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ABSTRACT
While game-theoretic planning frameworks are effective at model-
ingmulti-agent interactions, they require solving large optimization
problems where the number of variables increases with the number
of agents, resulting in long computation times that limit their use in
large-scale, real-time systems. To address this issue, we propose i)
PSN Game—a learning-based, game-theoretic prediction and plan-
ning framework that reduces runtime by learning a Player Selection
Network (PSN); and ii) a Goal Inference Network (GIN) that makes
it possible to use the PSN in incomplete information games where
agents’ intentions are unknown. A PSN outputs a player selection
mask that distinguishes influential players from less relevant ones,
enabling the ego player to solve a smaller, masked game involv-
ing only selected players. By reducing the number of players in
the game, and therefore reducing the number of variables in the
corresponding optimization problem, PSN directly lowers computa-
tion time. The PSN Game framework is more flexible than existing
player selection methods as it i) relies solely on observations of
players’ past trajectories, without requiring full state, action, or
other game-specific information; and ii) requires no online param-
eter tuning. Experiments in both simulated scenarios and human
trajectory datasets demonstrate that PSNs outperform baseline se-
lection methods in i) prediction accuracy; and ii) planning safety.
PSNs also generalize effectively to real-world scenarios in which
agents’ objectives are unknown without fine-tuning. By selecting
only the most relevant players for decision-making, PSN Game
offers a general mechanism for reducing planning complexity
that can be seamlessly integrated into existing multi-agent planning
frameworks.
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1 INTRODUCTION
Game-theoretic planning frameworks are widely used in robot-
ics to model multi-agent interactions in terms of Nash (or other)
equilibrium strategies, which can be identified by optimization-
based algorithms [8, 28]. Most existing approaches, however, focus
on static scenarios or involve only a small number of agents (e.g.,
≤ 5), where computational efficiency is rarely a concern. In con-
trast, scenarios involving many dynamic agents demand frequent
replanning, making computational efficiency a critical bottleneck.
In such settings, the number of optimization variables, typically
proportional to the number of agents, can grow rapidly and lead to
significant delays. Prior work [9, 15] has shown that even in simple
linear-quadratic games, computation time scales cubically with the
total number of state and control variables for all agents, rendering
game-theoretic planners impractical for large-scale use.

Interestingly, similar limitations are observed in human driving.
Prior research on drivers’ attention [7, 10, 18, 22, 33] reveals that in
dense traffic, monitoring all surrounding vehicles simultaneously
is hard for human drivers, leading to distraction, delayed reactions,
and increased accident risk. Although robots are not subject to
distraction, they still face computational limitations that require
longer solving times as the number of agents increases. In contrast,
human drivers instinctively prioritize nearby vehicles that pose an
immediate threat, such as those cutting in, merging, or failing to
yield. This behavior suggests two key insights: i) it is infeasible
to consider all agents at once; and ii) focusing on a strategically
selected subset of agents is often sufficient for safe driving.

For game-theoretic planning, Chahine et al. [2] proposed ranking-
based approaches that prioritize agents based on simple heuristics,
such as proximity to the ego player or their impact on cost. How-
ever, these approaches face the following limitations: i) they often
rely on access to control inputs or game-specific parameters, which
are typically unavailable in practice; and ii) using a fixed number
of selected players requires manual tuning and may either exclude
important agents or include irrelevant ones.

To address these limitations, we propose PSN Game—a novel
game-theoretic framework that learns a Player Selection Network
(PSN) to reduce the computation time of game-solving for multi-
agent trajectory prediction and planning. The PSN takes the inter-
ested agent and the surrounding agents’ past trajectories as input,
and outputs a player selection mask identifying the most influential
agents. Furthermore, we build a Goal Inference Network (GIN) that
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Figure 1: Overview of our game-theoretic prediction and planning framework via the Player Selection Network (PSN) and the Goal Inference
Network (GIN). At each timestep, the ego player (blue) observes other agents’ past trajectories and inputs them to PSN. The network selects
important players (red) and excludes less relevant ones (green). The ego player then solves a masked game over the selected subset to obtain
the Nash strategy 𝑢𝑖∗

𝑘 |𝑘 and updates its state using (1b).

infers other agents’ objectives evenwhen they are a priori unknown,
making player selection practical even in incomplete information
settings. Ultimately, the PSN, together with the GIN, constructs
a smaller-scale masked game over the selected subset of agents,
whose equilibrium solution can encode trajectory predictions and
planned interactions. (Fig. 1). Our contributions are fourfold:

i. We introduce an unsupervised Player Selection Network
(PSN), trained with a differentiable dynamic game solver
that enables backpropagation through the selection mask.

ii. We introduce a supervised Goal Inference Network (GIN)
that infers agents’ goals from past trajectories, allowing the
PSN to operate in scenarios where agents’ intentions are
unknown.

iii. We develop a receding-horizon game-theoretic planning
framework that utilizes the PSN to identify equilibrium
strategies efficiently by solving reduced-size games.

iv. We empirically validate PSN Game in multi-agent simula-
tions and real-world human trajectory datasets. PSN Game
effectively reduces the scale of the game by 50% to 75%, re-
sulting in a vast speedup in runtime compared to solving
the full-player games.

PSN Game offers two key advantages over prior selection methods.
i) Flexible data usage: at runtime, the PSN relies only on past tra-
jectory data—either full-state (e.g., position and velocity) or partial-
state (e.g., position only)—without requiring control inputs, cost
functions, or other game-specific parameters. It also eliminates the
need for online parameter tuning. ii) State-of-the-art performances:
by leveraging spatio-temporal patterns in past trajectories, PSN
achieves state-of-the-art performances in prediction and planning
metrics over existing baseline selection methods. These features
make PSN Game broadly applicable across diverse multi-agent
planning and prediction scenarios.

2 RELATEDWORK
2.1 Game-theoretic Planning and Time

Complexity Analysis
Game-theoretic planning has been widely applied to model di-
verse multi-agent interactions, including intention inference [17,
20, 21, 24], leadership inference [12, 14], handling occluded agents
in autonomous driving [11, 25, 35], and competitive scenarios such
as racing [26, 31]. These methods typically consider small-scale
environments with relatively few agents, where real-time equilib-
rium computation using solvers such as [5, 9, 15] is feasible. These
Newton-style solvers work by iteratively approximating the under-
lying noncooperative game with a sequence of quadratic problems
that can be solved analytically; however, the complexity of each sub-
problem scales cubically with the number of players, as illustrated
in Fig. 2, which makes it nontrivial to solve larger-scale problems
involving many agents.

To the best of our knowledge, absent any additional structure,
e.g., homogeneity of agents’ objectives that admits a mean field
representation [16], this complexity presents a fundamental obsta-
cle for deploying game-theoretic planning in large-scale, real-time
multi-agent systems. Given that the horizon 𝑇 and state dimension
𝑛 for each agent are often fixed by the task, reducing the number of
agents in the game remains the most viable strategy for improving
computational performance.

