), and Chamfer distance. As op-
timization efficiency is not the primary focus of this work,
we omit additional case studies of the one-step variant.



4. Experiments

4.1. Datasets

We evaluate the proposed method on four widely used tra-
jectory prediction benchmarks: ETH/UCY, SDD, NBA, and
JRDB. The ETH/UCY dataset contains five subsets (ETH,
HOTEL, UNIV, ZARA1, ZARA?2); following the standard
leave-one-out protocol, we train on four subsets and test
on the remaining one, predicting 12 future frames (4.8 s)
from 8 observed frames (3.2 s). The SDD dataset [41] pro-
vides bird’s-eye-view pedestrian trajectories in pixel coor-
dinates without projection matrices; we predict 12 future
frames from 8 observations and report results in both pixel
and metric units. The NBA dataset [6] contains trajecto-
ries of 10 players and the ball captured by the SportVU
system; we predict 20 future frames (4.0 s) conditioned on
10 observed frames (2.0 s), where frequent abrupt intention
changes make trajectories more complex than typical pedes-
trian scenarios. The JRDB dataset [44] is a large-scale ego-
centric benchmark collected by a mobile social robot across
diverse environments; we use the Social-Transmotion split
[43] for deterministic evaluation and the official challenge
splits for stochastic prediction. As trajectories are annotated
in camera coordinates while the robot is moving, we convert
them to a global frame using odometry from rosbags. Fol-
lowing the official protocol, the model predicts 12 future
frames from 9 observations at 2.5 Hz.

4.2. Baselines

We compare the proposed CODA model with several state-
of-the-art approaches, including NPSN [3], S-GAN[15],
GroupNet [58], LED [33], TUTR [48], EqMotion [60],
EigenTraj [4], SingularTraj [5], Evo-Graph [35], Y-net [32],
PECNet [31], Social VAE [61], MemoNet [59], LRR [27],
MOFLOW [13] and NMFT [12], on datasets where com-
parable results are publicly available. For the most recent
methods, MOFLOW [13] and NMFT [12], we reproduce
the reported results using their official codebases to en-
sure a fair comparison. The performance of the remain-
ing methods is taken directly from their respective publi-
cations. Note that the set of compared methods may vary
across datasets depending on the availability of reported re-
sults.

4.2.1. Evaluation protocols

We employ both marginal (ADE and FDE) and joint JADE
and JFDE) metrics for evaluation [54], which differ in the
order of aggregation over samples and agents. The marginal
metrics compute the minimum over K predicted trajecto-
ries of the average displacement across time steps and the
final-step displacement, respectively, on a per-agent basis.
In contrast, joint metrics first average displacement errors
across all agents within each predicted sample and then se-
lect the minimum over K samples. This reordering, though

Table 1. Minimum ADE/FDE comparison across datasets with
K=20 samples. Lower values indicate better performance. The
best results are highlighted in bold, and the second-best results are

underlined.

Methods ETH

HOTEL

UNIV

ZARA1

ZARA2

Avg.

S-GAN [15]
Trajectron++ [46]
PECNet [31]

0.88/1.66
0.67/1.18
0.56/0.99

0.46/0.92
0.19/0.28
0.19/0.33

0.64/1.34
0.30/0.54
0.34/0.63

0.38/0.82
0.25/0.41
0.24/0.47

0.29/0.60
0.18/0.32
0.18/0.35

0.53/1.07
0.32/0.55
0.30/0.55

Y-Net [32] 0407057 0.120.19  0.31/0.60 0.26/0.49 020039 0.26/0.45
MemoNet [59] 0.41/0.64 0.11/0.17  0.24/0.43 0.18/0.32 0.14/025  0.22/036
View Vertically [55] 0.57/0.69 0.12/0.19  0.29/0.50 0.20/0.36 0.15/0.26  0.27/0.40
Joint View Vertically [54] 0.70/0.79 0.13/0.20  027/0.47 0.22/0.36 0.14/025  0.29/0.41
AgentFormer [64] 0.45/0.75 0.14/023  0.25/0.45 0.18/030 014024  0.23/039
Joint AgentFormer [54] 0.47/0.79 0.14/0.21 0.29/0.51 0.19/0.32 0.14/024  0.25/0.41
LRR [27] N/A N/A N/A N/A N/A N/A

MoFlow [13] 0.40/0.57 0.110.17  0.23/0.39 0.15/0.26 0.12/022 020032
NRMF [12] 0.26/0.37 011017 0.28/0.49 0.18/0.30 0.14/0.25  0.19/0.32
CODA (Ours) 0.24/0.37 0.10/0.15  0.22/0.39 0.15/0.25 0.12/022  0.17/0.28

subtle, is critical, as it enforces sample-level consistency
and prevents combining predictions of different agents from
different samples during evaluation.

