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Abstract—Safe and efficient autonomous driving in dense
urban environments requires both accurate modeling of multi-
agent interaction and robust closed-loop execution. However,
many existing methods still use a one-pass sequential predict-
then-plan implementation, in which the current plan does not
feed back to the current surrounding-agent prediction and the
fixed update order introduces a structural asymmetry between
the autonomous vehicle (AV) and surrounding agents. In addition,
purely learning-based planners often suffer from distribution
shift and error accumulation during closed-loop execution, and
consequently rely on heavy post-processing to maintain safety.
To address these limitations, we propose BIPP, a Bidirectional
Interactive Prediction and Planning framework for autonomous
driving. BIPP reformulates conventional sequential decision mak-
ing as a parallel-iterative process, in which prediction and
planning are performed in parallel within each stage and
progressively refined across stages using shared future context.
A unified bidirectional interaction modeling mechanism jointly
leverages historical motion evidence and iteratively updated
future intentions to capture mutual adaptation between the AV
and surrounding agents. Moreover, a hybrid planning strategy
combines rule-based lateral trajectory generation with a learning-
based longitudinal policy to improve feasibility, adaptability, and
closed-loop performance. Closed-loop experiments on nuPlan and
interPlan show that BIPP achieves the best overall performance
among the compared baselines in the evaluated benchmark
settings, with notable gains in highly interactive and long-tail
scenarios.

Index Terms—Autonomous driving, trajectory planning, pre-
diction, bidirectional interactions, closed-loop performance.

I. INTRODUCTION
A. Motivation and Background

CHIEVING both safety and efficiency in traffic remains

a fundamental challenge for autonomous driving [1], [2],
[3], [4], [5], [6]. In complex scenarios such as signalized
intersections, unprotected turns, merging, and yielding, the
ego vehicle must continuously adapt to multiple surrounding
agents whose intentions are coupled, evolving, and inherently
multimodal [7], [8], [9]. In such environments, safe driving
requires the autonomous vehicle (AV) to avoid hazardous

Received 25 March 2026; revised 24 July 2026; accepted 30 August 2026.
This work was supported by the National Natural Science Foundation of China
under Grant 52221005 and Grant 52472434. The Associate Editor for this
article was Y. Wiseman. (Corresponding author: Yugong Luo.)

The authors are with the School of Vehicle and Mobility, Tsinghua
University, Beijing 100084, China (e-mail: lyg@mail.tsinghua.edu.cn).

Digital Object Identifier 10.1109/TITS.2026.3730243

interactions, while efficient driving requires it to avoid overly
conservative behaviors that unnecessarily sacrifice progress.
Balancing these two objectives is particularly difficult because
traffic participants mutually influence one another, and even
small errors in interaction reasoning may lead either to unsafe
aggressiveness or to excessive hesitation [8], [10], [11].

Despite the substantial progress from traditional modular
pipelines to learning-based and end-to-end frameworks [10],
[11], many existing methods still rely on a sequential predict-
then-plan pipeline. In its common one-pass implementation,
prediction is first performed for surrounding agents, and plan-
ning is then conditioned on the predicted futures [12], [13]. As
a result, reciprocal interaction is only weakly captured, which
may lead to either overly conservative or unsafe decisions in
complex urban negotiations. Moreover, many recent methods
still formulate future prediction or planning over the horizon
in a one-shot manner, which limits their ability to capture the
iterative evolution of scene context and agent intentions over
time [14], [15], [16]. This further limits their ability to handle
dynamically changing interactions in complex urban environ-
ments. A representative example is illustrated in Fig. 1(a).
When the AV attempts to merge right to bypass a construction
zone, the traditional sequential paradigm predicts that the
adjacent vehicle will maintain its motion and therefore induces
a conservative deceleration strategy, ultimately causing the AV
to miss a feasible merging opportunity.

Furthermore, although recent learning-based methods have
achieved impressive open-loop performance on metrics such as
average displacement error (ADE) and final displacement error
(FDE) [17], [18], strong open-loop accuracy does not necessar-
ily translate into robust closed-loop driving performance [19],
[20], [21]. Purely learning-based planners are often vulnerable
to distribution shift and compounding errors once deployed in
interactive environments, where small deviations may prop-
agate over time and eventually degrade safety, feasibility, or
route progress [19], [20]. To compensate for these issues, many
methods depend on expensive post-processing or optimization-
based refinement [8], [11], [21], which may improve safety but
can also weaken behavioral consistency and adaptability.

To address these limitations, we propose BIPP, a novel
Bidirectional Interactive Prediction and Planning framework
toward safe and efficient autonomous driving. BIPP explic-
itly models the reciprocal interactions between prediction
and planning, enabling both the AV and surrounding agents
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Fig. 1. Illustration of the proposed BIPP framework in a challenging interactive scenario. The AV attempts to merge right to bypass a construction zone,
but dense traffic in the target lane prevents direct insertion. In the traditional sequential paradigm, the AV predicts surrounding agents before planning and,
assuming the adjacent vehicle (black surrounding vehicle) will maintain speed, adopts a conservative deceleration strategy that fails to complete the merge.
In contrast, the proposed parallel-iterative paradigm iteratively refines prediction and planning with explicit bidirectional interaction modeling, allowing the
adjacent vehicle to respond to the AV’s intention by yielding and enabling a safe and efficient passing maneuver.

to be reasoned about in a unified bidirectional manner,
as shown in Fig. 1(b). Different from system-level parallel
architectures such as PARA-Drive [22], BIPP uses stage-
wise prediction—planning parallelism to remove order-sensitive
dependencies and enable reciprocal decision interaction in
closed-loop planning. In addition, we introduce a hybrid plan-
ning strategy that combines the strengths of rule-based priors
and learning-based generation to improve closed-loop perfor-
mance and mitigate error accumulation. By jointly enhancing
interaction modeling and execution stability, the proposed
framework aims to achieve a better balance between safety
and efficiency in complex urban driving scenarios.

B. Related Work and Limitations

1) Integration of Prediction and Planning: In conventional
autonomous driving systems, prediction and planning are
typically organized as two decoupled modules in a sequential
pipeline. Although such a decomposition simplifies system
design and improves interpretability, it limits the ability to
capture the reciprocal influence between the AV and surround-
ing agents, especially in dense urban environments where
interactions are highly coupled and continuously evolving. To
better account for this coupling, recent studies have attempted
to integrate prediction and planning more tightly. Existing
approaches can be broadly grouped into three paradigms.

a) Sequential integration: Sequential integration orga-
nizes prediction and planning as causally ordered modules,
resulting in a unidirectional leader-follower interaction pat-
tern. One line of work first predicts the future behaviors of
surrounding agents and then plans the AV trajectory accord-
ingly, corresponding to a human-leader formulation [12], [23].
Another line first plans the AV behavior and then predicts how
other agents may respond, which can be viewed as a robot-
leader formulation [24], [25], [26]. However, such methods
preserve an explicit order between prediction and planning,

which makes it difficult to model the reciprocal influence
between the AV and surrounding agents in a symmetric and
adaptive manner.

b) Joint integration: Joint integration employs a uni-
fied model to jointly reason about the future trajectories of
the AV and surrounding agents [16], [27], [28], [29], [30].
Representative methods include InteractionNet [31], which
uses local and global Transformers to capture individual
motion patterns and inter-agent interactions, and GameFormer
[8], which incorporates game-theoretic reasoning to itera-
tively refine multi-agent futures. SafePathNet [32] also models
AV-agent interactions within a Transformer-based framework
and outputs probabilistic multimodal trajectories. However, by
treating prediction and planning too homogenously within a
unified formulation, these methods may underemphasize the
stronger safety, feasibility, and closed-loop requirements of
planning. Moreover, AV—agent interactions are often modeled
only implicitly from shared historical context, which makes
it difficult to capture the explicit and progressively evolving
mutual adaptation between the ego vehicle and surrounding
agents.