2.2 Player Selection in Multi-agent Interactions
Existing methods for selecting important players in multi-agent
settings generally fall into two categories: threshold-based and
ranking-based approaches.
Threshold-based methods highlight agents that breach a prede-
fined distance threshold around the ego agent. This idea has been
widely adopted in works such as [4, 29], where a safety margin
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Figure 2: Computation time using [8] vs. the number of players in
the game given in Section 4.1.1. Time consumption grows cubically
as player number increases.

is first defined to select key agents before applying prediction or
planning frameworks. However, these methods heavily rely on
threshold tuning, making them hard to generalize across scenarios.
Ranking-based methods, by contrast, aim to select the top-𝑘
most influential agents according to certain heuristics, such as
distance from the ego agent, [27, 30] where the top 𝑘 nearest neigh-
bors (kNNs) are identified. In learning-based approaches [3, 6, 32],
pooling mechanisms are employed to fix the input size to a neural
network trained to identify nearest neighbors. In the context of
game-theoretic planning, Chahine et al. [2] introduced ranking met-
rics based on, e.g., the sensitivity of the ego agent’s cost function
to other agents’ state.

However, ranking-based methods present several challenges. Se-
lecting a fixed number of agents can be too aggressive (omitting
critical players) or too conservative (including irrelevant ones),
often requiring environment-specific parameter tuning. Further-
more, many methods assume access to agents’ controls or other
game-specific information, which may not be available in practice.

In contrast, our proposed PSN Game addresses the limitations
of both threshold-based and ranking-based approaches. PSN Game
is lightweight in information requirements, relying only on past
position observations at runtime without needing access to poten-
tially privileged information (e.g., agents’ velocity, control inputs,
player cost functions, or other game-specific information). In par-
ticular, although cost functions are used during training to generate
trajectories, PSN Game does not require that information at test
time, enabling flexible deployment across different environments
with model mismatch. Experiments demonstrate that it not only
improves computational efficiency but also enhances ego-agent
trajectory smoothness and length, while maintaining safety perfor-
mance across a range of multi-agent navigation scenarios.

3 LEARNING TO IDENTIFY KEY PLAYERS IN
NONCOOPERATIVE INTERACTIONS

3.1 Preliminaries: Nash Games
A finite horizon, discrete-time, open-loop Nash game with 𝑁 agents
is characterized by their respective states 𝑥𝑖

𝑘
∈ R𝑛 and control in-

puts 𝑢𝑖
𝑘
∈ R𝑚 , 𝑖 ∈ {1, . . . , 𝑁 } ≡ [𝑁 ], over time 𝑘 ∈ [𝑇 ], where 𝑇 is

the planning horizon. Each agent 𝑖’s state transition from time 𝑘
to 𝑘 + 1 is governed by the dynamics 𝑥𝑖

𝑘+1 = 𝑓
𝑖 (𝑥𝑖

𝑘
, 𝑢𝑖
𝑘
). We denote

agent 𝑖’s trajectory and control sequence compactly as x𝑖 := (𝑥𝑖0:𝑇 )
and u𝑖 := (𝑢𝑖0:𝑇−1); and similarly, all agents’ states/control input at
time 𝑘 by x𝑘 := (𝑥1:𝑁

𝑘
), u𝑘 := (𝑢1:𝑁

𝑘
) and their trajectory/control

sequence over time by x := (x0:𝑇 ), u := (u0:𝑇−1), respectively. The
function 𝐽 𝑖 (x,u;𝜃 𝑖 ) := ∑𝑇

𝑘=0 𝑐
𝑖
𝑘
(x𝑘 ,u𝑘 ;𝜃 𝑖 ) defines the 𝑖th agent’s

cumulative cost, with game-specific parameter 𝜃 𝑖 . The game is thus
fully characterized by all agents’ costs parameterized by 𝜃 := (𝜃 1:𝑁 ),
initial states x0, and dynamics f := (𝑓 1:𝑁 ), and is denoted as
Γ(x0, f;𝜃 ). In this game, each agent aims to minimize its cost while
adhering to dynamics, i.e., agent 𝑖 solves the optimization problem
minimizing the time-cumulative sum of private cost 𝑐𝑖

𝑝,𝑘
and shared

cost 𝑐𝑖
𝑠,𝑘

=
∑𝑁
𝑗=1
𝑗≠𝑖

𝑐
𝑖 𝑗

𝑘
, where 𝑐𝑖 𝑗

𝑘
is the mutual shared cost:

min
x𝑖 ,u𝑖

𝑇∑︁
𝑘=0
[𝑐𝑖
𝑝,𝑘
(𝑥𝑖
𝑘
, 𝑢𝑖
𝑘
;𝜃 𝑖 ) + 𝑐𝑖

𝑠,𝑘
(x𝑘 ,u𝑘 ;𝜃 𝑖 )]︸                                           ︷︷                                           ︸

𝐽 𝑖 (x,u;𝜃𝑖 )=∑𝑇
𝑘=0 𝑐

𝑖
𝑘
(x𝑘 ,u𝑘 ;𝜃𝑖 )

(1a)

s.t. 𝑥𝑖
𝑘+1 = 𝑓

𝑖 (𝑥𝑖
𝑘
, 𝑢𝑖
𝑘
), 𝑘 ∈ [𝑇 ], (1b)

which is inherently coupled with each other agent’s ( 𝑗 ≠ 𝑖) own
problem.
Open-Loop Nash Equilibrium: If inequalities

𝐽 𝑖 (x∗,u∗;𝜃 𝑖 ) ≤ 𝐽 𝑖 (x𝑖 , x−𝑖∗,u𝑖 ,u−𝑖∗;𝜃 𝑖 ), 𝑖 ∈ [𝑁 ], (2)

concerning state and control trajectories of agent 𝑖 (x𝑖 ,u𝑖 ) and
other agents (x−𝑖 ,u−𝑖 ) are satisfied for all x𝑖 ,u𝑖 that remain feasible
with respect to (1b), then u𝑖∗ is called an Open-Loop Nash equilib-
rium (OLNE) strategy with x𝑖∗ being the corresponding OLNE state
trajectory for agent 𝑖 . This inequality indicates that no agent can
reduce their cost by unilaterally deviating from u𝑖∗ [1].
Differentiability of Nash game solvers. A key property of solutions
(x∗,u∗) to generalized Nash problems is that they are (directionally)
differentiable with respect to problem parameters 𝜃 , as discussed
in [19]. In our work, we employ the solver in [28], which leverages
implicit differentiation to efficiently compute those derivatives and
thus enables backpropagation during training.

3.2 Masked Nash Game with Selected Players
We first define the concept of a player selection mask, which helps
the ego agent to select the important agents during planning:

Definition 1 (Player Selection Mask). Suppose that the 𝑖th player
is the ego agent. Then, the player selection mask is denoted as
𝑀𝑖 := (𝑚𝑖 𝑗 ) ∈ {0, 1}𝑁−1 for 𝑗 ∈ [𝑁 ] \ {𝑖}, where

𝑚𝑖 𝑗 :=

{
1, Agent 𝑗 ∈ [𝑁 ] is included in the game
0, Agent 𝑗 ∈ [𝑁 ] is excluded from the game.

(3)

Given the player selection mask𝑀𝑖 , we construct the Masked Nash
Game as follows:

Definition 2 (Masked Nash Game). Given an open-loop Nash
game Γ(x0, f;𝜃 ), a masked Nash game for agent 𝑖 is denoted as
Γ𝑖 (x̃0, f̃;𝜃 ), where we define the set of unmasked agents (agents
that are included in the game)𝑈 𝑖 := { 𝑗 ≠ 𝑖 |𝑚𝑖 𝑗 = 1} and let

𝜃 := (𝜃 𝑗 ) 𝑗∈𝑈 𝑖 , x̃𝑘 := (𝑥 𝑗
𝑘
) 𝑗∈𝑈 𝑖 , f̃ := (𝑓 𝑗 ) 𝑗∈𝑈 𝑖 ,

𝑐𝑖
𝑠,𝑘
(x𝑘 ,u𝑘 ;𝜃 𝑖 ) :=

∑︁
𝑗∈𝑈 𝑖

𝑐
𝑖 𝑗

𝑠,𝑘
(x𝑘 ,u𝑘 ;𝜃 𝑖 ) . (4)

The masked game preserves only the specific parameters and
states corresponding to those agents most relevant to agent 𝑖 . Agent



𝑖 then solves the masked Nash game Γ𝑖 (x̃0, f̃;𝜃,𝑀𝑖 ), and employs
its masked OLNE strategy ũ𝑖∗ as its own plan.

