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Abstract

Stochastic Human Trajectory Prediction (HTP) using gen-
erative modeling has emerged as a significant area of re-
search. Although state-of-the-art models excel in optimiz-
ing the accuracy of individual agents, they often struggle to
generate predictions that are collectively compliant, lead-
ing to output trajectories marred by social collisions and
environmental violations, thus rendering them impractical
for real-world applications. To bridge this gap, we present
JACoP: Joint Alignment for Compliant Multi-Agent Pre-
diction, an innovative multi-stage framework that ensures
scene-level plausibility. JACoP incorporates an Anchor-
Based Agent-Centric Profiler for effective initial compli-
ance filtering and employs a Markov Random Field (MRF)
based aligner to formalize the joint selection for scene pre-
dictions. By representing inter-agent spatial and social
costs as MRF energy potentials, we successfully infer and
sample from the joint trajectory distribution, achieving pre-
diction with optimal scene compliance. Comprehensive ex-
periments show that JACoP not only achieves competitive
accuracy, but also sets a new standard in reducing both en-
vironmental violations and social collisions, thereby con-
firming its ability to produce collectively feasible and prac-
tically applicable trajectory predictions.

1. Introduction
Human Trajectory Prediction (HTP) studies human behav-
ior at a microscopic level by predicting individual move-
ment patterns given historical observations. Due to the com-
plexity of human decision making, along with the flexibility
of pedestrian movements, the HTP problem is stochastic by
nature, i.e., a given historical observation might be com-
patible with multiple feasible future outcomes. The rapid
development of generative modeling and its successful ap-
plication in image generation inspired their adoption in the
HTP domain.

Previous works[3, 7, 21], leveraging the strong learning
capability of SOTA generative models, focused on optimiz-
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Figure 1. HTP models need environmentally and socially com-
pliant predictions to maximize their utility in downstream tasks.
JACoP produce compliant predictions to accomplish this goal.

ing prediction accuracy among its K-shot generative out-
puts. The addition of social and environmental context as
input and the dedicated component for modeling interac-
tions further enhance the model’s accuracy upper-bound,
measured by the displacement of the best prediction among
all model outputs (i.e., minkADE/FDE). To further en-
sure coverage of a broader range of possible future scenar-
ios and a higher likelihood of recreating ground-truth be-
havior, previous models also focused on enhancing the di-
versity of their predictions, either via adoption of alternative
learning objective [40] or post-hoc sampling modules [20].
Despite the numerical improvement in the accuracy metric,
Our experiment and previsous studies [14, 18] have shown
that SOTA models often struggle to generate plausible tra-
jectory predictions free of environmental violation and so-
cial collision, rendering the majority generated trajectory
predictions unusable as reference for downstream planning
tasks. Figure 1 depicts our motivation.

To address this issue, we propose Joint Alignment for
Compliant Prediction (JACoP), a multi-stage framework de-
signed to enforce scene-level compliance across multiple
agents simultaneously. The design of JACoP integrates two
key elements. First, we introduce an anchor-based agent-
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centric profiler, which effectively curates a set of high-
quality trajectory prototypes. These prototypes are selected
not only to capture a diverse set of agent intentions but
also to maintain initial compliance with environmental con-
straints. This process efficiently constrains the solution
space for the subsequent joint sampling stage required for
optimal alignment of the scene prediction. Second, we for-
malize the selection of the final prediction output by infer-
ring a joint trajectory distribution over the selected proto-
types through a Markov Random Field (MRF). The MRF
explicitly models the spatial and social costs, including joint
occurrence likelihood and inter-agent collision penalties, as
energy potentials. This allows for the correspondence of the
optimal joint trajectory prediction with the lowest-energy
configurations of individual prototypes. This mechanism,
combined with Gibbs Sampling, effectively models the joint
distribution of future trajectories for all scene agents and of-
fers a robust strategy to ensure that the predicted outcomes
maintain environmental and social plausibility across the
entire scene.