4.3. Quantitative Results

ETH/UCY: Tab. | reports the minimum ADE/FDE on
ETH/UCY with K = 20 samples. CODA achieves the
best overall performance, obtaining the lowest average er-
ror (0.17/0.28), corresponding to a 15.0% / 12.5% improve-
ment over MoFlow (0.20/0.32) and a 10.5% / 12.5% im-
provement over MRF (0.19/0.32). Our method achieves the
best ADE on ETH (0.24) and UNIV (0.22), and the lowest
or tied-lowest FDE on ZARAT1 (0.25) and ZARA?2 (0.22).
Compared with earlier generative models such as S-GAN,
PECNet, and MemoNet, the improvements are substantially
larger (over 30-60% on average), demonstrating signifi-
cantly enhanced trajectory accuracy and long-term predic-
tion fidelity. The consistent gains across scenes indicate
stronger multimodal modeling and more effective sample
selection under the marginal evaluation protocol.

Tab. 2 presents joint evaluation results, where the best
sample is selected after averaging errors across all agents,
imposing stricter multi-agent consistency. Under this
setting, CODA remains competitive, achieving the best
performance on UNIV (0.52 JADE) and strong results
across other subsets, with a competitive overall average
(0.40/0.81). While some methods (e.g., AgentFormer vari-
ants and Joint VV) perform well on specific scenes, our ap-
proach maintains stable performance across environments.
Moreover, the relatively small gap between marginal and
joint metrics suggests that CODA produces coherent multi-
agent predictions within each sampled trajectory, rather
than relying on per-agent best-case selection. Overall,
CODA generates diverse and accurate trajectories while
preserving strong inter-agent consistency, demonstrating
robustness across evaluation protocols.

NBA: Tab. 3 presents the temporal evaluation on the
NBA dataset under both marginal (ADE/FDE) and joint
(JADE/JFDE) metrics. Across all prediction horizons



Table 2. Quantitative comparison using min JADE2o/JFDEy, |
with K = 20 samples)

Table 4. Comparison with state-of-the-art methods on the SDD
dataset.

Method ETH HOTEL UNIV ZARA1 ZARA2 Avg.

S-GAN [15] 0.92/1.7 0.48/0.95 0.74/1.57 0.44/1.0 0.36/0.79 0.59/1.21
Trajectron++ [46] 0.73/1.3 0.24/0.42 0.61/1.32 0.36/0.71 0.29/0.63 0.45/0.87
PECNet [31] 0.62/1.1 0.29/0.59 0.67/1.42 0.41/0.90 0.37/0.84 0.47/0.97
Y-Net [32] 0.50/0.78 0.21/0.39 0.70/1.56 0.49/1.04 0.49/1.10 0.48/0.97
MemoNet [59] 0.50/0.86 0.22/0.42 0.69/1.47 0.35/0.72 0.39/0.86 0.43/0.87
View Vertically [55] 0.56/0.78 0.20/0.33 0.65/1.31 0.33/0.65 0.30/0.60 0.41/0.73
Joint View Vertically [54] 0.65/0.84 0.19/0.31 0.52/1.09 0.33/0.63 0.27/0.55 0.39/0.68
AgentFormer [54] 0.48/0.79 0.24/0.46 0.62/1.31 0.29/0.56 0.30/0.62 0.38/0.75
Joint AgentFormer [54] 0.49/0.80 0.19/0.32 0.59/1.22 0.27/0.51 0.25/0.51 0.36/0.67
LRR [27] 0.51/0.91 0.19/0.33 0.61/1.25 0.33/0.65 0.28/0.59 0.39/0.74
MoFlow [13] 0.71/1.36 0.34/0.66 0.59/1.12 0.41/0.93 0.38/0.87 0.48/0.98
NRMEF [12] 0.57/1.11 0.27/0.50 0.64/1.31 0.43/0.94 0.34/0.74 0.45/0.92
CODA (Ours) 0.56/1.07 0.23/0.42 0.52/1.10 0.39/0.82 0.30/0.66 0.40/0.81

Table 3. Comparison with state-of-the-art methods on the NBA
dataset.