3.3 Player Selection Network (PSN)
Given this construction, we now turn to the challenge of identi-
fying the set of key players that ego agent 𝑖 should consider in
its masked game model of the interaction in order to maintain
safety and efficiency while minimizing the computational burden
of solving the corresponding game to obtain its strategy at each
time 𝑘 . We propose the Player Selection Network (PSN), which is a
neural network whose task is to infer a mask 𝑀𝑖 which balances
performance with sparsity. Based on the available information, we
present two variants of the network: PSN-Full, whose input is all
agents’ past states x0:𝐾 , and PSN-Partial1, whose input is only a
partial observation of state, i.e. {ℎ(x𝑘 )}𝐾𝑘=0 for a known function ℎ.
For example, ℎ(x𝑘 ) could return only the Cartesian position of all
agents on the road, and not their velocities. Both variants’ output
is the inferred mask𝑀𝑖 . Player 𝑖 will then solve the masked game
Γ𝑖 (x̃0, f̃;𝜃,𝑀𝑖 ) to obtain his strategy ũ𝑖𝐾 :𝐾+𝑇 .

Remark 1. In the ideal case, the mask𝑚𝑖 𝑗 should be binary as de-
fined in (3), which hinders backpropagation and there would be 2𝑁−1
possible masks𝑀𝑖 . Although it is possible to train a neural network
with categorical outputs via the Gumbel softmax reparameterization
[13], it becomes too expensive when the initial number of players 𝑁 is
large. To overcome such limitations, we set the output masks as a con-
tinuous value𝑚𝑖 𝑗 ∈ [0, 1], and relax the shared cost 𝑐𝑖

𝑠,𝑘
(x𝑘 ,u𝑘 ;𝜃 𝑖 )

as 𝑐𝑖
𝑠,𝑘
(x𝑘 ,u𝑘 ;𝜃 𝑖 ), where

𝑐𝑖
𝑠,𝑘
(x𝑘 ,u𝑘 ;𝜃 𝑖 ) :=

𝑁∑︁
𝑗=1
𝑗≠𝑖

𝑚𝑖 𝑗𝑐
𝑖 𝑗

𝑘
(x𝑘 ,u𝑘 ;𝜃 𝑖 ). (5)

This allows us to use a continuous 𝑚𝑖 𝑗 to represent the filtering of
shared costs. At runtime, a threshold𝑚th is introduced to convert the
continuous output of PSN to binary masks (1 if larger than𝑚th and 0
otherwise).

Loss Function Design: We train two PSN variants: PSN-Prediction
and PSN-Planning for prediction and planning tasks, respectively;
their corresponding training loss functions are structured as:

𝐿Pred = 𝐿Binary + 𝜎1𝐿Sparsity + 𝜎2𝐿Similarity

𝐿Plan = 𝐿Binary + 𝜎3𝐿Sparsity + 𝜎4𝐿Cost
(6)

where

𝐿Binary =
1
𝑁

𝑁∑︁
𝑗=1
𝑚𝑖 𝑗 (1 −𝑚𝑖 𝑗 ), 𝐿Sparsity =

∥𝑀𝑖 ∥1
𝑁

,

𝐿Similarity =
∑︁
𝑘

∥ℎ(x̂𝑖
𝑘
) − 𝑝𝑖

𝑘
∥2, 𝐿Cost = 𝐽

𝑖 (x̂𝑖 ;x¬𝑖 ) .

with respective nonnegative weights 𝜎1:4. Observation 𝑝𝑖𝑘 is asso-
ciated with the trajectory of the ego agent 𝑖 at time 𝑘 , and x¬𝑖 is
the other agents’ trajectory if ego agent 𝑖 were to consider all other

1While PSN-Partial is capable of selecting key agents from partial observations, we
emphasize that solving the masked game still requires the knowledge of all agents’
full states. Prior works [23, 25] investigate methods to estimate full states of agents
from partial observations via inverse games. PSN-Partial is designed to integrate with
methods where only partial states of agents are needed.

agents; in contrast, x̂𝑖 is agent 𝑖’s computed Nash trajectory for the
game with relaxed shared cost in (5) (i.e., returned by the afore-
mentioned differentiable game solver). 𝐿Binary encourages mask𝑚𝑖 𝑗

to converge to either 0 or 1. 𝐿Sparsity encourages agent 𝑖 to con-
sider fewer other agents. 𝐿Sim encourages agent 𝑖 to consider agent
subsets which lead to Nash solutions that recover its observed tra-
jectory, and 𝐿Cost encourages agent 𝑖 to consider appropriate agents
to minimize its game cost.

3.4 Goal Inference Network (GIN)
In order to employ the PSN in more complicated scenarios where
the game information is incomplete (i.e., the parameter 𝜃 intro-
duced in Section 3.1 is unknown), it is necessary to recover 𝜃 from
observations of agents’ states. In this work, we focus on treating
𝜃 𝑖 as agent 𝑖’s 2-D goal position 𝑝𝑖𝑔 (more generally, 𝜃 𝑖 can be any
parameters, such as weights on basis functions spanning agent
preferences, which have been studied in [19, 23, 25]). We introduce
a data-driven goal inference network 𝐺𝜙 , which effectively infers
the agent’s goal 𝑝𝑖𝑔 from the (partial) observation of their past tra-
jectories {ℎ(x𝑘 )}𝐾𝑘=0. The network is trained from the dataset D,
which contains the Nash equilibrium trajectories of all agents from
solving a game with ground truth goals, by minimizing the mean
goal inference error 𝐿Goal for each sample 𝑑 :

min
𝜙

1
|D| · 𝑁

∑︁
𝑑∈D

∑︁
𝑖∈[𝑁 ]

∥𝑝𝑖𝑔,ref −𝐺𝜙 (x0:𝐾 )∥︸                                            ︷︷                                            ︸
𝐿Goal

(7)

Assisted by𝐺𝜙 , the PSN is readily adaptable to trajectory prediction
and ego-centric planning tasks where the agents’ goals are not
known to the predictor/planner, by constructing and solving a
masked game Γ𝑖 (x̃𝑘 , f̃; {𝑝𝑖𝑔}𝑁𝑖=1, 𝑀𝑖

𝑘
) parametrized by the inferred

goals.

3.5 Receding Horizon Prediction and Planning
We now integrate the player selection network with a (differen-
tiable) Nash game solver [28] in the receding time horizon for
prediction and planning tasks.

In prediction tasks, as illustrated in Algorithm 1, the first 𝐾
steps of the states of all agents are observed, and their goals 𝑝𝑔 are
inferred by the GIN. At each step, PSN returns an adaptive mask
𝑀𝑖
𝑘
:= (𝑚𝑖 𝑗

𝑘
), which determines the key players for the interested

agent 𝑖 . Then an OLNE strategy (𝑢𝑖∗
𝑘 |𝑘 , . . . , 𝑢

𝑖∗
𝑘+𝑇−1 |𝑘 ) is solved from

the masked game and the one-step state prediction for agent 𝑖
is obtained from acting 𝑢𝑖∗

𝑘 |𝑘 , assuming the other agents are still
obtained by solving a game with all agents.