We conduct thorough benchmarking on widely-used tra-
jectory prediction datasets. Additionally, our assessment
extends beyond mere accuracy measures of models’ best
predictions, focusing instead on evaluating their true ability
to comprehend scene contexts and simultaneously generate
joint scene predictions for all agents. We demonstrate that
our approach not only performs competitively in terms of
joint accuracy metrics but also sets new benchmarks in re-
ducing environmental violations and social collisions. This
confirms that our model effectively closes the gap between
precise individual forecasts and the collective feasibility
needed for practical human trajectory prediction.

In summary, our contributions are summarized as fol-
lows:

• We propose JACoP, a multi-stage trajectory prediction
pipeline designed to enforce scene-level compliance
across multiple interacting agents simultaneously, bridg-
ing the gap between high individual accuracy and collec-
tive feasibility.

• We formalize the joint selection of the final predic-
tions by inferring a joint trajectory distribution using an
MRF. This model explicitly incorporates spatial and so-
cial costs, such as inter-agent collision penalties and joint
occurrence likelihood, as energy potentials, guaranteeing
low-energy (plausible) configurations.

• We establish new state-of-the-art performance in mini-
mizing crucial metrics for environmental and social com-
pliance. Our work confirms that JACoP successfully gen-
erates joint scene predictions that are not only accurate
but also consistently practical and usable for downstream
planning tasks.

2. Related Works
Human Trajectory Prediction has been a prominent topic in
the field of computer vision. Early learning-based methods
use recurrent neural networks [1, 10] to model the sequen-
tial nature of human trajectory. Later works shift toward
using generative models to generate multi-modal predic-
tions better capturing the stochastic nature of human tra-
jectory, using techniques such as Generative Adversarial
Network (GAN) [10, 11, 13, 22], Conditional Variational
Autoencoders (CVAE) [14, 15, 29, 39], Normalizing flow
[5, 26, 27], diffusion model [4, 9, 18, 21] and Flow Match-
ing Model [7].

Several studies developed sampling heuristics to im-
prove prediction diversity. AgentFormer [40] uses a sam-
pling module to enhance diversity from the CVAE module’s
latent distribution; MemoNet [37] generates a large amount
of trajectory samples, performs clustering, and uses cluster
centers for maximum diversity, and FEND [35] and AMD
[25] focus on sampling long-tail events for better coverage
of possible future scenarios.

Recent studies incorporate environmental factors to
improve prediction accuracy through scene contexts.
Some [14, 20] use rasterized environmental maps to predict
waypoints, whereas others [8, 17, 30, 41, 42] use HD maps
for vehicle trajectory predictions. Unlike vehicles, humans
do not need to strictly follow lane structures or non-drivable
areas, therefore lacking direct environmental guidance for
accurate predictions. To address this issue, methods in-
cluding [3, 34] used anchor trajectories as initial proposals,
which we also adopted in our model.

Social interaction modeling in the HTP domain is more
explored than environmental factors. Research has focused
on using social contexts to improve K-shot multi-modal
prediction accuracy. Initial studies highlighted social fea-
ture extraction, introducing social-pooling to merge infor-
mation from nearby agents into a target agent’s embedding
[1, 10]. Later, specialized interaction modules like social
graphs, using graph-based learning such as GCN [23, 32]
and GAT [11, 13, 42], were developed for multiagent con-
texts. Other methods [2] furthered this by adding social
graph construction as an auxiliary task and using higher-
order graphs [6, 12] to better represent group behaviors of
pedestrian agents.

Earlier methods use multi-agent contexts for decoding,
assuming independent future trajectories for each agent
once conditioned on past social contexts. AgentFormer and
FJMP [28, 40] address this by inferring from the joint dis-
tribution for scene consistency. AgentFormer [40] utilizes
autoregressive CVAE to model joint agent motion, while
FJMP [28] applies topological sorting and conditional sam-
pling. Our work follows this approach, producing scene-
consistent multi-agent predictions by sampling from a joint
distribution represented by the MRF. We further enhance

2



this by optimizing beyond prediction accuracy to ensure the
model understands social contexts, achieving both environ-
mental and social compliance.