Time GroupNet MID LED MOFLOW NRMF CODA
ADE 1.0s 0.26/0.34 0.28/0.37 0.21/0.28 0.18/0.25 0.16/0.24 0.17/0.24
/FDE 2.0s 0.49/0.70 0.51/0.72 0.44/0.64 0.34/0.48 0.34/0.50 0.33/0.45
3.0s 0.73/1.02 0.71/0.98 0.69/0.95 0.51/0.68 0.53/0.75 0.50/0.66
4.0s 0.96/1.30 0.96/1.27 0.94/1.21 0.70/0.89 0.75/0.97 0.69/0.87
JADE 1.0s N/A N/A N/A 0.37/0.68 0.33/0.61 0.36/0.67
/JFDE 2.0s N/A N/A N/A 0.81/1.62 0.73/1.46 0.79/1.59
3.0s N/A N/A N/A 1.26/2.50 1.15/2.21 1.23/2.47
4.0s N/A N/A N/A 1.69/3.31 1.53/2.79 1.67/3.28

(1.0s-4.0s), CODA demonstrates consistently strong per-
formance. = Under marginal metrics, CODA achieves
the best results at longer horizons, obtaining the lowest
ADE/FDE at 3.0s (0.50/0.66) and 4.0s (0.69/0.87), while re-
maining competitive at shorter horizons. Although NRMF
attains the best performance at 1.0s (0.16/0.24), CODA
maintains comparable accuracy and outperforms the other
baselines as the prediction horizon increases. Overall, these
ADE/FDE results indicate that CODA provides the most ro-
bust marginal trajectory prediction, particularly for longer-
term forecasting.

For the joint metrics, NRMF achieves the best results
across all prediction horizons. CODA ranks second in most
cases. The widening gap at longer horizons indicates that
NRMF remains a strong competitor to CODA, and that both
methods are effective at modeling long-term dynamics and
complex inter-agent interactions in NBA trajectories. Over-
all, the JADE/JFDE results show that both methods model
multi-agent dependencies well, with NRMF having a slight
advantage in joint forecasting accuracy.

SDD: Tab. 4 reports the quantitative comparison on the
SDD dataset under both marginal (ADE/FDE) and joint
(JADE/JFDE) metrics. CODA achieves the best marginal
performance, obtaining the lowest ADE (6.87) and FDE
(10.86), outperforming strong recent baselines such as MRF
(7.10/11.11), MoFlow (7.50/11.96), and ET+HighGraph
(7.81/11.09). These improvements are notable given the
highly dynamic nature of NBA trajectories, which involve
abrupt motion changes and complex player interactions.

Under joint metrics, AgentFormer achieves the best
JADE (9.56) and Y-Net the lowest JFDE (16.01), indicat-
ing stronger optimization for joint trajectory coherence. In
contrast, recent generative approaches—including MoFlow,

Methods Venue ADE FDE JADE JFDE
S-GAN CVPR’18 12,74 22.65 13.76 24.84
Trajectron++ ECCV’20 10.18 15.76 11.36 18.21
PECNet ECCV’20 9.34 16.10 10.82 19.48
Y-Net ICCV’21 815 1280 9.67 16.01
MemoNet CVPR’22 797 12.82 959 1643
View Vertically ECCV’22 934 1467 10.75 1745
Joint View Vertically CVPR’23 9.62 15.07 1092 17.70
AgentFormer CVPR’21 8.01 1324 9.67 16.92
Joint AgentFormer CVPR’23 825 1374 9.56 16.59
TUTR ICCV’23 776 12.69 - -

ET+HighGraph CVPR’24 7.81 11.09 - -

MoFlow CVPR’25 750 1196 18.97 37.46
NRMF ICLR’25 7.10 11.11 16.18 32.55
CODA (Ours) TBD 6.87 10.86 13.96 26.31

NRMEF, and CODA—primarily optimize marginal trajec-
tory accuracy, which can reduce joint consistency. Overall,
CODA establishes state-of-the-art marginal performance on
NBA while maintaining competitive joint results, demon-
strating its effectiveness in modeling complex, interaction-
rich dynamics.

JRDB: Tab. 5 reports time-horizon evaluation on JRDB
using both marginal (ADE/FDE) and joint (JADE/JFDE)
metrics. Across prediction intervals from 1.2s to 4.8s,
CODA consistently achieves competitive or superior per-
formance. Under marginal metrics, it attains the best results
at 1.2s (0.04/0.05) and remains tied for the lowest errors at
longer horizons, reaching 0.11/0.17 at 3.6s and 0.15/0.23
at 4.8s, indicating strong short-term precision and stable
long-term forecasting. Under joint metrics, CODA demon-
strates improved multi-agent consistency over MOFLOW
and NRMF, particularly at longer horizons; at 4.8s, it
achieves the lowest JADE/JFDE (0.34/0.64), outperform-
ing MOFLOW (0.35/0.67) and NRMF (0.37/0.69). The
widening gap at extended horizons suggests better preserva-
tion of global scene coherence. Overall, CODA maintains
strong accuracy across horizons while achieving superior
long-term joint consistency, highlighting its effectiveness in
modeling dynamic, egocentric multi-agent environments.

Table 5. Comparison with state-of-the-art methods on the JRDB
dataset.