In practice, this complexity could be avoided by treating each
non-ego player 𝑗 ≠ 𝑖 as ego and solving a masked game for that
player to predict its action. However, for the sake of interpretability,
we only employ the PSN for predicting the ego agent’s actions
when reporting results in Section 4.

In planning tasks, as illustrated in Algorithm 2, at each time
step 𝑘 ≥ 𝐾 , ego agent 𝑖 observes all agents’ past trajectories of 𝐾
steps x𝑘−𝐾 :𝑘 , infers their goals 𝑝𝑔 via GIN and obtains an adap-
tive mask 𝑀𝑖

𝑘
:= (𝑚𝑖 𝑗

𝑘
) from the neural network, which deter-

mines the key players. The ego agent then solves for an GOLNE



Algorithm 1 Receding Horizon Prediction via PSN
Input: PSN-Prediction (Full, Partial), Goal Inference Network𝐺𝜙 , receding

horizon masked game Γ𝑖 (x̃𝑘 , f̃; {𝑝𝑖𝑔 }𝑁𝑖=1, 𝑀𝑖
𝑘
) , observation interval 𝐾 ,

prediction interval𝑇Pred.
Output: Agent 𝑖’s receding horizon trajectory prediction x̂𝑖

𝐾+1:𝐾+𝑇 .
// Infer agents’ goals via 𝐺𝜙.

1: {𝑝𝑖𝑔 }𝑁𝑖=1 ← 𝐺𝜙 ({ℎ (x𝑘 ) }𝐾𝑘=0 ) if {𝑝
𝑖
𝑔 }𝑁𝑖=1 not known,

else {𝑝𝑖𝑔 }𝑁𝑖=1 ← {𝑝𝑖𝑔 }𝑁𝑖=1
2: for 𝑘 = 𝐾, · · · , 𝐾 +𝑇Pred − 1 do

// Identify key agents via PSN.
3: 𝑀𝑖

𝑘
← PSN-Full(x̂𝑘−𝐾 :𝑘 ) or PSN-Partial(p̂𝑘−𝐾 :𝑘 ) .

// Solve masked game for agent 𝑖.
4: 𝑢𝑖∗

𝑘 |𝑘 ← solving Γ𝑖
𝑘
(x̃𝑘 , f̃; {𝑝𝑖𝑔 }𝑁𝑖=1, 𝑀𝑖

𝑘
) .

// Solve full game for the other agents.
5: 𝑢−𝑖∗

𝑘 |𝑘 ← solving Γ𝑘 (x𝑘 , f; {𝑝𝑖𝑔 }𝑁𝑖=1 ) .
// Update prediction based on dynamics (1b).

6: 𝑥𝑖
𝑘+1 ← 𝑓 𝑖 (𝑥𝑖

𝑘
,𝑢𝑖∗
𝑘 |𝑘 ) .

7: 𝑥−𝑖
𝑘+1 ← 𝑓 −𝑖 (𝑥−𝑖

𝑘
,𝑢−𝑖∗
𝑘 |𝑘 ) .

8: 𝑘 ← 𝑘 + 1.
9: end for

Algorithm 2 Receding Horizon Planning via PSN
Input: PSN-Planning (Full, Partial), Goal Inference Network𝐺𝜙 , receding

horizon masked game Γ𝑖 (x̃𝑘 , f̃; {𝑝𝑖𝑔 }𝑁𝑖=1, 𝑀𝑖
𝑘
) , observation interval 𝐾 ,

ego agent 𝑖’s goal 𝑝𝑖𝑔 .
Output: Agent 𝑖’s receding horizon strategy u𝑖∗RH.

// Infer the other agents’ goals via 𝐺𝜙.

1: {𝑝 𝑗𝑔 }𝑁𝑗=1
𝑗≠𝑖

← 𝐺𝜙 ({ℎ (x𝑘 ) }𝐾𝑘=0 ) if {𝑝
𝑗
𝑔 }𝑁𝑗=1
𝑗≠𝑖

not known,

else {𝑝 𝑗𝑔 }𝑁𝑗=1 ← {𝑝
𝑗
𝑔 }𝑁𝑗=1.

2: while 𝑘 ≥ 𝐾 and player 𝑖 not reaching his goal 𝑝𝑖𝑔 do
// Identify key agents via PSN.

3: 𝑀𝑖
𝑘
← PSN-Full(x𝑘−𝐾 :𝑘 ) or PSN-Partial(p𝑘−𝐾 :𝑘 ) .

// Solve Masked game for agent 𝑖.
4: 𝑢𝑖∗

𝑘 |𝑘 ← solving Γ𝑖
𝑘
(x̃𝑘 , f̃; {𝑝𝑖𝑔 }𝑁𝑖=1𝑀𝑖

𝑘
) .

// Update agent 𝑖’s state based on dynamics (1b).
5: 𝑥𝑖

𝑘+1 ← 𝑓 𝑖 (𝑥𝑖
𝑘
,𝑢𝑖∗
𝑘 |𝑘 ) based on dynamics (1b).

6: 𝑘 ← 𝑘 + 1.
7: end while

strategy (𝑢𝑖∗
𝑘 |𝑘 , . . . , 𝑢

𝑖∗
𝑘+𝑇−1 |𝑘 ) for Γ𝑖 (x̃𝑘 , f̃;𝜃,𝑀𝑖

𝑘
) and then imple-

ments the first control input 𝑢𝑖∗
𝑘 |𝑘 and updates its state accord-

ing to (1b). The resulting receding-horizon strategy is denoted as
u𝑖∗RH = (𝑢𝑖∗

𝑘 |𝑘 , 𝑢
𝑖∗
𝑘+1 |𝑘+1, . . . ).

4 EXPERIMENTS
In this section, we address two questions: i) how does the PSN
Game perform against baseline selection methods on both predic-
tion and planning tasks; and ii) can PSN Game adapt to challenging
settings such as information deficiency (i.e., unknown objectives of
non-ego agents), varying number of agents, and real-world pedes-
trian scenarios? We train and validate PSN Game to investigate the
following hypotheses:
Hypothesis 1: In prediction tasks, PSN-Prediction yields more
accurate forecasts of the target agents’ future trajectories than base-
line selection methods.

Hypothesis 2: In planning tasks, PSN-Planning produces safer
and more efficient plans (lower navigation/collision/control costs,
smoother and shorter trajectories) than baselines.
Hypothesis 3: PSN readily adapts to incomplete-information games
when paired with the goal inference network.
Hypothesis 4: PSN scales to scenarios with more agents than seen
in training, without retraining or finetuning.
Hypothesis 5: PSN transfers to real pedestrian trajectories.