Previous studies employed minkADE to assess model
predictions by focusing on the optimal individual agent
output. To improve evaluations involving multiple inter-
acting agents, [36] presented JointADE and JointFDE
(JADE/JFDE) for predicting pedestrian trajectories. While
JADE/JFDE provides a more comprehensive joint perfor-
mance evaluation, it still only assesses the best sample,
lacking a full assessment of trajectory generation quality.
Inspired by crowd simulation evaluation metrics, [31] sug-
gested adding qualitative measures like environmental and
social collision and diversity metrics to HTP evaluations.
These measures assess the overall model capability by con-
sidering all multi-modal outputs. In line with this, we in-
corporate metrics for scene compliance and replicate SOTA
models to address this gap in current HTP research.

3. Method
3.1. Overview
Human trajectory prediction (HTP) aims to predict the fu-
ture movement given a sequence of observed behavior and
environmental context. Suppose that there exist a total of
N agents in a scene and an observed trajectory sequence
Xi = {xt

i|t ∈ [1, To]} for each agent i for To steps in 2D
global coordinates, where X = {Xi|i ∈ [1, N ]}. We de-
note the ground-truth (GT) future trajectory for each agent
i as Yi = {yti |t ∈ [To + 1, To + Tf ]} for Tf steps into the
future, and Y = {Yi|i ∈ [1, N ]}. Our goal is to jointly pre-
dict future trajectories Ŷ for all N agents based on historical
trajectories X and the environmental context M .

3.2. Agent-Centric Profiler
The Agent-Centric Profiler (ACP) determines the action
profile of the target agent through their own historical move-
ment, neighboring agent positions, and environment layout.
We use these historical and scene contexts to query against
a set of anchor trajectories Y∗ ⊂ RM×Tf×2 and select K
possible future movements as prototype trajectories, pro-
ducing scores rating for their likelihood in the meantime.
Anchor Trajectory Database We first construct a database
of M anchor trajectories from the training set to cover var-
ious possible movement types. Inspired by SingularTra-
jectory [3], we use singular value decomposition (SVD) to
compress the GT trajectories Yi into a lower-dimensional
vector vi ∈ Rds , ds = 4, following the previous work. To
do so, we first construct a motion matrix A ∈ RN×2Tf by
flattening and concatenating all the normalized ground-truth
future trajectories in the training data. Then we use SVD to
decompose the matrix A into

A = UΣV (1)

where U ∈ RN×ds , Σ ∈ Rds×ds and V ∈ Rds×2Tf . We
use V ⊤ to obtain the trajectory compression by

vi = AiV
⊤, (2)

where Ai ∈ R2Tf is the normalized and flattened ver-
sion of Yi for agent i. We then use K-means clustering to
group all compressed trajectories into K clusters and use
the cluster centers as the anchor trajectory by transforming
them back into the coordinate space to build the database
Y∗ ⊂ RK×Tf×2.
Feature Extraction Using the anchor trajectory database
Y∗, we determine the target agent’s motion profile by se-
lecting the K most likely future movements as prototypes
using historical context as query. This context includes the
agent’s past ego status, positions of neighboring agents, and
environmental layout. We then project the historical em-
bedding into a future trajectories feature space to choose
prototypes whose embeddings are close to this projection.

To obtain the embedding of the historical context Z(x)
i

for agent i, we first convert their historical ego status
X

(ego)
i —the temporal sequence of their velocity and head-

ing in polar coordinates—into Fourier features Z
(ego)
i ∈

RTo×D [33], where D is the dimension of embedding space.
We then compute the relative spatial-temporal positional
embedding R

(social)
i,j first proposed in the QCNet [42] to

encode the historical social context using the position of
neighboring agents. Z(ego)

i , along with R
(social)
i,j , then is in-

jected into an encoder composed of the factorized attention
modules across the temporal and social dimensions, where
the ego status embeddings are updated with historical and
social contexts.