c) Co-leader integration: Co-leader integration retains
separate prediction and planning modules, while introducing
iterative information exchange between them to explicitly
model how the AV influences surrounding agents and how
those agents, in turn, react to the AV [33], [34], [35], [36].
PPAD [37], for example, alternates between prediction and
planning over time to simulate spatiotemporal interaction.
Tree-based approaches [34] perform multi-stage interaction
reasoning through tree expansion. DTPP [38] generates con-
ditional predictions based on the AV’s multimodal plans, and
then selects high-scoring trajectories for subsequent tree-policy
planning and conditional prediction. Compared with one-shot
methods, these approaches better reflect the iterative nature
of real-world interaction. However, prediction and planning
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TABLE I
COMPARISON OF REPRESENTATIVE PREDICTION-PLANNING ARCHITECTURES

Integration Representative Coupling Stage Sequential Interaction Planning-
Paradigm Method Scheme Order Dependency Context Specific
. P3 [12] One-shot Pre-then-Plan Yes Pred. SA Yes
Sequential
CMP [26] One-shot Plan-then-Pre Yes No Yes
Toint GameFormer [8] Iterative Unified No Pred. SA+AV No
SafePathNet [32] One-shot Unified No Hist. traj. No
| DTPP [38] Iterative Plan-then-Pre Yes Pred. SA Yes
Co-leader , Pred. SA+AV
BIPP Iterative Parallel No Yes

and hist. traj.

Notes: Pred. = predicted; hist. traj. = historical trajectories; SA = surrounding agents; AV = autonomous vehicle. Sequential Dependency
denotes a fixed prediction—planning order within a stage; Interaction Context lists only the dynamic trajectory features used by planning;
Map Context is excluded. Planning-Specific denotes dedicated safety and feasibility designs.

are still executed sequentially within each stage, leaving the
inherent limitations of unidirectional modeling unresolved and
potentially leading to progressive error amplification across
stages.

As summarized in Table I, BIPP retains task-specific pre-
diction and planning branches, updates them in parallel within
each stage, and conditions both branches on historical trajec-
tories together with the joint future context propagated across
stages. This design grounds iterative interaction refinement in
observed motion evidence, preserves planning-specific model-
ing, and avoids a fixed within-stage execution order.

2) Trajectory Planning: Trajectory planning is a core com-
ponent of autonomous driving, responsible for generating safe
and efficient vehicle motions under dynamic environmental
constraints. Existing planning approaches can be broadly cat-
egorized into rule-based and learning-based methods.

a) Rule-based: Traditional rule-based planners typically
rely on manually designed heuristics, graph search over lane
networks, or constrained optimization to produce feasible
trajectories that satisfy vehicle dynamics and traffic rules
[39], [40], [41], [42], [43]. Their main advantages lie in
interpretability, controllability, and the ability to explicitly
enforce safety constraints. However, these methods are usually
embedded in modular pipelines. Such a decoupled design can
cause information loss and error propagation across modules
[44]. While rule-based planners offer strong interpretability
and explicit feasibility control [19], they often require exten-
sive manual engineering and may struggle to scale to highly
interactive urban scenarios.

b) Learning-based: With the rapid development of
deep learning, learning-based planning has attracted increas-
ing attention. By learning planning policies directly from
large-scale driving data, these methods can generate future
trajectories conditioned on scene context and route goals,
thereby reducing the reliance on hand-crafted rules [15], [45],
[46]. However, despite their promising results in open-loop
evaluation, recent benchmarks emphasize that conventional
displacement-based metrics cannot fully reflect actual driv-
ing quality during closed-loop execution [47]. A substantial
gap persists between open-loop training and closed-loop
deployment, where distribution shifts, feedback-induced error

accumulation, and insufficient reactivity severely degrade both
safety and efficiency [19], [21], [48]. Although techniques
such as data augmentation [49], [50] and auxiliary losses
[50], [51] are employed to mitigate these issues, many
state-of-the-art learning-based planners still rely heavily on
optimization-based post-processing to guarantee safety [8],
[11], [21].

In summary, existing approaches still face two unresolved
challenges. First, they have not fully captured the bidirec-
tional and dynamically evolving interaction between the AV
and surrounding agents, either due to asymmetric interaction
modeling with sequential information exchange at each stage
or due to inferring interactions solely from static historical
behaviors. Second, they remain susceptible to closed-loop
distribution shift and error accumulation, often requiring con-
servative post-processing to guarantee safety. These limitations
motivate the need for a framework that can explicitly model
bidirectional interaction while mitigating error accumulation,
thereby achieving a better balance between safety and effi-
ciency in complex urban driving.

C. Contributions

The main contributions of this work are summarized as

follows:

1) We propose a bidirectional parallel-iterative prediction—
planning framework that removes the order-sensitive
dependency of sequential pipelines. Prediction and plan-
ning are executed in parallel within each stage and
refined across stages using the preceding joint future
context, enabling reciprocal interaction reasoning while
reducing the conservative or aggressive biases caused by
a fixed execution order.

2) We develop a unified bidirectional interaction mecha-
nism that models the evolving intentions of the AV and
surrounding agents. By combining historical motion evi-
dence with iteratively updated future intentions in both
prediction and planning, the mechanism supports mutual
adaptation across stages while retaining consistency with
observed behaviors.

3) We introduce a multimodal hybrid planning strategy
that combines rule-based lateral trajectory generation
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Fig. 2. Overall architecture of BIPP, consisting of scene encoding, query construction, parallel-iterative interaction, and trajectory decoding/selection. At each
stage, prediction and planning use task-specific queries to attend to shared historical, map, and previous-stage future contexts; their outputs are concatenated

and propagated to the next stage.

with an interaction-conditioned learning-based longitu-
dinal policy. This design preserves lane-level geometric
feasibility while enabling longitudinal decisions to
adapt to evolving interactions, improving closed-loop
stability without relying on heavy optimization-based
post-processing.

D. Organization of the Paper

The remainder of the paper is organized as follows.
Section II formally presents the overall problem formulation.
Section III details the proposed BIPP framework, including the
parallel-iterative architecture, bidirectional interaction mod-
eling mechanism, and hybrid planning strategy. Section IV
describes the experimental setup. The main results are dis-
cussed in Section V. Section VI concludes the paper and
discusses future work.

II. PROBLEM STATEMENT

We consider a multi-agent driving scenario where Ag
denotes the AV, {A,~}§i"1 denote the surrounding agents (SAs),
M denotes the map context, and Xo.y, denotes the historical
observation trajectories. Our goal is to generate K candidate
future trajectories Y for the AV and Y.y, for all SAs over a
planning horizon #;. The process is mathematically formulated

as: {(YUO, ﬂ.(k))}::l = £ (Yo M) . "

where fj denotes the neural network of BIPP parameterized
by ¢ and 7 = {x® |k=1,...,K} denotes the confidence
probabilities of the K joint future modes.

(k)
YI:NA’

The objective is to generate a final ego trajectory that
remains close to expert driving behavior while achieving a
favorable balance between safety and efficiency in interactive
driving. BIPP generates a finite set of joint future modes and
selects the final ego plan according to the learned confidence
score:

Y=Y )

k" =arg max 7,
kefl,.... K}
Here, ¥ denotes the learned confidence of the k-th joint
future mode. The selected ego trajectory Y, is expected to
balance safety and efficiency, such as favoring collision avoid-
ance, sufficient time-to-collision (TTC) margins, and steady
progress along the route.

III. METHODOLOGY

We propose BIPP, a parallel-iterative framework that models
bidirectional relationships between prediction and planning
modules, as shown in Figure 2.