4.1 Experiment Setup
4.1.1 Game Structure and PSN Training. In this work, we use the fol-
lowing game setup for training and evaluation: 𝑁 players are mov-
ing towards their goals while avoiding each other. At each time 𝑘 ,
the 𝑖th player’s state 𝑥𝑖

𝑘
∈ R4 encodes its position 𝑝𝑖

𝑘
= [𝑝𝑖

𝑥,𝑘
, 𝑝𝑖
𝑦,𝑘
]⊤

and velocity 𝑣𝑖
𝑘
= [𝑣𝑖

𝑥,𝑘
, 𝑣𝑖
𝑦,𝑘
]⊤, and evolves according to double-

integrator dynamics, i.e.,

𝑥𝑖
𝑘+1 =

[
𝑝𝑖
𝑘+1
𝑣𝑖
𝑘+1

]
=

[
𝐼2 𝐼2Δ𝑡
0 𝐼2

]
·
[
𝑝𝑖
𝑘

𝑣𝑖
𝑘

]
+

[
0
𝐼2

]
Δ𝑡 · 𝑎𝑖

𝑘

= 𝐴𝑥𝑖
𝑘
+ 𝐵Δ𝑡𝑢𝑖

𝑘︸          ︷︷          ︸
𝑓 𝑖 (𝑥𝑖

𝑘
,𝑢𝑖
𝑘
)

, 𝑘 ∈ [𝑇 ], 𝑖 ∈ [𝑁 ] . (8)

where the control input𝑢𝑖
𝑘
= 𝑎𝑖

𝑘
= [𝑎𝑖

𝑥,𝑘
, 𝑎𝑖
𝑦,𝑘
]⊤ denotes the player’s

acceleration and Δ𝑡 denotes the time interval between two adjacent
steps, and 𝐼2 is the identity matrix in R2.

Adhering to dynamics constraints, the game objective is to mini-
mize the cumulative running cost 𝑐𝑖

𝑘
over time, where 𝑐𝑖

𝑘
is charac-

terized by private costs 𝑐𝑖
𝑝,𝑘

and shared costs 𝑐𝑖
𝑠,𝑘

with non-negative
weighting parameters w𝑖 = (𝑤𝑖1:4), i.e.

𝑐𝑖
𝑘
= 𝑐𝑖

𝑝,𝑘
+ 𝑐𝑖

𝑠,𝑘
(9a)

𝑐𝑖
𝑝,𝑘

=𝑤𝑖1∥𝑝𝑖𝑘 − 𝑝
𝑖
ref,𝑘 ∥

2
2 +𝑤 𝑖2∥𝑣𝑖𝑘 ∥

2
2 +𝑤 𝑖3∥𝑢𝑖𝑘 ∥

2
2 (9b)

𝑐𝑖
𝑠,𝑘

=

𝑁∑︁
𝑗=1
𝑗≠𝑖

𝑐
𝑖 𝑗

𝑘
=𝑤𝑖4

𝑁∑︁
𝑗=1
𝑗≠𝑖

exp
(
−∥𝑝𝑖

𝑘
− 𝑝 𝑗

𝑘
∥22

)
. (9c)

This form of objective guides the 𝑖th player towards its destination
𝑝𝑖𝑔 along a goal-oriented reference path {𝑝𝑖ref,𝑘 }

𝑇
𝑡=1, where

𝑝𝑖ref,𝑘 = (1 − 𝑘
𝑇
) 𝑝𝑖0 + 𝑘

𝑇
𝑝𝑖𝑔,

withminimal velocity (∥𝑣𝑖
𝑘
∥22) and energy expenditure (∥𝑢𝑖𝑘 ∥

2
2) while

maintaining a safe distance from the others (exp (−∥𝑝𝑖
𝑘
− 𝑝 𝑗

𝑘
∥22)).

4.1.2 Tasks and Metrics. We evaluate PSN on prediction and plan-
ning tasks. For prediction, we report Average Displacement Error
(ADE ↓), Final Displacement Error (FDE ↓), and Selection Consistency
(Consistency ↑) between the ego agent’s computed and ground-
truth trajectories. For planning, we report Navigation Cost (Nav.
Cost ↓), Collision Cost (Col. Cost ↓), Control Cost (Ctrl. Cost ↓), Se-
lection Consistency (Consistency ↑), Minimum Distance (Distm ↑),
Trajectory Smoothness (trajS ↓), and Trajectory Length (trajL ↓). We
use ↑ for larger-is-better and ↓ for smaller-is-better. Metric imple-
mentations are provided in the Supplementary Material.



4.1.3 Baselines. We compare our proposed PSN Game against the
following baseline selection methods. In each method, an agent is
selected if the following criteria are met:

i. PSN-Threshold (ours): the agent’s mask𝑚𝑖 𝑗 is larger than
a predefined threshold𝑚th.

ii. PSN-Rank (ours): the agent has one of the top |𝑈 𝑖 | largest
mask𝑚𝑖 𝑗 .

iii. Distance: the agent’s current distance from the ego agent
is less than a predefined radius 𝑟th.

iv. kNNs: the agent is among the top |𝑈 𝑖 | closest agents to the
ego agent in Euclidean distance.

v. Gradient [2]: the agent has one of the top |𝑈 𝑖 | largest norms
of the gradient of the ego agent’s shared cost with respect
to the agent’s current control input.

vi. Hessian [2]: the agent has one of the top |𝑈 𝑖 | largest norms
of the Hessian of the ego agent’s shared cost with respect to
the agent’s current control input.

vii. Cost Evolution [2]: the agent causes one of the top |𝑈 𝑖 |
largest increases in the ego agent’s shared cost over the last
step.

viii. BF [2]: the agent has one of the top |𝑈 𝑖 | smallest barrier
function encoding the safety constraint.

ix. CBF [2]: the agent has one of the top |𝑈 𝑖 | smallest control
barrier function encoding the safety constraint.

4.1.4 Scenarios. To investigate the above hypotheses, we train
both PSN-Prediction and PSN-Planning in an idealized setting
for 4 and 10 agents with known ground-truth goals. At test time,
PSNs are benchmarked against baselines in a Monte-Carlo study
over 4 and 10 agent scenarios in prediction and planning tasks
with ground truth goals (Hypotheses 1 and 2) and inferred goals
(Hypothesis 3). We also evaluate the PSN that was trained for 10
agents in 20 agent scenarios to validate its scalability to a larger
number of agents (Hypothesis 4) and finally, to real pedestrian
trajectories in the CITR [34] dataset to assess generalization well
outside the training distribution (where human motions are not
governed by an explicit test-time game model) (Hypothesis 5).
Scenario-specific details are in the Appendix.

4.2 Qualitative Analysis
Advantages of PSN Game: Table 1 summarizes the required infor-
mation for runtime operation and parameters for different player
selection methods, including agents’ latest position (Pos.), latest
velocity (Vel.), latest control (Ctrl.), history trajectory (Traj.), and
game cost/constraint (Game). Our method offer several advantages:
i) PSN-Partial requires only position information, which is more
accessible compared to velocities and control inputs; ii) PSN Game
reasons about agents’ importance based on trajectory histories, not
just instantaneous states, promoting better long-term consistency;
iii) while PSN Game does require a model of agents’ cost and con-
straints during training, that information is not used at runtime;
iv) PSN Game requires no environment-specific parameter tuning
at runtime. These properties enhance the versatility and general
applicability of our framework.
Advantages of Threshold-Based Methods over Ranking-Based Meth-
ods: As a threshold-based method, PSN Game provides several
advantages over ranking-based methods:

Table 1: Characteristics of player selection methods

Category Method Pos. Vel. Ctrl. Traj. Game Parameter(s)

Thres.
PSN-Full (Ours) ✓ ✓ ✗ ✓ ✗ -

PSN-Partial (Ours) ✓ ✗ ✗ ✓ ✗ -
Distance ✓ ✗ ✗ ✗ ✗ -

Ranking

PSN-Full (Ours) ✓ ✓ ✗ ✓ ✗ -
PSN-Partial (Ours) ✓ ✗ ✗ ✓ ✗ -

kNNs ✓ ✗ ✗ ✗ ✗ -
Cost Evolution [2] ✓ ✗ ✗ ✓ Cost -

Gradient [2] ✓ ✓ ✓ ✗ Cost -
Hessian [2] ✓ ✓ ✓ ✗ Cost -

BF [2] ✓ ✓ ✗ ✗ Constraint Barrier Const
CBF [2] ✓ ✓ ✓ ✗ Constraint Barrier Const

Table 2: Bootstrapped mean prediction performance in 4 and
10 agent scenarios with ground truth goals