Z
(ego)
i = Fθ(Z

(ego)
i , {R(social)

i,j }∀j∈Ni
), (3)

where Ni is the neighbor of agent i. We then takes
the embedding corresponding to the last observation step
Z

(ego)
i (t) ∈ RD to represent an agent’s history of past

movement and social interactions.
The environmental layout, alongside historical and so-

cial contexts, significantly influences pedestrian decision-
making. We propose using a distance array Mi ∈ R360, rep-
resenting distances to nearby obstacles, to model an agent’s
local environment. This distance array is encoded into
Fourier features and combined with historical data through
cross-attention to derive the historical context embedding

Z
(x)
i = Gθ(Z

(ego)
i (t),Mi). (4)

To construct the feature space for future trajectory, we
normalize and rotate anchor with respect to the last ob-
served position and heading for each agent. We then obtain
the anchor trajectory embedding Z

(y)
κ = Fϕ(Y

∗
κ ), where

Y ∗
κ ∈ Y∗ for all κ ∈ K anchor trajectories using an LSTM
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Figure 2. Model Architecture. Our framework operates in two stages: (Left) Latent embeddings from agents’ historical movement, social
context, and environment query prototype trajectories, which are filtered and refined. (Right) We then use the refined proposals to infer a
joint distribution of future trajectories via a Markov Random Field (MRF), with the final scene prediction sampled using Gibbs sampling.

encoder Fϕ. Both embeddings Z
(x)
i and Z

(y)
κ will capture

the motion pattern in their corresponding time horizon. To
maintain consistency between these two separate feature
spaces (history and future), we further transform the ob-
servation embedding Z

(x)
i by projecting it into the future

trajectory embedding space via an MLP layer h and obtain
an updated feature Z

(x)′

i = h(Z
(x)
i ).

Prototype Selection We compute the matching score us-
ing the cosine similarity values between the updated obser-
vation feature and the anchor trajectory embeddings Z

(y)
κ .

Specifically, we compute

Si = softmax({siκ|κ = 1, · · · ,K}), siκ = Z
(x)′⊤
i Z(y)

κ ,
(5)

where Si is the set of matching scores between agent i’s ob-
served trajectory against all anchor trajectories. To prevent
the selection of anchor trajectories that violate the environ-
mental constraint, we perform zero-out operations to those
degenerate ones.1 We then pick the top-K highest scored
prototype as the prototype trajectory set for agent i.

We enhance prediction accuracy by refining prototypes
with agent’s historical embeddings. For agent i, the cus-
tomized prototype is derived by adding its observation em-
bedding to the k-th likely prototype Z

(y)
ik

, then decoding it
with an LSTM network:

Ỹ ∗
ik

= LSTM(Z
(x)
i + Z

(y)
ik

). (6)

This method constructs a customized prototype trajectory
set Ỹ∗

i for agent i, which serves as a candidate set for joint
alignment.

1Since anchor trajectories are fixed, we can pre-label the ones that vio-
late environmental constraint for target agent i.

3.3. Joint Scene Prediction Alignment
Despite the usage of multi-agent contexts, the prototype se-
lection process still lacks consideration and modeling of the
future interaction between agent. Using the highest scor-
ing prototype trajectories of each agent, we can construct
an interaction graph G that estimates the relationship be-
tween agents in the future horizon. We then infer the joint
distribution of future trajectories P (Y |X,M) over the se-
lected prototypes for all agents in the scene by constructing
a Markov Random Field (MRF) from the interaction graph.
Inspired by the energy-based formulation of JFP [19], we
define the joint trajectory distribution

P (Y |X,M) =
1

Z
exp(E(Y |X,M)), (7)

where Z is the normalizing constant. The energy function
is defined to be the sum of unary and pair-wise potentials
as:

E(Y |X,E) =
∑
i

Eunary(Yi|X,E)

+
∑

(i,j)∈G

Epairwise(Yi, Yj). (8)

For the unary potential Ei = Eunary(Yi|X,E), we di-
rectly use the logit of the prototype selection scores sik in-
dicated in Equation (5), where the higher value means that
the agent has a higher probability of taking such action. We
train a dedicated module to estimate the pairwise potential
Eij = Epairwise(Yi, Yj) ∈ RK×K for each connected edge
between two interacting agents i and j, where

Eij = MLP (ỹ∗i , ỹ
∗
j@i), (9)

and ỹ∗i , ỹ
∗
j@i are the embedding of the selected prototype of

i and j in the coordinate of the agent i’. We then mask-out
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the pair-wise potential value of the colliding pairs of pro-
totypes between agent i and j by assigning large negative
values.
Joint Alignment via Gibb’s Sampling We apply Gibb’s
sampling to jointly sample and align prototypes selected
from the previous step from the joint distribution estimated
by the MRF module. We initialize the sampling process
using initial samples from the marginal distribution charac-
terized by the unary potential as:

Y (0) ∼ Punary, Punary =
1

Z
exp(Eunary(Y |X,M)).