A. Architecture Overview

Figure 2 illustrates the overall architecture of BIPP using
four connected components: scene encoding, query construc-
tion, parallel-iterative interaction, and decoding/selection. The
Scene Encoder first converts agent histories, the current AV
state, and vectorized map elements into the historical context
Eyis and map context Ey. For the planning branch, Query
Construction encodes sampled lateral paths as geometric priors
and combines them with longitudinal embeddings to form
QP'an At each stage j, the Interactive Prediction and Interactive
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Planning branches are executed in parallel, and each branch
instantiates the Bidirectional Interaction Modeling procedure
with its own task-specific query. Each task query attends to
Eps, Ei.‘jtl, and Ey, linking history, evolving future intention,
and map topology in the tensor flow. The resulting prediction
context E?red and planning context EEla" are concatenated into
the joint future context Eﬁ.‘“, which is propagated to stage
j+1 for iterative refinement. After N stages, the decoder pro-
duces multimodal trajectories for surrounding agents, planning
distances, and mode probabilities, and the hybrid planning
module projects the decoded distances onto lateral paths to
select the final AV trajectory.

B. Input Representation and Scene Encoding

1) Agent History Encoding: We represent each agent’s
observational state at time ¢ as st = (pi, 6!, v}, !, bi, e.,), where
(p,6) denote position and heading, (v,w) capture velocity
and yaw rate, b defines bounding box dimensions, and e, €
{e1, e, e3} indicates the category of agent i (vehicle, pedestrian,
or bicycle). Historical state sequences S, € RN+*™*4 are pro-
cessed through an LSTM encoder, yielding agent embeddings
Ex € RMXD where D is the consistent hidden dimension
throughout our architecture.

2) AV State Encoding: Recent studies indicate that imi-
tation learning models are often prone to causal confusion
by exploiting shortcuts in historical trajectory data rather
than reacting to dynamic environments [52]. To mitigate
this, we utilize only the current state of the AV, denoted as
sav = [p,0,v,a] (position, heading, velocity and acceleration).
We employ an attention-based State Dropout Encoder (SDE)
to process this state following [52]. By randomly masking
input dimensions during training, the SDE prevents the model
from extrapolating kinematic states, yielding a robust AV
embedding Eay € RP.

3) Vectorized Map Encoding: The map information M
consists of map elements such as lanes, routes, and crosswalks,
which are represented as a set of vectorized map polylines.
Each polyline is described by a sequence of points with
associated attributes (e.g., position, direction). The traffic light
status is embedded into the lane features as a one-hot encoded
vector. We identify a total of N, nearby map elements,
each containing N, waypoints with dy,-dimensional feature.
Accordingly, the map information is represented as a matrix
M € RNeXNpXdn  The map polylines are encoded using
the multi-layer perception (MLP) network, resulting in map
feature tensor E, € RV=*M*P To reduce the number of
map tokens, we group waypoints associated with the same map
element and apply max-pooling to aggregate their features.
The resulting feature tensor is reshaped to Ey € RNmwXP,
where Ny, is the number of map tokens after pooling.

4) Scene Encoding: To effectively capture the interactions
among the AV, SAs, and map elements, we concatenate
the agent encoding Ea, AV encoding Eay, and map feature
tensor Ey to form a unified scene encoding tensor Eg €
RWVat+Nmp+DXD This tensor is then fed into a Transformer
encoder with N, layers, producing in a final scene represen-
tation Ep € RMa+Nm+DXD which captures the contextual

relationships among all entities within the scene. For notational
simplicity, the agent, AV, and map encodings processed by the
Transformer encoder will be referred to as Esa, Eay, and Ey,
respectively, in the subsequent sections.

C. Parallel-Iterative Framework

To effectively model the complex bidirectional interac-
tions between the AV and surrounding agents, we propose
a Parallel-Iterative Framework that fundamentally shifts from
the conventional sequential paradigm. Instead of a fixed
predict-then-plan order, our framework treats prediction and
planning as coupled tasks that are updated in parallel within
each stage and progressively refined across stages using the
previous-stage joint future context.

1) Multi-Stage Iteration: BIPP decomposes the planning
horizon #; into a sequence of sub-horizons t{ G=1,...,N).
This hierarchical structure enables the modules at stage j to
condition on both the trajectories from the previous stage (j—1)
and the history context, facilitating bidirectional interaction
between prediction and planning. This approach effectively
models both the AV and SAs as adaptive agents that dynami-
cally respond to each other’s future intentions.

Formally, the multi-stage refinement propagates a joint
future context across stages:

B = Concat(E?lan, Ei?"’d) . j=1,...,N, 3)

where EEla" denotes the compact AV planning context pro-
duced at stage j, E?red denotes the compact SA prediction
context produced at stage j, and Eﬁ.“‘ denotes their concate-
nated joint future context, which serves as the future context
for the following refinement stage when j < N.

2) Parallel Execution Architecture: Unlike sequential
paradigms that impose a fixed prediction—planning order, BIPP
updates prediction and planning in parallel within each sub-
horizon. Neither branch takes the current-stage output of the
other as its input; instead, both branches operate on the same
previous-stage joint future context together with the shared
scene context. Thus, there is no directed dependency between
prediction and planning within the current stage, and neither
branch is assigned a leader role or an information advantage.
This parallel information flow reduces the order-induced asym-
metry of sequential updates and supports a more consistent
estimation of the joint AV-SA future.

Let C denote the shared scene context including historical
motion and map information. At stage j, the two branches are
updated in parallel:

Eﬁred = Forea (E?ill, C) ’ E_l;lan = Folan (E?i[l, C) . “4)

Thus, there is no current-stage dependency edge E;’md—> E?lan
or Eplan_) Epred.

3) Bidirectional Interaction Modeling: BIPP models recip-
rocal influence between future prediction and future planning
by coupling the two tasks through our Interactive Prediction
and Interactive Planning modules. Both modules attend to the
shared scene context and the propagated joint future context,
allowing prediction and planning to progressively adapt to
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each other across stages. By combining (3) and (4), the
cross-stage bidirectional conditioning for stage j + 1 can be
summarized as

fu lan red .
FEP.C) = {ELENT, =1 N=1 )

This means that the next-stage AV planning context and SA
prediction context both condition on the future context pro-
vided by the previous stage, enabling bidirectional interaction
between them.

D. Bidirectional Interaction Modeling Mechanism

To enable explicit and reciprocal influence between the AV
and surrounding agents, we design a unified Bidirectional
Interaction Modeling Mechanism. This mechanism is shared
by both the prediction and planning modules, ensuring that all
agents, including the ego vehicle and traffic participants, are
modeled as interactive entities that reason about each other’s
future behaviors. As shown in the parallel-iterative stage of
Fig. 2, this mechanism is embedded in both the Interactive
Prediction and Interactive Planning branches. Its inputs are
explicitly separated into the task query, the historical context
Eyis, the previous-stage future context EETI, and the map
context Eyp.

Formally, let Q™ denote the task-specific query input,
which can be instantiated as either the prediction query or
the planning query and is reused at each interaction stage
(details will be explained in following sections). The core of
this mechanism follows a four-step process:

1. Bi-Context Conditioning. Historical trajectories record
previously observed motion patterns and therefore provide
reliable evidence for interaction reasoning. However, history
alone cannot fully capture the evolving mutual adaptation that
emerges after the AV’s future maneuver becomes relevant to
surrounding agents. On the other hand, future intention context
propagated across stages reflects the model’s latest estimate
of interactive evolution, but it is still inference-dependent
and may contain accumulated errors if used in isolation. To
balance reliability and adaptability, BIPP jointly conditions
both planning and prediction on historical motion evidence
and updated future intention context. This design enables the
model to reason about mutual adaptation while remaining
grounded in observed behavior, thereby improving interaction
modeling in complex urban scenarios.

e Historical Interaction Stream: This branch preserves the
stable intent prior and kinematic constraints from past
behaviors. By attending to the historical state encodings
Eyis of all agents, the model extracts motion patterns and
kinematic constraints, providing a foundational prior for
trajectory generation.

ij‘.is = CrossAttn(Q™¥, Exis, Enis) (6)

o Future Interaction Stream: This branch captures intention
evolution by conditioning on a future context E;‘i‘l that
is iteratively updated from stage j—1. This context aggre-
gates the AV plan and the predicted trajectories of all SAs.
Through cross-attention (7), the planning and prediction
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branches attend to the same previous-stage joint future
context.