4 Agents Parameter ADE [m] ↓ FDE [m] ↓ Consistency ↑ Num.P
(±0.0147)∗ (±0.0257) (±0.0035) (±0.06)

PSN-Full
𝑚th = 0.5 0.1834 0.2785 0.9901 1.66

PSN-Partial 0.1876 0.2745 0.9856 1.87
Distance 𝑑th = 1m 0.2040 0.2985 0.9949 1.20

PSN-Full

|𝑈 𝑖 | = 1

0.1839 0.2749 0.9901

2

PSN-Partial 0.1816 0.2674 0.9856
kNNs 0.1884 0.2802 0.9887

Cost Evolution 0.1861 0.2661 0.9800
Gradient 0.1925 0.2817 0.9885
Hessian 0.1938 0.2851 0.9915

BF 0.1899 0.2812 0.9917
CBF 0.1921 0.2843 0.9931

10 Agents Parameter ADE [m] ↓ FDE [m] ↓ Consistency ↑ Num.P
(±0.0161) (±0.0292) (±0.0014) (±0.11)

PSN-Full
𝑚th = 0.5 0.2499 0.3610 0.9936 2.06

PSN-Partial 0.2296 0.3295 0.9910 2.62
Distance 𝑑th = 1.5m 0.2438 0.3638 0.9931 2.29

PSN-Full

|𝑈 𝑖 | = 2

0.2314 0.3401 0.9936

3

PSN-Partial 0.2213 0.3300 0.9909
kNNs 0.2343 0.3485 0.9908

Cost Evolution 0.2339 0.3426 0.9776
Gradient 0.2392 0.3517 0.9930
Hessian 0.2360 0.3489 0.9928

BF 0.2369 0.3508 0.9923
CBF 0.2368 0.3519 0.9933

∗ indicates the largest standard error of all methods for the corresponding metric.

Adaptive selection:Choosing an appropriate threshold (e.g.,𝑚th =

0.5) is simpler and more robust across scenarios than fixing the
number of selected players.
Variable player set: Thresholding allows the number of selected
players to adapt naturally to environmental density, unlike ranking-
based methods that enforce a fixed number. Trajectory visualization
in Fig. 3 illustrates that ranking-based methods may force the ego
agent to select irrelevant players to meet a fixed quota, leading to
unnecessary computation.
Better flexibility: Threshold-based methods can easily convert to
ranking-based selections if needed, but not vice versa due to metric
variability across environments.

4.3 Quantitative Result Analysis
4.3.1 Prediction Test. Table 2 lists PSN-Prediction’s performance
compared with baseline methods in a Monte Carlo study of com-
plete information games with 4 and 10 agents. PSN achieves the
best performance in 3 out of 4 prediction metrics (ADE and FDE),
suggesting that it consistently provides better prediction accuracy
over baseline selection methods across scenarios with different
numbers of players.



Table 3: Bootstrapped mean planning performance in 4 and 10 agent scenarios with ground truth goals

4 Agents Parameter Nav. Cost ↓ Col. Cost ↓ Ctrl. Cost ↓ trajS ↓ trajL [m] ↓ Consistency ↑ Distm [m] ↑ Num.P
(±0.1359) (±0.0764) (±0.0045) (±0.0019) (±0.0741) (±0.0035) (±0.0558) (±0.04)

PSN-Full
𝑚th = 0.5 3.2410 1.9387 0.1147 0.0088 1.8934 0.9942 0.7969 1.32

PSN-Partial 3.2306 1.9410 0.1157 0.0097 1.9075 0.9927 0.7939 1.32
Distance 𝑑th = 1.0m 3.2494 1.9517 0.1163 0.0082 1.9006 0.9949 0.7860 1.20

PSN-Full

|𝑈 𝑖 | = 1

3.2336 1.9084 0.1175 0.0110 1.9168 0.9941 0.8173

2

PSN-Partial 3.2284 1.8947 0.1181 0.0150 1.9293 0.9926 0.8105
kNNs 3.2636 1.9267 0.1160 0.0101 1.9024 0.9888 0.7875

Cost Evolution 3.2167 1.9249 0.1189 0.0125 1.9255 0.9800 0.7862
Gradient 3.2563 1.9281 0.1165 0.0098 1.8993 0.9885 0.7881
Hessian 3.2536 1.9325 0.1164 0.0095 1.9027 0.9914 0.7873

BF 3.2574 1.9287 0.1158 0.0098 1.8980 0.9918 0.7881
CBF 3.2513 1.9304 0.1155 0.0095 1.9027 0.9930 0.7863

All — 3.2962 1.7890 0.1148 0.0152 1.9437 1 0.8501 4

10 Agents Parameter Nav. Cost ↓ Col. Cost ↓ Ctrl. Cost ↓ trajS ↓ trajL [m] ↓ Consistency ↑ Distm [m] ↑ Num.P
(±0.2173) (±0.1535) (±0.0073) (±0.0031) (±0.1316) (±0.0013) (±0.0423) (±0.11)

PSN-Full
𝑚th = 0.5 4.4737 3.8028 0.1511 0.0189 2.4682 0.9920 0.5043 2.75

PSN-Partial 4.4273 3.7905 0.1531 0.0221 2.4924 0.9885 0.5035 2.88
Distance 𝑑th = 1.5m 4.4041 3.8669 0.1488 0.0153 2.4658 0.9931 0.4770 2.29

PSN-Full

|𝑈 𝑖 | = 2

4.4820 3.7913 0.1537 0.0213 2.4738 0.9919 0.5155

3

PSN-Partial 4.4273 3.7875 0.1545 0.0231 2.4994 0.9884 0.4982
kNNs 4.4517 3.8434 0.1496 0.0169 2.4514 0.9908 0.4801

Cost Evolution 4.3470 3.8311 0.1540 0.0169 2.4931 0.9775 0.4848
Gradient 4.4392 3.8585 0.1487 0.0178 2.4486 0.9930 0.4816
Hessian 4.4317 3.8416 0.1479 0.0177 2.4560 0.9928 0.4820

BF 4.4501 3.8415 0.1484 0.0160 2.4560 0.9923 0.4792
CBF 4.4294 3.8471 0.1479 0.0155 2.4559 0.9932 0.4798

All — 4.7586 3.4682 0.1425 0.0215 2.4900 1 0.5680 10

Figure 3: Trajectory visualization for PSN-Full-Rank (Top), PSN-
Full-Threshold (Middle), and All (Bottom) in a 4 agent scenario. The
ego agent (blue) iteratively solves the masked game that includes
selected players (red) from the PSN and excludes irrelevant players
(gray) for the equilibrium strategy.

4.3.2 Planning Test. Table 3 lists the performance of PSN-Planning
compared with baseline methods in a Monte Carlo study of com-
plete information games with 4 and 10 players. Trained via minimiz-
ing game cost for the ego-agent, PSN achieves the best performance
in 6 out of 14 planning metrics. Notably, PSN hits the best in both
safety metrics (Collision Cost and Minimum Distance) in both sce-
narios and achieves the top three in three of them, with minor
safety degradation compared to the full-player game, suggesting
that PSN provides a safety-reliable selection of key agents to avoid
risks of collision.