(10)
We then iteratively sample for each agent i. At each sam-

pling step τ , we sample the trajectory of the agent i by con-
ditioning the sample of the other agents’ from the previous
step as:

Y
(τ)
i ∼ P

(
Yi|Y (τ−1)

j , j ̸= i
)
. (11)

To sample K sets of scene prediction, we save the sam-
ples after B steps of the burn-in period. We present the al-
gorithm for the full sampling process in the supplementary
material.

3.4. Training Objectives
We train the full pipeline end-to-end using separate loss
components for each module. For anchor selection, we ap-
ply a focal loss by identifying the prototype with the small-
est displacement from the ground-truth trajectory as the GT
prototype. The focal loss for the GT prototype’s matching
score sim is given by:

Lfocal = −α(1− sim)γ log(sim),

where α is the balancing parameter and γ controls level of
loss contribution from the easier samples.

We train the prototype refinement module using a
winner-takes-all strategy. Given the refined prototype tra-
jectories Ỹ ∗

ik
for k = 1, · · · ,K, we define the regression

loss that penalizes the displacement error of the most accu-
rate prototype,

Lregress =
K
min
k=1

∥Ỹ ∗
ik
− Yi∥2, (12)

where Yi is the GT future trajectory for agent i.
To learn a meaningful feature space for future trajecto-

ries, we train the future encoder and decoder by reconstruct-
ing GT trajectory Yi via a reconstruction loss

Lrecon = ∥LSTM(Z
(x)
i + Fϕ(Yi))− Yi∥2. (13)

Finally, we make sure that the GT prototype trajectory em-
bedding Zi

m aligns well with the GT trajectory embedding
as

Lembed = ∥Fϕ(Yi)− Zi
m∥2. (14)

Therefore, we define the ACP training loss as a weighted
sum,

LACP = β1Lfocal + Lpred + Lrecon + Lembed, (15)

where β1 is a hyperparameter to scale the focal loss. We use
β1 = 100 for the experiments.

To train the pairwise potential, for each edge in the MRF
we mark the prototype pairs between agent i and j with the
minimum joint displacement error from the ground-truth as
the GT label and then compute the focal loss on the pairwise
potential value,

Lpairwise = −α(1− e
(m,n)
ij )λlog(e

(m,n)
ij ), (16)

here we assume agent i’s mth prototype and agent j’s nth
prototype shall produce the minimum joint displacement
from their GT future. Our final loss function is then com-
posed of both the ACP and pairwise potential loss, L =
LACP + Lpairwise. Note that, for all focal loss, we use
α = 0.25 and λ = 2. We also stop the gradient for ỹ∗i , ỹ

∗
j@i

in Equation (9) for the pairwise focal loss.

4. Experiments
4.1. Quantitative Evaluation
Dataset We evaluated the performance of our suggested
prediction algorithm by performing a benchmark using the
widely recognized ETH-UCY datasets [16, 24]. The ETH-
UCY dataset contains 1,536 pedestrians from five different
scenes: ETH, Hotel, Univ, Zara1, and Zara2; the trajectories
are annotated from top-down view footage of surveillance
cameras in world coordinates. Here, all results are mea-
sured in units of meters. We follow the common training
and testing convention first used in Social-GAN [10], with
an observation window of 3.2 seconds (8 frames) and a pre-
diction horizon of 4.8 seconds (12 frames) and performed
cross-validation against each scene to split the whole dataset
into training and testing subsets.
Evaluation Protocols We perform comprehensive evalua-
tions for all benchmarked models based on two main cri-
teria: accuracy and feasibility. To capture the stochastic
nature of human movement, we sample k samples from
each model and perform the evaluation with k = 20.
We used Joint ADE/FDE (JADE/JFDE) [36] to measure
the model’s ability to perform joint prediction across all
scene agents. We measure the feasibility of the predicted
trajectories by looking at the environmental and agent-to-
agent (A2A) collision rate. We also include the commonly
used minkADE/FDE to evaluate the upper bound of each
model’s predictive capability by measuring the displace-
ment error of the most accurate sample. We provide detailed
definition of these metric in the supplementary material.
Analysis We evaluate trajectory prediction using the ETH-
UCY dataset and compare our method with Agentformer
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Figure 3. Radar plot for all evaluation metrics among the five testing splits of ETH-UCY dataset.