Q" = CrossAttn(Q™*, E| E™)) (7)

Across stages, each branch reuses its task query, while only
the future context E;‘fl is updated. The previous-stage output
therefore enters as context rather than replacing the query.

2. Interaction Fusion. We concatenate the outputs of the
historical and future interaction streams and project them
through a linear layer, as shown in (8). This fusion integrates
stable, history-derived kinematic priors with stage-dependent
adjustments introduced by future-intention conditioning, yield-

. . . t
ing an agent-centric feature representation Q7"

0™ = Linear(Concat(Q"*, Q?”‘)) (8)

J J

3. Environmental Contextualization. To ensure physical
feasibility and traffic-rule compliance, the fused agent features
Q;gem then attend to the map encoding Ey; via cross-attention.
This step injects road topology, drivable-area boundaries, and

traffic-signal states into the interaction-aware representation.
QS* = CrossAttn(QF™, Ent, En) 9)

4. Temporal Aggregation. To propagate refined intentions
to the next stage, we extract the features within the current
stage horizon # and apply max pooling. This operation
compresses the temporal sequence into a compact context
embedding £, which serves as the future prior for the subse-
quent iteration.

E; = MaxPool(Q%*[:, : #{,:]) (10)

At each stage, the planning and prediction branches con-
dition on the preceding joint future context. This reciprocal
update aligns the two future representations across stages; the
final planning representation is then decoded to select the AV
trajectory with the highest confidence.

E. Interactive Prediction

Interactive Prediction is the prediction instantiation of our
Bidirectional Interaction Modeling Mechanism. Applying the
same bidirectional interaction update process to prediction
queries yields an interaction-aware predictor.

We construct the prediction query QOsa by combining the
surrounding-agent history embeddings Esa with temporal
(positional) embeddings and K mode-specific query branches,
resulting in Qga € RN XKXTXD "\where T denotes the number
of discrete future time steps. At each stage j, the prediction
query Qsa is used as Q™ in the Bidirectional Interaction
Modeling Mechanism. Concretely, we instantiate the mecha-
nism with:

e Query: The prediction query Qsa serves as the task query

Qtask_

o Historical Context: The historical encoding Ey;s is com-

posed of both SA and AV embeddings, Enis = [Esa, Eav].

e Future Context: The future context E§T1 is the concate-

nation of the AV’s planning context and SA prediction
context from the previous stage, denoted as Eﬁfl =

plan p-pred
Concat[Ej_1 s Ej_l ].
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After the four-step interaction update in Section III-D, we
obtain the stage-j prediction context E?red, which summarizes
refined SA intentions conditioned on both history and the
evolving joint future context. The resulting E?red is then used
to form the joint future context for the next stage.

FE. Interactive Planning

Planning in dense urban environments requires both strict
geometric feasibility and sufficient behavioral adaptability. A
purely rule-based planner may be overly rigid in complex
interactions, whereas a fully learning-based planner may lack
sufficient structural priors for safe closed-loop execution. To
preserve geometric feasibility and route consistency, BIPP first
generates lateral trajectory candidates using rule-based path
construction constrained by the road topology. Conditioned on
each candidate path, a learning-based longitudinal planner then
predicts speed profiles under the current interaction context,
allowing the AV to adapt its progress behavior according to
surrounding-agent responses. By combining rule-based lateral
generation with learning-based longitudinal control, the pro-
posed planner reduces the search space to feasible candidates
while retaining sufficient flexibility for interactive decision
making.

(a) Lateral Planning. Our lateral module generates Ny
candidate paths P, by sampling terminal points along lane
centerlines and fitting third-order polynomial splines from the
current state. For a sampled terminal point, the m-th raw path
candidate is parameterized by arc length as

pm(s) = [xm(s)’ym(s)]T, s € [0, L],

3 3
xm(s) = Zam,rsra )’m(S) = me,rsr~
r=0 r=0

where m € {1,..., M} indexes the raw sampled candidates,
L, is the path length, and a,,b, , are spline coeflicients
determined by the current AV pose and the terminal lane-
centerline pose.

Since the sampled endpoints lie on lane centerlines, road-
topology consistency is mainly introduced by the sampling
process. The raw candidates are then scored by handcrafted
rules that penalize collision risk, lane-change distance, and
curvature:

Y

Tt = weal 3+ wiedyy -+ wie max ey (s)l,

Pl = TopNy, ({(Pup=1. —J2). (12)

Here, JS' denotes the collision-risk cost, J¢ denotes the lane-
change-distance cost, max; |«,,(s)| measures the maximum path
curvature, and woj, Wi, and w, are non-negative rule weights.
TopNy, (-) keeps the Ny, candidates with the lowest lateral
cost. The selected paths provide compact geometric priors for
the subsequent longitudinal planner.

(b) Longitudinal Planning. We employ a learning-based
longitudinal planner that adapts to the dynamic environment,
instead of relying on predefined speed profiles. To ensure
controllability and tracking feasibility, we explicitly condition
longitudinal planning on trajectory geometry.

Instead of using reference lines as lateral queries [53], [54],
we encode the Ny, candidate trajectories (each with n,, points)
using a PointNet-like [55] architecture to obtain lateral queries
Qlat € RMuXD_ These are combined with Ny, learnable longi-
tudinal query vectors Qy,, € RMenXP representing multimodal
behavior. The concatenated features are linearly projected to
form Qﬁiiﬂ € RMaxNoxD A learnable temporal embedding
Er € RNMwXNoxTxD s then added after broadcasting QP
along the temporal dimension:

O = Expand,(QP™") + Er,

plan Niat X Nion X T X D
Ot €R .

13)

The time-indexed query is then refined by self-attention along
the lateral-candidate, longitudinal-mode, and temporal dimen-
sions:

0Dy = SAT(SAin (SAW@H))- (14)
where SAj,, SAjon, and SAt denote self-attention after reshap-
ing the tensor along the lateral-candidate, longitudinal-mode,
and temporal dimensions, respectively. The final planning
query therefore has shape QP € RMuwXNenxTxD - engur.
ing dimensional compatibility with the prediction module
(Nat X Nion = K).

At each stage j, we apply the Bidirectional Interaction
Modeling Mechanism in Section III-D by using the planning
query QP as Q™ and conditioning it on the shared historical
context Ey;s and the propagated future context Ei‘f]. This
allows the AV plan to be refined in response to both the
observed history and the predicted reactions of surrounding
agents under the evolving joint future. The resulting planning
context E?l"m summarizes the stage-wise planning intent and
is concatenated with the prediction context to form the joint
future context Eﬁ”t for the next stage.

G. Trajectory Decoder

Upon completing N iterative refinement stages, we obtain
the final context embeddings for prediction and planning,
denoted as EX*' and E®™, respectively. These embeddings
are then decoded to generate the final trajectory outputs.