4.3.3 Adaptation to incomplete information games. To validate
PSN’s adaptation to incomplete information gameswhere the agents’
intentions are unknown, we test all methods aided with the trained
goal inference network in 4 and 10-agent scenarios. Tables 4 and 5

list the prediction and planning results for 4-agent scenarios where
agents’ goals are inferred. PSN sweeps the top 2 in both prediction
metrics and achieves top 3 in all planning metrics, with a top 1 in
both safety metrics. This reflects that the goal inference network
can infer agents’ unknown goal positions well enough for strong
PSN performance (despite inevitable goal inference errors) even in
incomplete information scenarios.

4.3.4 Adaptation to a large number of agents. We also validate the
PSN’s ability to adapt to a larger number of agents than encoun-
tered during training. Table 6 demonstrates the prediction results
of utilizing PSN trained for 10 agents in a 20 agent scenario. To
overcome the input dimension mismatch, we simply apply a near-
est neighbor approach to find the 9 closest neighbors to the ego
agent, then we apply the PSN to the remaining 10 agents and select
key agents. Results reveal that the PSN variants achieve best and
second-best performance in both prediction metrics, validating its
robust adaptation when faced with more agents than anticipated
during training. This result indicates that we need not retrain sepa-
rate PSNs for different numbers of agents 𝑁 , which makes PSN Game
practical to deploy in real-world scenarios, where the number of
agents may vary with time.

4.3.5 Adaptation to pedestrian dataset. To verify the PSN’s adap-
tation to non-game-theoretic scenarios. We apply PSN Game to
the CITR dataset [34], which involves 10 agents. Table 7 reveals
that PSN Game again achieves the best performance in both predic-
tion metrics. Notably, it even provides better prediction accuracy
when solving a masked game using PSN than when solving a full-
player game. This outcome suggests that in practice, humans are
more likely to consider those most important neighbors instead of
everyone in their view.



Table 4: Bootstrapped mean planning performance in 4 and 10 agent scenarios with inferred goals

4 Agents Parameter Nav. Cost ↓ Col. Cost ↓ Ctrl. Cost ↓ trajS ↓ trajL [m] ↓ Consistency ↑ Distm [m] ↑ Num.P
(±0.1603) (±0.0758) (±0.0046) (±0.0023) (±0.0805) (±0.0032) (±0.0545) (±0.04)

PSN-Full
𝑚th = 0.5 3.2451 1.9421 0.1145 0.0087 1.8883 0.9942 0.7968 1.32

PSN-Partial 3.2483 1.9355 0.1151 0.0099 1.8898 0.9925 0.7980 1.32
Distance 𝑑th = 1.0m 3.2477 1.9635 0.1160 0.0086 1.8923 0.9950 0.7792 1.20

PSN-Full

|𝑈 𝑖 | = 1

3.2422 1.9103 0.1174 0.0110 1.9184 0.9940 0.8127

2

PSN-Partial 3.2465 1.9403 0.1153 0.0096 1.9003 0.9920 2
kNNs 3.9276 1.9751 0.1145 0.0117 1.7555 0.9898 0.8012

Cost Evolution 3.2197 1.9309 0.1189 0.0124 1.9196 0.9804 0.7829
Jacobian 3.2684 1.9363 0.1161 0.0098 1.8922 0.9885 0.7842
Hessian 3.9282 1.9831 0.1145 0.0113 1.7533 0.9912 0.8032

BF 3.2669 1.9308 0.1155 0.0095 1.8928 0.9915 0.7875
CBF 3.2606 1.9324 0.1151 0.0094 1.8963 0.9931 0.7846

All — 3.3084 1.7948 0.1147 0.0162 1.9352 1 0.8495 4

10 Agents Parameter Nav. Cost ↓ Col. Cost ↓ Ctrl. Cost ↓ trajS ↓ trajL [m] ↓ Consistency ↑ Distm [m] ↑ Num.P
(±0.2254) (±0.1563) (±0.0066) (±0.0029) (±0.1301) (±0.0015) (±0.0485) (±0.11)

PSN-Full
𝑚th = 0.5 4.4480 3.8417 0.1530 0.0196 2.4852 0.9920 0.4928 2.74

PSN-Partial 4.4301 3.8362 0.1499 0.0188 2.4579 0.9919 0.4865 2.74
Distance 𝑑th = 1.5m 4.4085 3.8717 0.1491 0.0169 2.4548 0.9930 0.4772 2.29

PSN-Full

|𝑈 𝑖 | = 2

4.4656 3.8169 0.1564 0.0218 2.5021 0.9919 0.5081

3

PSN-Partial 4.4299 3.8399 0.1521 0.0192 2.4601 0.9919 0.4853
kNNs 4.4557 3.8480 0.1500 0.0180 2.4503 0.9910 0.4796

Cost Evolution 4.3612 3.8284 0.1560 0.0183 2.4960 0.9767 0.4872
Gradient 4.4537 3.8491 0.1487 0.0178 2.4478 0.9908 0.4797
Hessian 4.4296 3.8358 0.1483 0.0177 2.4560 0.9926 0.4820

BF 4.4407 3.8533 0.1485 0.0173 2.4492 0.9918 0.4794
CBF 4.4379 3.8583 0.1482 0.0165 2.4559 0.9932 0.4828

All — 4.7659 3.5107 0.1467 0.0236 2.5083 1 0.5665 10

Table 5: Bootstrapped mean prediction performance in 4 and
10 agent scenarios with inferred goals

4 Agents Parameter ADE [m] ↓ FDE [m] ↓ Consistency ↑ Num.P
(±0.0147) (±0.0257) (±0.0035) (±0.06)

PSN-Full
𝑚th = 0.5 0.2989 0.5075 0.9903 1.66

PSN-Partial 0.3150 0.5156 0.9870 1.88
Distance 𝑑th = 1m 0.3200 0.5231 0.9941 2

PSN-Full

|𝑈 𝑖 | = 1

0.3003 0.5037 0.9904

2

PSN-Partial 0.3127 0.5139 0.9869
kNNs 0.3118 0.5211 0.9899

Cost Evolution 0.3096 0.5081 0.9806
Jacobian 0.3121 0.5177 0.9791
Hessian 0.3157 0.5211 0.9912

BF 0.3127 0.5223 0.9898
CBF 0.3149 0.5234 0.9922

10 Agents Parameter ADE [m] ↓ FDE [m] ↓ Consistency ↑ Num.P
(±0.0147)∗ (±0.0257) (±0.0035) (±0.06)

PSN-Full
𝑚th = 0.5 0.4772 0.8094 0.9936 2.09

PSN-Partial 0.4794 0.8214 0.9909 2.65
Distance 𝑑th = 1.5m 0.4780 0.8083 0.9935 —

PSN-Full

|𝑈 𝑖 | = 2

0.4697 0.8054 0.9935

3

PSN-Partial 0.4782 0.8101 0.9910
kNNs 0.4830 0.8272 0.9909

Cost Evolution 0.4679 0.8002 0.9783
Gradient 0.4833 0.8323 0.9899
Hessian 0.4839 0.8289 0.9919

BF 0.4835 0.8274 0.9921
CBF 0.4843 0.8343 0.9930

5 CONCLUSION
In this work, we propose PSN Game, a novel game-theoretic plan-
ning framework that leverages a Player Selection Network to ad-
dress the escalating time complexity caused by large numbers of
agents in multi-agent prediction and planning. Empirical results
on both simulated environments and real-world human trajectory
datasets demonstrate that PSN Game achieves the state-of-the-
art prediction accuracy and planning safety among recent player
selection methods. Moreover, PSN Game offers flexible data require-
ments and can be seamlessly integrated into existing multi-agent