Table 1. minkJADE/JFDE on ETH-UCY dataset with k = 20.
The best performance is boldfaced and the 2nd place is marked as
blue.

Model ETH Hotel UNIV ZARA1 ZARA 2
Avg. # Agents 2.6 3.5 25.7 3.7 6.3

Agentformer 0.619/1.136 0.303/0.603 0.622/1.311 0.325/0.660 0.314/0.663
GP-Graph 0.588/1.003 0.307/0.604 0.623/1.319 0.342/0.709 0.322/0.690
EqMotion 0.547/0.822 0.230/0.405 0.499/1.087 0.367/0.775 0.299/0.692

SingularTrajectory 0.462/0.714 0.286/0.553 0.668/1.395 0.376/0.747 0.356/0.747

Ours 0.704/1.226 0.229/0.420 0.715/1.472 0.361/0.724 0.304/0.623

Table 2. Agent-to-Agent Collision Rate (threhold = 0.2m) on
ETH-UCY dataset. The best performance is boldfaced and the
2nd place is marked as blue.

Model ETH Hotel UNIV ZARA1 ZARA 2
Avg. # Agents 2.6 3.5 25.7 3.7 6.3

Ground Truth 0 0.001 0.035 0 0.007

Agentformer 0.056 0.031 0.205 0.024 0.064
GP-Graph 0.033 0.031 0.179 0.031 0.065
EqMotion 0.52 0.047 0.230 0.144 0.108

SingularTrajectory 0.066 0.077 0.217 0.064 0.133

Ours 0.00 0.001 0.006 0.001 0.001

Table 3. Environmental Collision Rate on ETH-UCY dataset. The
best performance is boldfaced and the 2nd place is marked as blue.

Model ETH Hotel UNIV ZARA1 ZARA 2

Ground Truth 0 0 0.022 0 0.002

Agentformer 0.32 0.147 0.057 0.049 0.039
GP-Graph 0.258 0.071 0.09 0.051 0.056
EqMotion 0.677 0.093 0.126 0.076 0.067

SingularTrajectory 0.084 0.074 0.067 0.033 0.038

Ours 0.062 0.031 0.009 0.024 0.009

Table 4. minkADE/FDE on ETH-UCY dataset with k = 20. The
best performance is boldfaced and the 2nd place is marked as blue.

Model ETH Hotel UNIV ZARA1 ZARA 2

Agentformer 0.45/0.79 0.14/0.22 0.25/0.45 0.18/0.30 0.14/0.23
GP-Graph 0.43/0.64 0.18/0.30 0.24/0.42 0.17/0.31 0.15/0.29
EqMotion 0.50/0.72 0.13/0.18 0.23/0.43 0.20/0.37 0.13/0.23