For the prediction task, the embedding Ei,red is processed
by an MLP head to generate multimodal predicted trajectories
for each surrounding agent. For the planning task, the query
Elean is passed through two MLP heads: one to regress the
longitudinal motion profile S along the candidate paths, and
another to predict the confidence score mr for each planning
mode. The decoding process is formulated as:

Y; = MLP(E)
S = MLP(EY™), x = MLP(EY™)

5)
(16)

Here, ¥; € RXXT*X2 represents the predicted trajectory for
agent i (i € {1,...,Na}); S € RNaXNaXT denotes the planned
longitudinal state profile; 7 denotes the number of discrete
future time steps; and & € RMa>Mon jg the associated planning
confidence score. The complete spatiotemporal trajectory for
the r-th longitudinal mode on the /-th lateral path is then
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obtained by projecting the decoded longitudinal progress onto
the corresponding path:

Yl,r(t) =P (S l,r(t)) 5

Here, p; is the I-th selected lateral path, and Y}, is the resulting
complete AV trajectory candidate. Finally, this projection
yields a total of Nj X Njon spatiotemporal trajectories for the
AV.

l=1,...,Nlat, r=1,...,N10n. (17)

H. Model Training

1) Planning Loss: To prevent mode collapse during train-
ing, we adopt a teacher-forcing approach inspired by [54] with
specific improvements. Specifically, we project the endpoint
of the ground truth trajectory onto the N, candidate paths
and select the path with the minimum lateral deviation as
the target lateral path £. For the longitudinal dimension, to
ensure trajectory consistency, the reachable distance range
is first estimated according to the vehicle’s initial speed
and kinematic limits. Given the initial speed vy, maximum
acceleration ag“oi", maximum braking deceleration anmeag", speed
limit v}, and planning horizon #, the reachable longitudinal
interval is defined as [Smin, Smax]. Let the maximum-braking
duration within the horizon be

fsiop = Min| fr, —— (18)
neg
The lower reachable bound is then
o 1 max 2 19
Smin = Volstop — Eaneg Ltops (19)

whereas the time required to reach the speed limit under
maximum acceleration is

Viim — V0
him = mMax 0, x| (20)
pos
1
Vot + Eag}i"t%, fim = I,
Smax = 1 21
2
Voliim + Eag}i"tnm + Viim(f = tiim),  fim < Zf.

Here, smin, is the distance traveled before either the horizon
ends or the vehicle comes to rest under maximum braking.
The two cases in sy, correspond, respectively, to accelerating
throughout the horizon and to accelerating until the speed limit
is reached and then cruising at that limit.

This range is then divided into Nj,, equal intervals, and
the target longitudinal interval index ¢ is determined based
on the projected longitudinal distance of the ground truth
endpoint. The query corresponding to the target lateral path
¢ and longitudinal interval index ¢ is then designated as the
target query.

To make the supervision compatible with the longitudinal-
query design, BIPP uses longitudinal distance and velocity
losses rather than Cartesian trajectory-point losses, as shown
in Eq. (22). To satisfy the comfort requirements, we also
include a comfort loss comprising acceleration and jerk terms,
as shown in Eq. (23). For the score classification loss, we use

IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS

TABLE I
BIPP MODEL HYPERPARAMETERS

Notation Hyperparameter Value
D Hidden dimension 256
H Attention heads / head dimension 8732
dg Transformer FFN dimension 1024
Pdrop Attention and FFN dropout 0.1
Pstate AV state-dropout probability 0.75
Ne Scene encoder layers 3
N Interaction stages 3
th Historical horizon 2.0s
te Planning horizon 80s
At Sampling interval 0.1s
t%,t?, t? Stage horizons 3,5, 8s
Na Predicted surrounding agents 10
Niat Lateral candidates 3
Nion Longitudinal queries 10
K Joint future modes 30
w1, w2, ws Planning loss weights 1,0.1, 1

cross-entropy to measure the difference between the predicted
and target scores, as shown in Eq. (24).

Lreg = SmoothL1(S%, $*) + SmoothL1(v#,v*)  (22)
Lcom = SmoothL1(a*) + SmoothL1(jerk™) (23)
L5 = CrossEntropy(sr, ) (24)

Here, S& denotes the ground truth travel distance of the AV,
with v representing the first derivatives of S. 7" is the one-hot
distribution for the planned trajectory derived from S*. The
final planning loss is then computed as:

[fplan = wlcreg + wrLom + w3Lis (25)
where w;, w,, and w3 are the weighting factors. To balance
different objectives, we set w; = 1, wp = 0.1, and w3 = 1,
as summarized in Table II. The regression and classification
terms are treated as primary planning objectives, while the
comfort term is assigned a smaller weight because it acts as
a smoothness regularizer.

2) Prediction Loss: As each planned trajectory corresponds
to a predicted trajectory, we select the trajectories corre-
sponding to the target supervised planned distance S{ as
the target predicted trajectories Y7 . The prediction loss is
then computed as the smooth L1 loss between the predicted
trajectories and the target predicted trajectories, as shown in
Eq. (26).

Lprea = SmoothL1(Yfly . ¥i.y.) (26)
The final loss function for the BIPP framework is the weighted
sum of the planning loss and prediction loss, as shown in
Eq. (27).

Lpipp = NAﬁplan + Epred 27
where we set the planning weight proportional to agent count
to maintain equal importance between the two objectives. All
learnable modules are jointly trained end-to-end.
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Algorithm 1 Parallel-Iterative Bidirectional Interaction Plan-
ning and Prediction (BIPP)

Require: Histories Xo.n,, Map M, Stage horizons {tg}]jy: 1
Ensure: Optimal AV plan Y and predicted SA trajectories

Yik:N
11 Plat — LATERALSAMPLING (Xp, M) {Sample N, candi-
date paths}

2: Ehis, Em <= SCENEENCODING (Xo.v,, M)

3. QPred gplan . QUERYCONSTRUCT (Ehis, Em, Prat)

4: for j=1to N do

5: Parallel Execution:

6: E;?“‘d « PREDICTION (QP*, E™\ Eyy, Ey)

7: EElan «— PLANNING (Qpla“,Eﬁ‘El,Ehis,EM)

8: Interaction Update:

9 EM e Concat(Efla", Eﬁred)

10: end for

11: Yi.n,,S,m < TRAJECTORYDECODER (E,pvred,E};la“)

12: Yy < SPATIOTEMPORALPROJECTION (P, S) {Map 1D
profiles to 2D paths}

13: k* « argmaxer.. g 7

14: YS «— Yolk*], Y?:NA “— YI:NA[k*]

15: return Y, Y7\

1. Planning Process

The overall inference and planning process of the BIPP
framework is summarized in Algorithm 1. Given the his-
torical states of the AV and surrounding agents Xp.y, and
the map information M, the framework first samples a set
of candidate lateral paths P, for the AV and encodes the
historical motion and map context into Ey;s and Ey. Based
on these scene features and the sampled paths, prediction
queries QP and planning queries QP are constructed to
initialize the subsequent interaction-aware reasoning process.
BIPP then performs prediction and planning in parallel over
multiple refinement stages. After the final stage, the decoder
outputs the predicted SA trajectories Yj.y,, the longitudinal
motion profiles S, and the planning scores xr. The longitudinal
profiles are projected onto the sampled lateral paths to generate
complete ego trajectory candidates Yy, and the final AV plan
is selected as the highest-scored candidate,

IV. EXPERIMENTS
A. Experimental Setup

1) NuPlan Dataset: Our model is trained on nuPlan [56], a
large-scale dataset comprising 1,282 hours of real-world driv-
ing data spanning 75 distinct scenario types. Specifically, we
randomly sample 300,000 scenarios, employing an 80/20 split
for training and validation. Evaluation is conducted on both the
nuPlan and interPlan [57] using closed-loop metrics: the non-
reactive score (NR-score) and the reactive score (R-score). The
two settings differ in whether the surrounding agents react to
the AV’s actions (reactive) or not (non-reactive). Both scores
range from 0 to 100 (higher is better). For each benchmark,
the reported total score is computed as the arithmetic average
of the scenario-level scores over all evaluated scenarios. All

compared planners use structured agent histories and vector-
ized map inputs under the same planning-level protocol. To
comprehensively assess performance, we evaluate on three
complementary benchmarks:

(1) Normal [38]: We use the Test-10 split as the Normal
benchmark. It contains 200 scenarios spanning 10 rep-
resentative scenario types from the nuPlan planning
challenge, covering standard urban driving conditions.
Hard [52]: We adopt the Hard benchmark proposed in
[52], which collects the worst-performing scenarios for
the rule-based PDM-Closed [19]. It contains 195 chal-
lenging scenarios.