Time LED MOFLOW NRMF CODA
ADE/FDE 1.2s 0.05/0.07 0.04/0.06 0.04/0.05 | 0.04/0.05
2.4s 0.09/0.14 0.07/0.11 0.08/0.11 | 0.07/0.11
3.6s 0.14/0.21 0.11/0.17 0.11/0.17 | 0.11/0.17
4.8s (Total) | 0.18/0.28 0.15/0.23 0.15/0.23 | 0.15/0.23
JADE/JFDE 1.2s N/A 0.10/0.15 0.09/0.16 | 0.09/0.14
2.4s N/A 0.18/0.32 0.19/0.35 | 0.17/0.31
3.6s N/A 0.27/0.50 0.28/0.52 | 0.25/0.47
4.8s (Total) N/A 0.35/0.67 0.37/0.69 | 0.34/0.64




4.4. Qualitative Results

This section presents a qualitative comparison of multi-
modal trajectory predictions for Scene 2, Agent 8 from
the NBA dataset. Each column corresponds to a different
method (MOFLOW, NRMF, and CODA), visualizing the
observed trajectories, ground-truth futures, sampled predic-
tions, and the mean predicted trajectory. The reported stan-
dard deviation reflects the dispersion of sampled trajectories
and provides an indication of predictive diversity.

As shown in Fig. 3, MOFLOW generates diverse tra-
jectories that largely align with the ground truth but ex-
hibit mild dispersion in highly dynamic cases. NRMF pro-
duces more concentrated predictions with controlled vari-
ance while maintaining plausible future directions. CODA
achieves similar diversity with better alignment to the
ground truth and interaction context, resulting in improved
structural coherence across agents. Overall, while all meth-
ods capture complex interaction-driven sports dynamics,
CODA demonstrates stronger joint behavioral consistency.

Similar observations can be made in Fig. 4. NRMF pro-
duces diverse trajectories but occasionally deviates from
the dominant motion pattern, resulting in larger displace-
ment errors. MOFLOW more closely follows the ground
truth while preserving trajectory diversity. CODA strikes a
balance between diversity and structural coherence, captur-
ing the overall motion trend while maintaining interaction-
consistent variations. Although its ADE (0.2371) is slightly
higher than that of MOFLOW in this example, CODA
achieves a lower JADE (0.9299), indicating improved joint
behavioral consistency across agents.

Figure 3. Prediction samples (75,=20) on the NBA dataset. Light
blue shows historical trajectories, dark blue shows future ground
truth, white curves are sampled predictions, and the violet curve
denotes the mean estimate.

NMRF MOFLOW copa

Figure 4. Qualitative trajectory prediction results on the Univ
dataset.

Table 6. Ablation study evaluating the components of the proposed

method.
DCGC__ACIM__JDR | ADE/FDE___ JADEJFDE
v X X | 0.740/0.923  1.309/3485
v v x| 072410901  1.764/3.421
x x v | 071600897 1.665/3.273
v v v | 06940873 1.671/3.283
4.5. Ablation Study

We conduct an ablation study on the NBA dataset to exam-
ine the contributions of the key components in our frame-
work—DCGC, ACIM, and JDR—using both marginal met-
rics (ADE/FDE) and joint metrics (JADE/JFDE). As re-
ported in Tab. 6, removing DCGC or ACIM leads to clear
increases in ADE and FDE, indicating that these modules
play an essential role in improving agent-wise trajectory
prediction by capturing richer contextual and interaction in-
formation. In contrast, removing JDR results in only mi-
nor changes in ADE/FDE but causes noticeable degrada-
tion in JADE/JFDE. This result suggests that JDR mainly
contributes to modeling joint dynamics and coordination
among agents. Overall, the ablation results demonstrate a
clear functional distinction: DCGC and ACIM primarily en-
hance marginal prediction accuracy, whereas JDR is crucial
for improving joint trajectory consistency.

5. Conclusion

In this work, we propose CODA, a framework for im-
proving multi-agent motion prediction by incorporating rich
contextual information from historical trajectories into the
generative process, enabling more diverse and expressive
predictions. We further introduce a simple yet effective for-
mulation that refines the joint trajectory distribution using
an energy-based model, preserving the plausibility of indi-
vidual trajectories while enhancing joint consistency among
interacting agents. Extensive experiments on four bench-
mark datasets demonstrate consistent improvements over
state-of-the-art approaches. Overall, these results highlight
the effectiveness of CODA in jointly modeling diversity and
consistency for multi-agent motion prediction.
Limitations. We leverage different levels of data-driven
context, achieving SOTA performance on ADE/FDE while
attaining competitive results on the joint metrics JADE,
JFDE, and CR. However, the additional effort devoted to
robust context modeling increases the training time. All
methods still have substantial room for improvement on
the CR metric, although this issue could be significantly
alleviated by incorporating LiDAR data. Furthermore,
the current prediction pipeline relies solely on coordi-
nate inputs; integrating richer physical context—such as
traversable areas—could further enhance performance.
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