SingularTrajectory 0.35/0.42 0.13/0.19 0.25/0.43 0.18/0.38 0.14/0.25

Ours 0.59/1.06 0.15/0.25 0.41/0.82 0.20/0.39 0.17/0.32

[40], GP-Graph [2], EqMotion [38], and SingularTrajec-
tory [3]. We assess their JADE/JFDE performance, en-
vironmental, and social collision rates by replicating the
benchmarked model with the original publication’s check-
points.the
Joint Displacement Error Table 1 presents experiment re-
sults of JADE/JFDE on the five partitions of the ETH-UCY
dataset. JADE/JFDE evaluates model’s ability to simulta-
neously produce accurate predictions for all scene agents, a
more challenging metric compared with the commonly used
minkADE/FDE. The metric requires the model not only to
produce accurate individual predictions, but also to align
the best samples for all scene agents. Our proposed method
demonstrates the ability to match and surpass the overall
performance of the SOTA models. Specifically, our model
provides a sizable improvement on the Hotel and ZARA2
split.
Social Collision Rate We evaluate the model’s understand-
ing of social contexts using the Agent-to-Agent (A2A) Col-
lision Rate, as in Table 2, applying a 0.2m collision thresh-
old to match minimal ground truth collisions. ETH, Ho-
tel, and Zara1 contain scenes with sparse social interactions,
each with fewer than five agents per scene, while UNIV and
ZARA 2 feature denser scenes. Our model achieves almost
collision-free trajectory generation across the whole test-
ing splits, outperforming all benchmarked models. Notably,
all SOTA models struggle to generate collision-free predic-
tions, particularly in UNIV and ZARA 2 splits, where up to
20% of the generated trajectories include collisions. This
highlights a gap in HTP research, where despite the exten-
sive usage of multi-agent contexts, SOTA models still fail to
fully capture socially compliant behaviors. Our method ad-
dresses this issue by integrating learned pair-wise potential,
collision filtering, and effective sampling strategies to pro-
duce trajectories that accurately reflect agents’ intentions
and maintain social feasibility.
Environmental Violation Table 3 shows the environmental
violation rate in the model predictions for the ETH-UCY
dataset. The environmental layout represents a significant
decision factor in pedestrian movement. In stochastic tra-
jectory prediction, where the model produces multiple pre-
diction samples, all outputs should follow the environmen-
tal layout to be viable for downstream tasks. We used the
ETH-UCY map annotated by [20] as the gold standard.
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Table 5. Ablation study on environmental and social collision rate. The best performance is boldfaced and the 2nd place is marked as blue.

Model ETH HOTEL UNIV ZARA1 ZARA2 ETH HOTEL UNIV ZARA1 ZARA2
Avg. # Agents 2.6 3.5 25.7 3.7 6.3 2.6 3.5 25.7 3.7 6.3

Env Filter A2A Filter Gibbs Environmental Collision A2A Collision

× × × 0.154 0.116 0.039 0.077 0.053 0.038 0.054 0.250 0.074 0.130

✓ × × 0.060 0.037 0.012 0.031 0.020 0.067 0.060 0.253 0.078 0.119
✓ ✓ × 0.058 0.046 0.013 0.034 0.012 0.066 0.072 0.253 0.082 0.123
✓ ✓ ✓ 0.062 0.031 0.009 0.024 0.009 0.000 0.001 0.006 0.001 0.001

Table 6. Ablation study on JADE/JFDE metric. The best perfor-
mance is boldfaced and the 2nd place is marked as blue.

Model ETH HOTEL UNIV ZARA1 ZARA2
Avg. # Agents 2.6 3.5 25.7 3.7 6.3

Env Filter A2A Filter Gibbs
× × × 0.703/1.225 0.246/0.446 0.702/1.447 0.397/0.796 0.328/0.672

✓ × × 0.783/1.305 0.318/0.548 0.626/1.294 0.380/0.766 0.321/0.670
✓ ✓ × 0.707/1.234 0.256/0.478 0.680/1.406 0.372/0.744 0.308/0.639
✓ ✓ ✓ 0.704/1.226 0.229/0.420 0.715/1.472 0.361/0.724 0.304/0.623

Both SingularTrajectory and our method incorporate envi-
ronmental information. Our proposed model achieved mini-
mal environmental collisions using filtering techniques dur-
ing prototype selection phase, which improved SOTA per-
formance. Compared with SingularTrajectory, which per-
forms environmental correction directly on model predic-
tions, our filtering and refinement approach proved more
effective, reducing collisions across the dataset.

Figure 3 shows a radar plot of all evaluation metrics,
highlighting our model’s significant improvement in feasi-
bility metrics, especially collision avoidance, which is es-
sential for real-world deployment. This is achieved with a
minor trade-off in predictive accuracy, reflected by a slight
decrease in standard ADE and FDE scores. While this com-
promise is also evident in mink ADE/FDE in Table 4, we
emphasize that mink ADE/FDE measures only the upper
bound of model capability. We strategically prioritize gen-
erating a single, highly plausible, and compliant trajectory
over optimizing for best-case statistical accuracy, as this
better reflects practical application constraints. Further de-
tailed analysis is provided in the supplementary material.

4.2. Qualitative Analysis
We provide qualitative analysis with visualizations of the
individual and scene predictions to better showcase the be-
havior and characteristics of the models in social and envi-
ronmental interactions.