Long-tail [57]: We use interPlan as our Long-tail
benchmark. Built upon the nuPlan dataset, it contains
80 challenging scenarios featuring rare events (e.g.,
jaywalking pedestrians and construction zones) and is
designed to test robustness under uncommon and safety-
critical scenarios.

2)

3)

2) Evaluation Metrics: Following the nuPlan closed-loop
metric definitions, we categorize the reported metrics into four
groups:

(1) Safety: No ego at-fault collisions (Collision) and Time to
collision within bound (TTC), which measure collision
avoidance and time-to-collision safety margins.
Efficiency: Ego is making progress (Progress) and Ego
progress along expert route (Route ratio), which mea-
sure whether the AV makes sufficient progress and how
much route progress is achieved relative to the expert.
Compliance: Drivable area compliance (Drivable),
Driving direction compliance (Direction), and Speed
limit compliance (Speed), which assess adherence to
road boundaries, travel direction, and speed limits.
Comfort: Ego is comfortable (Comfort), which checks
whether the ego trajectory satisfies comfort-related
bounds such as acceleration, yaw rate, and jerk.

2

3)

“4)

3) Baseline: We conduct experiments to compare our BIPP
framework with several state-of-the-art methods on the nuPlan
benchmark to demonstrate the effectiveness of our method.
The baseline methods include:

(1) Intelligent Driver Model (IDM) [58]: This is a widely
used rule-based model for simulating human-like longi-
tudinal driving behavior in traffic scenarios.
UrbanDriver [59]: A learning-based policy that lever-
ages imitation learning to generate realistic urban driving
behaviors based on expert demonstrations.
PDM-Closed [19]: A rule-based planning method that
enhances a classical IDM policy with trajectory pro-
posal sampling, simulation, and scoring to enable robust
closed-loop decision-making in complex urban driving
scenarios; it placed first in the 2023 nuPlan challenge.
GameFormer (GF) [8]: A representative joint
prediction—planning framework that models multi-agent
interactions using transformer-based architectures and
applies a nonlinear optimizer for trajectory refinement.
GF w/o refine. denotes its ablation without the
nonlinear optimizer.

)

3)

“4)
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(a) Optimization objective (b) AV planning (c) SA prediction
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Fig. 3. Learning curves over 30 training epochs: (a) total training and validation loss on a logarithmic scale; (b) validation planning minADE/minFDE; and

(c) validation prediction minADE/minFDE.

(5) DTPP [38]: A representative co-leader iterative
prediction—planning framework that alternates ego-
plan-conditioned prediction with tree-policy planning,
allowing the AV plan to influence surrounding-agent
prediction and the predicted agent responses to feed back
into ego planning.

B. Implementation Details

We set the planning and historical horizons at 8 seconds
and 2 seconds with a time step of 0.1 seconds, consistent with
the nuPlan challenge. We set the number of sub-horizons N
to 3, with #§ = 35,72 = 55,12 = 8s. The model is trained on
an NVIDIA RTX 5090D GPU, with a batch size of 32 over
30 epochs. We use the AdamW optimizer with a weight decay
of le-2. The learning rate is initialized at 3e-4 and decayed
by a factor of 0.5 every 5 epochs. Details of more model
parameters can be found in Table II. Project page: https://
github.com/zhaox-thu/BIPP.

Figure 3 shows that the training and validation objectives
and the validation minADE/minFDE metrics decrease rapidly
during the early epochs and then stabilize, indicating stable
optimization over the 30-epoch schedule.

V. MAIN RESULTS
A. Comparison With Sota

1) Overall Performance: Table III summarizes closed-loop
results on the Normal, Hard, and Long-tail benchmarks.
BIPP achieves the highest overall score among the compared
baselines in all three evaluated settings. Notably, its margin
over the next-best result widens as the benchmark becomes
more challenging: from 1.45/1.67 points on Normal (NR/R) to
2.08/1.86 points on Hard (NR/R), and further to 12.85 points
on Long-tail. This trend suggests that BIPP is particularly
effective in the evaluated safety-critical and strongly coupled
situations, such as dense traffic and high-conflict intersection
negotiation, where reciprocal adaptation between the AV and
surrounding agents is essential. The results of GF wj/o refine.
exhibit progressive error accumulation during closed-loop
execution.

TABLE III

THE OVERALL CLOSED-LOOP PERFORMANCE ACROSS
DIFFERENT BENCHMARKS

‘ Normal Hard

Planner Long-tail
| NR R NR R
UrbanDriver 58.58 53.27 39.93 41.25 9.28
IDM 79.70 81.31 50.71 58.89 31.64
PDM-Closed 92.05 90.05 61.39 67.74 39.07
GameFormer 89.93 85.23 64.46 64.60 11.55
GF w/o refine. 16.44 19.14 12.91 16.63 1.09
DTPP 86.47 83.15 58.34 58.60 26.44
BIPP (Ours) 93.50 91.72 66.54 69.60 51.92
TABLE IV

CLOSED-LOOP PLANNING RESULTS ON THE NORMAL
BENCHMARK ACROSS METRICS

Planner Collision Drivable TTC Progress Route ratio
UrbanDriver 73.00 93.50 66.50 96.50 90.13
IDM 92.25 93.50 87.00 96.00 86.54
PDM-Closed 98.00 99.50 93.50 100.00 87.36
GameFormer 96.75 97.50 91.50 99.50 93.23
GF w/o refine. 43.25 37.00 34.00 95.50 65.71
DTPP 95.50 99.50 92.50 98.50 80.02
BIPP (Ours) 98.50 99.75 97.00 100.00 91.89

2) Performance Across Metrics: Table IV shows the closed-
loop metric breakdown on the Normal benchmark. BIPP
achieves the best results on the safety-critical metrics, includ-
ing Collision, TTC, and Drivable, and also obtains the highest
Progress. For Route ratio, BIPP is slightly lower than Game-
Former (91.89 vs. 93.23), but achieves substantially better
Collision, Drivable, and TTC scores, indicating a more favor-
able safety—efficiency balance rather than simply maximizing
route progress.

Figure 4 further compares BIPP with PDM-Closed and
DTPP on the Hard benchmark. BIPP consistently outperforms
both baselines across both safety and efficiency metrics, with
the largest advantage observed in 7TC. This pattern highlights
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Fig. 4. Safety and efficiency metrics on the Hard benchmark.
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Fig. 5. TTC comparison on the Hard benchmark.

the benefit of the proposed bidirectional interaction modeling
and hybrid planning design, which enables the planner to
maintain safer temporal margins while preserving effective for-
ward progress in highly challenging scenes. Figure 5 provides
a more detailed comparison of the 77TC distributions between
BIPP and PDM-Closed on the Hard benchmark. BIPP exhibits
substantially fewer TTC violations, and its 77C survival curve
remains consistently above that of PDM-Closed. These results
suggest that BIPP maintains a larger safety margin in complex
interactive scenarios, thereby reducing the likelihood of risky
close-range interactions and collisions.

Figure 6 highlights the safety—efficiency trade-off on the
Long-tail benchmark through the joint comparison of Collision
and Route ratio. BIPP achieves the highest Collision score
while retaining a competitive Route ratio, placing it in the
most favorable region of this trade-off. Although UrbanDriver
attains a marginally higher Route ratio, its substantially lower
Collision score indicates that this gain comes at a considerable
cost to safety. These results demonstrate that BIPP achieves
a better balance between safe interaction and efficient route
progress in long-tail scenarios.
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Fig. 6. The safety and efficiency performance on the Long-tail benchmark.
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Fig. 7. Performance in intersection scenarios on the Normal benchmark.