Table 6: Bootstrapped mean prediction performance in 20
agent scenarios with ground truth goals

20 Agents Parameter ADE [m] ↓ FDE [m] ↓ Consistency ↑ Num.P

PSN-Full
𝑚th = 0.5 0.3270 0.4823 0.9721 2.27

PSN-Partial 0.3153 0.4728 0.9669 2.82
Distance 𝑑th = 1.5m 0.3150 0.4824 0.9941 3.24

PSN-Full

|𝑈 𝑖 | = 2

0.3108 0.4532 0.9717

3

PSN-Partial 0.3152 0.4697 0.9665
kNNs 0.3180 0.4768 0.9935

Cost Evolution 0.3378 0.4937 0.9849
Gradient 0.3179 0.4733 0.9930
Hessian 0.3191 0.4796 0.9926

BF 0.3254 0.4794 0.9936
CBF 0.3268 0.4885 0.9931

Table 7: Bootstrapping mean prediction performance for
CITR[34] pedestrian dataset with ground truth goals

CITR [34] Parameter ADE [m] ↓ FDE [m] ↓ Consistency ↑ Num.P

PSN-Full
𝑚th = 0.5 0.4987 0.4398 1.0000 1.34

PSN-Partial 0.4940 0.4309 1.0000 1.50
Distance 𝑑th = 1.5m 0.4986 0.4285 0.9851 2.13

PSN-Full

|𝑈 𝑖 | = 2

0.4966 0.4398 1.0000

3

PSN-Partial 0.4931 0.4438 1.0000
kNNs 0.4975 0.4356 0.9765

Cost Evolution 0.4932 0.4413 0.8585
Gradient 0.4987 0.4364 0.9785
Hessian 0.4985 0.4367 0.9786

BF 0.4986 0.4382 0.9745
CBF 0.4952 0.4405 0.9723

planning pipelines, enabling scalable, efficient, and safe planning
across diverse scenarios.
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6 APPENDIX
6.1 Training Details
6.1.1 Network Architecture. We introduce the structure for both
GIN and PSN as follows:
Goal Inference Network: Given the observation of all agents’
trajectories x0:𝐾 ∈ R(𝐾+1)×𝑁×𝑑 (𝑑 = 2 for partial and 𝑑 = 4 for full),
we encode each agent’s 𝑇 -step sequence with a GRU (hidden size
𝐻 = 64), keep the final hidden states {z𝑖 }𝑁𝑖=1, and concatenate them
into z ∈ R𝑁𝐻 . An MLP with hidden sizes 256→ 128→ 32 (ReLU;
dropout 𝑝 = 0.3 between hidden layers) maps z to a linear output
of size 2𝑁 , reshaped to 𝑝𝑔 ∈ R𝑁×2 giving 𝑝𝑖𝑔 for each agent.
Player Selection Network: Given the observation of all agents’
trajectories x0:𝐾 ∈ R(𝐾+1)×𝑁×𝑑 , the PSN predicts an ego-centric,
continuous selection mask𝑚𝑖 ∈ [0, 1]𝑁−1. As in the goal model,
per-agent GRUs (hidden size 64) encode sequences; their final states
are concatenated and passed through an MLP 256 → 128 → 32
(ReLU; dropout 0.3), followed by a sigmoid layer to produce𝑚𝑖 . A
pretrained goal-inference network supplies per-agent goals for a
differentiable iLQR game.

6.1.2 Scenario Details. We list the scenario details and scenario-
specific game constraints/weights in Table 8. Note that the CITR
dataset collects trajectories from 10 pedestrians, which is a non-
game-theoretic setting.

Table 8: Scenario Details

4 Agent 10 Agent 20 Agent CITR [34]

Scenario size 5m × 5m 7m × 7m 7m × 7m 7.5m × 25.5m

Observation interval 10 Steps = 1 s

Receding horizon steps 50 Steps = 5 s Vary by data

Game weight (9) w𝑖 = [0.1, 0.001, 0.1, 0.1]

6.1.3 Training Data and Parameters. We train four variants of our
GIN and PSN (Full, Partial) in the 4 agent scenario and 10 agent
scenario mentioned above, respectively. Training parameters for
each variant are listed in Table 9 and 10 with randomly generated
initial states and goal positions, we use a differentiable game solver
[28] to generate all agents’ trajectories x from a full-player game
where all the other agents are considered by the ego agent.

Table 9: Training parameters for GIN

Scenario 4 Agent 10 Agent

Method Full Partial Full Partial

Input size 160 80 400 200

Learning rate 1 × 10−3

Batch size 32

Epochs 100

Table 10: Training parameters for PSN

Scenario 4 Agent Scenario 10 Agent

Method Full Partial Full Partial

Input size 160 80 400 200

Learning rate 1 × 10−3

Batch size 32

Epochs 100

Loss weight 𝜎1 = 0.075, 𝜎2 = 0.075 for prediction
𝜎1 = 0.5, 𝜎2 = 0.5 for planning

6.2 Evaluation Metrics
We provide the mathematical formulation of evaluation metrics
mentioned in Section 4.1 as follows, for the ego agent 𝑖:

ADE ↓ :=
𝐾+𝑇∑︁
𝑡=𝐾

∥𝑝𝑖𝑡 − 𝑝𝑖𝑡,gt∥

FDE ↓ := ∥𝑝𝑖𝐾+𝑇 − 𝑝
𝑖
𝐾+𝑇,gt∥

Nav. Cost ↓ :=
𝐾+𝑇∑︁
𝑡=𝐾

∥𝑝𝑖
𝑘
− 𝑝𝑖ref,𝑘 ∥

2
2

Col. Cost ↓ :=
𝑁∑︁
𝑗=1
𝑗≠𝑖

exp
(
−∥𝑝𝑖

𝑘
− 𝑝 𝑗

𝑘
∥22

)
Ctrl. Cost ↓ :=

∑︁
𝑘

∥𝑢𝑖
𝑘
∥22

traj
S
↓ :=

∑︁
𝑘






 𝑝𝑖
𝑘
− 𝑝𝑖

𝑘−1
∥𝑝𝑖
𝑘
− 𝑝𝑖

𝑘−1∥2
−

𝑝𝑖
𝑘−1 − 𝑝

𝑖
𝑘−2

∥𝑝𝑖
𝑘−1 − 𝑝

𝑖
𝑘−2∥2







2

traj
L
↓ :=

∑︁
𝑘

∥𝑝𝑖
𝑘
− 𝑝𝑖

𝑘−1∥2

Distm ↑ :=min
𝑘
∥𝑝𝑖
𝑘
− 𝑝¬𝑖

𝑘
∥2

Consistency ↑ :=
∑︁
𝑘

(
1 −
∥𝑀𝑖

𝑘
−𝑀𝑖

𝑘−1∥1
𝑁 − 1

)
Lower ADE and FDE indicate more accurate predictions.
Lower Nav. Cost, Col. Cost and Ctrl. Cost indicates better planning
performance.
Lower traj

S
indicates a gentler cumulative change in direction, thus

it is more welcomed.
Lower traj

L
indicates fewer detours for the ego agent to approach

the goal.
Higher Distm indicates better safety performance.
Higher Consistency indicates fewer changes in player selection,
which also promotes a smoother trajectory and shorter trajectory
length.
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