Figure 4 illustrates two examples of individual predic-
tions from the Hotel and Zara1 scenes. Our model effec-
tively produces diverse, scene-compliant trajectories. In the
first example (Figure 4 top), the sample distribution aligns
with the environment, predicting straight or rightward paths
(in the agent’s perspective) as the agent walks alongside a
solid barrier on their left. SingularTrajectory uses map gra-
dients for corrections, resulting in compliant but less diverse
predictions focusing on forward movement. Agentformer,
GP-Graph, and EqMotion do not comply with environmen-

tal constraints, mainly predicting leftward turns, which are
impractical and unrealistic. In the second example (Fig-
ure 4 bottom), our model maintains environmental adher-
ence, generating diverse motions, including ’U-turn’ behav-
ior. The other four SOTA methods fail to produce compliant
predictions, even for the SingularTrajectory which performs
environmental correction; and despite their diverse predic-
tion, they generate infeasible trajectories.

Figure 5 shows two scene predictions from Hotel and
Zara1, chosen by the optimal JADE performance among
each model’s 20 samples. Though SOTA HTP models excel
at individual predictions (minkADE metric), accurately
predicting all agents in a scene remains challenging. Due
to the harder nature of joint prediction, model evaluation
should allow the generation of alternative future as long as
the scene predictions are compliant. In the first example
(Figure 5 top), our method mostly aligns with agents’ orig-
inal paths, except for two parallel agents on the right. Our
model predicts collision-free paths while keeping their for-
mation, unlike other SOTA models which fail to do so with-
out causing overlaps. In the second example (Figure 5 bot-
tom), our model excels in social comprehension, accurately
predicting the intent of all four agents shown in the center of
the image, achieving the lowest JADE among benchmarks
models, which either miss intentions or predict collisions.

4.3. Ablation Study
Table 5 and Table 6 show the ablation study on environ-
ment and social filtering, along with the Gibb’s sampling
module, regarding collision and joint prediction accuracy
metrics. Environmental filtering notably reduces collisions,
enhancing model compliance. Without this filtering, the
model struggles to maintain environmentally compliant pre-
dictions despite using environmental context for prototype
refinement.

A2A filtering alone in pair-wise potential is insufficient
for socially compliant predictions. We use belief propa-
gation on the MRF to update the unary potential for each
agent. We then re-rank the chosen prototype by the updated
unary potential values and align the scene prediction using
these ranks, (e.g., align all rank 1,2,3...,20 samples). We ob-
serve that re-ranking alone does not prevent social collisions
or enhance JADE/JFDE performance. Combining A2A fil-
tering with Gibbs sampling significantly reduces A2A col-
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OursSingularTrajectoryEqMotionGP-GraphAgentFormer

Figure 4. Visualization for all prediction for two individual agents from Hotel (Top) and Zara1 (bottom) splits of ETH-UCY Dataset.
Blue line:Historical Trajectory, Green line: Ground Truth Future Trajectory, Red dashed line: Predictions.

OursSingularTrajectoryEqMotionGP-GraphAgentFormer

Figure 5. Scene prediction with best JADE performance from Hotel (top) and Zara2 (bottom) split. Blue line:Historical Trajectory, Green
line: Ground Truth Future Trajectory, Red dashed line: Prediction, Yellow Cross: Agent-to-Agent Collision.

lisions and improves joint prediction accuracy, showcasing
the importance of sampling from a joint trajectory distribu-
tion.

5. Conclusion
In this paper, we present JACoP, a novel multi-stage frame-
work that enhances stochastic Human Trajectory Predic-
tion (HTP) by focusing on collective scene-level plausibil-
ity. Unlike current top models that often overlook scene
consistency, JACoP ensures joint trajectory prediction with

minimal breaches of environmental and social constraints.
Evaluations show JACoP performs excellently in collective
compliance, significantly reducing collisions and bound-
ary violations while maintaining high predictive accuracy.
Despite minor declines in accuracy in some data sets and
higher time complexity during sampling, JACoP’s near-
perfect scene compliance makes it suitable for tasks like
simulation or crowd behavior analysis, which have less
stringent real-time needs.
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