3) Performance Across Scenario Types: Figure 7 compares
BIPP, PDM-Closed, and DTPP in intersection scenarios on
the Normal benchmark. Across starting-straight, left-turn, and
right-turn scenarios, BIPP achieves higher average scores. The
advantage is especially pronounced in left-turn and right-turn
cases, where the baselines occasionally fail completely and
receive zero scores, whereas BIPP exhibits no such failure
cases. Moreover, the score distribution of BIPP is more con-
centrated and skewed toward the high-score region, indicating
not only better average performance but also stronger stability
and reliability across diverse intersection interactions.

Table V and Figure 8 further compare BIPP with the
baselines across scenario types on the Long-tail benchmark.
BIPP achieves the highest overall score and the best score in
six of the eight categories, with particularly large relative gains
in Construction zone, Accident, and Overtaking. Performance
remains limited in Accident, Jaywalking pedestrian, and low-
traffic-density lane-change scenarios, indicating that rare agent
behaviors and flexible lateral interactions remain challenging.

B. Stage-Wise Refinement and Runtime Analysis

1) Stage-Wise Refinement Analysis: We analyze the inter-
mediate outputs of the same trained three-stage BIPP model
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TABLE V
CLOSED-LOOP PLANNING RESULTS ON THE INTERPLAN BENCHMARK ACROSS SCENARIO TYPES

Planner Score Constr. Acc. Jayw. Nudge Overt. LTD MTD HTD
UrbanDriver 9.28 0.00 0.00 20.00 19.50 0.00 15.41 0.00 19.29
IDM 31.64 0.00 0.00 65.65 0.00 0.00 62.72 62.07 62.72
PDM-Closed 39.07 18.40 0.00 38.94 58.33 8.24 62.93 62.78 62.93
GameFormer 11.55 0.00 0.00 55.67 0.00 0.00 0.00 36.73 0.00
DTPP 26.44 9.02 18.05 31.19 0.00 0.00 26.69 65.17 61.39
BIPP 51.92 60.94 33.17 43.35 59.57 44.86 42.97 65.45 65.06

Abbreviations: Constr. = Construction zone; Acc. = Encountering an accident; Jayw. = Jaywalking pedestrian; Nudge = Nudging around a parked vehicle;
Overt. = Overtaking a parked vehicle through the oncoming lane; LTD/MTD/HTD = Lane changes to low/medium/high traffic density.
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Fig. 8. Performance across different scenario types on the Long-tail bench-
mark.

TABLE VI

STAGE-WISE REFINEMENT OF BIPP OVER THE COMMON FIRST-3-S
EVALUATION WINDOW

Metric Stage 1 Stage 2 Stage 3
Collision Rate (%) | 7.13 6.86 245
Closest Gap (m) T 3.483 3.652 3.841
Normalized Entropy | 0.648 0.567 0.431
Top-1 Confidence Margin T  0.174 0.207 0.299

using two geometric-safety metrics (Collision Rate and Closest
Gap) and two decision-certainty metrics (Normalized Entropy
and Top-1 Confidence Margin). Although the three stages
internally cover 3, 5, and 8 s, respectively, all stage outputs
are uniformly truncated to the first 3 s for this analysis
so that the comparison uses an identical temporal window.
Collision Rate is the proportion of selected joint proposals
with any AV-SA oriented-box overlap, whereas Closest Gap
is the average minimum signed gap between the AV and
SA boxes over this common window. Normalized Entropy
measures the ambiguity of the probability distribution over the
30 joint planning candidates, while Top-1 Confidence Margin
is the probability difference between the highest- and second-
highest-scored candidates. Therefore, lower Collision Rate and
Normalized Entropy, together with higher Closest Gap and
Top-1 Confidence Margin, indicate safer proposals and more
decisive candidate selection.

Fig. 9. Illustration of the unprotected left-turn scenario in dense traffic.

TABLE VII
RUNTIME BREAKDOWN OF BIPP INFERENCE

Module Runtime (ms) Ratio (%)

Trajectory sampling 38.9 41.0
Scene encoding 4.9 5.1

Stage 1 interaction 17.5 18.4
Stage 2 interaction 16.8 17.7
Stage 3 interaction 16.9 17.8

Total 95.0 100.0

As shown in Table VI, Collision Rate decreases from
7.13% to 6.86% and 2.45%, while Closest Gap increases
from 3.483 to 3.652 and 3.841 m. Meanwhile, Normalized
Entropy decreases from 0.648 to 0.567 and 0.431, and Top-
1 Confidence Margin increases from 0.174 to 0.207 and
0.299. Thus, the selected joint proposals become progressively
safer and candidate selection becomes more certain, providing
empirical evidence of stage-wise refinement.

2) Runtime Analysis: To characterize the computational
cost of BIPP, we profile the inference latency of the complete
three-stage Python implementation on a workstation equipped
with an Intel Core i9-14900K CPU and an NVIDIA RTX
5090D GPU. The runtime is decomposed into trajectory
sampling, scene encoding, and the three parallel-iterative
interaction stages, as shown in Table VII. BIPP requires
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(a) BIPP, t = 1.5s

Fig. 10. Qualitative results of the unprotected left-turn maneuver.
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Fig. 11. Comparison of traveled distance and safety performance in the
unprotected left-turn scenario.

Fig. 12. Illustration of the collision accident of PDM-Closed.

95.0 ms per frame on average, corresponding to approximately
10.5 FPS on this workstation.

As shown in Table VII, the similar per-stage costs indicate
that interaction latency grows approximately linearly with the
number of stages. Since trajectory sampling is the largest
individual runtime component, future work will prioritize
improving its efficiency.

(b) BIPP, t = 5.8s

(c) BIPP, t = 9.7s

C. Case Study

1) Unprotected Left Turn in Dense Traffic: In a dense
intersection scenario shown in Fig. 9, the ego vehicle (red)
intends to execute an unprotected left turn while multiple
vehicles in the opposing lane are moving straight through the
intersection. BIPP first plans a low-speed yielding trajectory
to let the oncoming vehicles pass (Fig. 10(a)). As the conflict-
ing traffic gradually clears, the AV smoothly accelerates to
enter the intersection. During the turning maneuver, it further
encounters a right-turning vehicle, with which it interacts
safely and efficiently, and eventually completes the merge into
the target through lane.

Fig. 11 quantitatively compares BIPP with the baseline
methods in the same scenario. BIPP completes the intersection
passage with a final travel distance of 37.31 m and no TTC
violation. PDM-Closed reaches 27.88 m but incurs a TTC
violation and collides with the right-turning vehicle, thereby
failing to complete the maneuver safely, as shown in Fig. 12.
GameFormer and DTPP record no TTC violation but reach
only 17.29 m and 8.67 m, respectively, and do not complete
the intersection passage. Taken together, these results show
that BIPP achieves the greatest progress among the compared
methods without triggering a TTC violation in its rollout.

2) Overtaking a Parked Vehicle: In the long-tail scenario
where a parked vehicle obstructs the middle of the road,
Fig. 13(a)-(c) illustrates that BIPP successfully performs a safe
and efficient detour maneuver. At ¢+ = 2.0 s, the AV plans
a rightward lane-change trajectory to circumvent the parked
vehicle. As the maneuver unfolds, the AV further recognizes
an oncoming vehicle in the opposite lane and correspondingly
slows down to yield at r = 5.2 s. After the oncoming vehicle
passes, the AV accelerates again and completes the maneuver
safely. This behavior demonstrates that BIPP can not only
generate a feasible bypassing trajectory, but also adaptively
adjust its motion according to evolving interactive traffic
conditions.

By comparison, PDM-Closed, DTPP and GameFormer all
adopt a conservative stop-and-wait behavior that fails to
resolve the blockage and eventually induces traffic jam, as
shown in Fig. 13(d)-(e). Figure 14 further analyzes the plan-
ning process of the purely learning-based GameFormer w/o
refine. Although it is able to generate a nominal bypassing
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Parked Vehicle

Pass by 4

Oncoming
Vehicle

(c) BIPP, t = 21.3s

Traffic jam X

(d) PDM-Closed, t = 21.3s

Fig. 13. Qualitative results of the overtaking scenario.

Non-smooth

Out of lane X

(a) GF w/o refine, t = 2.6s (b) GF w/o refine, t = 6.1s

Fig. 14. Qualitative results illustrating the closed-loop error accumulation of
GameFormer in the overtaking scenario.

TABLE VIII
INFLUENCE OF ORDER OF PLANNING AND PREDICTION

Order NR-Score TTC Route ratio Comfort | interPlan
Pre-Plan 92.36 95.00 88.06 89.50 44.39
Plan-Pre 91.57 94.50 89.70 87.50 39.52
Parallel 93.50 97.00 91.89 89.50 51.92

trajectory, the low trajectory quality leads to persistent execu-
tion deviations and error accumulation, eventually resulting in
an out-of-lane failure.

D. Ablation Study

1) Influence of Execution Order: Table VIII compares the
three dependency structures under otherwise identical settings.
The Parallel strategy achieves the highest NR-Score and

(e) DTPP, t = 21.3s

(f) Gameformer, t = 21.3s

TABLE IX
MODULE-LEVEL ABLATION OF INTERACTION COMPONENTS

Variant NR-Score TTC Route ratio Comfort | interPlan
w/o future 89.66 97.00 83.69 93.50 34.61
w/o history 92.79 96.50 86.46 95.00 45.99

w/o map 87.22 97.50 79.30 93.50 39.62

BIPP (Ours) 93.50 97.00 91.89 89.50 51.92

interPlan score, consistently outperforming both Pre-then-Plan
and Plan-then-Pre.

Compared with Plan-then-Pre, Pre-then-Plan achieves a
slightly higher T7TC (95.00 vs. 94.50) but a lower Route ratio
(88.06 vs. 89.70), showing that sequential architectures are
sensitive to which branch is executed first. Parallel eliminates
this within-stage order sensitivity by removing the directed
dependency between prediction and planning: both branches
are updated from the same previous-stage joint future, and
neither receives the current-stage output of the other. Their
updated representations are then combined and propagated to
the next stage for reciprocal refinement. This order-insensitive
structure improves consistency between the AV plan and
predicted surrounding-agent responses, increasing both TTC
to 97.00 and Route ratio to 91.89.

2) Influence of Interaction Components: Table IX reports
controlled module-level ablations under otherwise identi-
cal settings. All three ablations reduce both NR-Score
and interPlan, with more pronounced degradation on
the interaction-focused interPlan benchmark. In particular,
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TABLE X
INFLUENCE OF NUMBER OF ITERATION STAGES

Iteration NR-Score TTC Route ratio Comfort | interPlan
One stage 91.78 94.00 92.65 85.50 40.42
Two stages 92.68 95.00 90.87 83.00 47.70
Three stages 93.50 97.00 91.89 89.50 51.92
Four stages 93.06 95.00 93.64 80.05 50.99
TABLE XI

INFLUENCE OF NUMBER OF LONGITUDINAL QUERIES

Number NR-Score TTC  Route ratio Comfort ‘ interPlan
5 92.07 94.50 92.31 87.00 43.71
10 93.50 97.00 91.89 89.50 51.92
15 92.77 95.50 91.50 87.00 42.38

removing the future interaction stream decreases interPlan
by 17.31 points, demonstrating the importance of cross-stage
joint-future conditioning. The consistent degradation caused
by removing the historical interaction stream or map cross-
attention further shows that observed motion evidence and
environmental context provide complementary grounding for
interaction reasoning. Although some ablated variants obtain
marginally higher TTC or Comfort, these gains are accom-
panied by substantial losses in route progress and overall
closed-loop performance.

3) Influence of Multi-Stage Interaction: As shown in
Table X, increasing the number of stages from one to three
progressively improves overall closed-loop performance. The
improvement is particularly evident on interPlan, indicating
that repeated updates of the predicted and planned intentions
help the model progressively refine its understanding of cou-
pled AV-SA interactions, even though all variants cover the
same total planning horizon. The four-stage variant remains
competitive and achieves the highest Route ratio, but it does
not provide a further overall improvement. Moreover, the
runtime breakdown in Table VII shows that each interaction
stage has a similar computational cost of approximately 17 ms,
such that adding stages increases interaction latency approx-
imately linearly. Therefore, three stages retain the benefit
of iterative interaction refinement while providing a better
balance between closed-loop performance and computational
efficiency.

4) Influence of Number of Longitudinal Queries: Table XI
analyzes the impact of longitudinal query granularity on
multimodal decision coverage. The model achieves opti-
mal overall performance with 10 longitudinal queries: its
NR-Score, TTC, Comfort, and interPlan score are 93.50, 97.00,
89.50, and 51.92, respectively, compared with 92.07, 94.50,
87.00, and 43.71 for 5 queries and 92.77, 95.50, 87.00, and
42.38 for 15 queries. Fewer queries limit the diversity of speed
profiles, whereas simply increasing the number of queries
does not provide a monotonic benefit, suggesting that the
additional coverage is offset by more difficult mode learning
and selection. Ten queries therefore provide the best empirical
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balance between multimodal behavioral coverage and decision
discrimination.

VI. CONCLUSION

In this paper, we proposed BIPP, a bidirectional interac-
tive prediction-and-planning framework to address insufficient
interaction modeling and closed-loop error accumulation in
autonomous driving. The main conclusions are summarized
as follows:

(1) Parallel-iterative prediction and planning: BIPP performs
prediction and planning in parallel and refines them iteratively
across stages, removing the artificial unidirectional depen-
dency in conventional pipelines. Compared with Pre-then-
Plan, Plan-then-Pre, and representative planners including
PDM-Closed, DTPP, and GameFormer, BIPP achieves the
best overall closed-loop performance. It also attains superior
TTC and competitive Route ratio, indicating a better balance
between safety and efficiency.

(2) Bidirectional interaction modeling: By jointly leveraging
reliable historical states and updated future intentions, BIPP
progressively refines the joint AV-SA future context. Remov-
ing the future interaction stream decreases interPlan from
51.92 to 34.61, while the stage-wise analysis shows consis-
tent improvements in geometric safety and decision certainty.
These results demonstrate the contribution of bidirectional
interaction to reciprocal reasoning and adaptive decision
selection.

(3) Hybrid planning strategy: By combining rule-based
lateral trajectory generation with learning-based longitudinal
decision-making, the hybrid planner constructs a compact and
geometrically feasible candidate space while retaining behav-
ioral adaptability. This planning formulation complements the
interaction mechanism by improving trajectory feasibility and
closed-loop execution performance.

Overall, extensive closed-loop evaluations on the nuPlan
and interPlan benchmarks demonstrate that the complemen-
tary combination of interaction-aware refinement and hybrid
trajectory generation enables BIPP to achieve the best overall
performance among the compared baselines in the evalu-
ated settings. The uneven category-level results also identify
remaining challenges in rare agent behaviors and flexible
lateral interactions.

The rule-based lateral planner remains limited in highly
constrained spaces. Future work will investigate more flexible
lateral trajectory generation and extend BIPP toward an end-
to-end perception-to-planning framework that jointly models
upstream perception uncertainty and downstream planning
decisions. We will also assess its potential for real-vehicle
deployment through embedded-platform optimization and on-
road testing.
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