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Abstract

Driving assistance systems require both system-side estimation
of a pedestrian’s crossing intent and driver-side modeling of
how that intent is interpreted. Existing pedestrian intent pre-
diction methods often rely on one-hot labels or binary cross-
ing probabilities, which cannot capture observer variation or
intermediate interpretation states. We introduce Temporal Pre-
diction of Driver-side Interpretation Distributions (TP-DID), a
causal frame-level task for predicting empirical distributions of
driver-side interpretations towards pedestrian intent. To capture
temporal distribution changes, we propose Input-Modulated
Mamba (IM-Mamba), a causal state-space model that reweights
current visual evidence before temporal state prediction. Ex-
periments on PSI show that IM-Mamba improves distribution
prediction, especially for observer variation, awareness-related
states, and temporal changes.

Keywords: Driver-side interpretation, pedestrian intent, empir-
ical interpretation distribution, causal temporal prediction

Introduction
Vehicle-Pedestrian interaction is a safety-critical problem in
driving assistance systems (WorldHealthOrganization, 2023).
To provide timely and accurate warnings or interventions for
the driver, an intelligent driving assistance system must an-
ticipate a pedestrian’s crossing intent before the interaction
becomes critical. However, crossing intent is not directly ob-
servable and must be inferred from ego-view pedestrian states.
Thus, pedestrian crossing-intent prediction is a fundamental
perception task for driving assistance systems.

Existing methods mainly perform system-side crossing-
intent estimation from ego-view observations (Azarmi et al.,
2025; Qu et al., 2025; Sharma et al., 2022). Although use-
ful for behavior anticipation, system-side estimation alone is
insufficient for human-centered driver-in-the-loop assistance.
Unlike an isolated autonomous planner, an assistance system
should coordinate its interpretation with the driver’s online in-
terpretation of the same pedestrian. The same system-side es-
timate may require different assistance depending on whether
the driver has noticed the pedestrian, remains uncertain, or
has formed a cautious judgment. An alert may be redundant
when the driver has recognized the risk, but necessary when
the driver is unaware of the pedestrian. Ignoring driver-side
interpretation can therefore cause redundant or conflicting
assistance, weakening human-machine coordination. Since
driver recognition of pedestrian crossing intent is important
in pedestrian interaction (Chen et al., 2019), and recognition-

level assistance can improve operator intervention and vehicle
stability (Kuribayashi et al., 2023), this paper studies driver-
side interpretation prediction towards pedestrian crossing in-
tent.

(a) Driver Interpretation distri-
bution over pedestrian.

(b) Conflict between human
driver and assistance system

Figure 1: Driver Interpretation and Human–Machine Coordi-
nation in Ambiguous Crosswalk Scenarios

However, existing label representations in pedestrian intent
prediction are inadequate for driver-side interpretation predic-
tion. One-hot labels collapse observer responses into a single
category and discard inter-observer variation, although such
variation may reflect scene ambiguity and perception diffi-
culty rather than annotation noise (Zhang et al., 2023). Binary
crossing probabilities are softer, but still reduce interpretation
to the crossing-versus-not-crossing formulation (Landry &
Akhloufi, 2025; Moreno et al., 2023; Yao et al., 2021). They
cannot distinguish a confident non-crossing judgment from an
unformed judgment, nor represent the case where the observer
has not noticed the target pedestrian. Thus, driver-side inter-
pretation should be modeled as a distribution over multiple
states rather than as a one-hot label or a binary probability.

We formulate Temporal Prediction of Driver Interpretation
Distributions (TP-DID), a causal frame-level distribution pre-
diction task. Given ego-view observations up to the current
frame, the model predicts the current Empirical Interpreta-
tion Distribution over four states: Cross, Not Cross, Not Sure,
and Not Aware. Cross and Not Cross denote formed judg-
ments about pedestrian crossing intent, whereas Not Sure and
Not Aware denote an unformed judgment and lack of aware-
ness of the target pedestrian, respectively. We instantiate
TP-DID on PSI (Jing et al., 2025). Because PSI annotations
are collected from offline observers rather than instrumented
in-vehicle drivers, we use the empirical observer distribution
as a measurable proxy for visually induced driver-side inter-
pretation in normal ego-view pedestrian scenes.
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TP-DID requires causal temporal modeling of driver-side
interpretation distributions. Driver-side interpretation to-
wards pedestrian intent depends on temporally evolving
pedestrian states, such as position, velocity, and acceleration,
which provide compact but informative cues for crossing-
intent estimation (Rasouli et al., 2017; Schmidt & Faerber,
2009; Yao et al., 2021). Unlike continuous physical states,
however, human interpretation is observed through discrete
frame-level responses. Thus, the Empirical Interpretation
Distribution may evolve smoothly when pedestrian motion
changes gradually, but may shift abruptly when newly ob-
served motion evidence changes observer judgments. A suit-
able model should therefore preserve historical context while
remaining sensitive to current-frame evidence.

To this end, we propose Input-Modulated Mamba (IM-
Mamba), a causal state-space model for TP-DID. IM-Mamba
modulates current visual evidence before temporal state prop-
agation, emphasizing newly emerging intent-related cues
while preserving efficient causal sequence modeling. This
design enables IM-Mamba to capture both temporal continu-
ity and abrupt transitions in driver-side interpretation distri-
butions.

Our contributions are:
1. We formulate TP-DID, a causal frame-level task for pre-

dicting driver-side interpretation towards pedestrian intent
as an Empirical Interpretation Distribution.

2. We propose IM-Mamba, an input-modulated state-space
model for temporal Empirical Interpretation Distribution
prediction.

3. We evaluate IM-Mamba on PSI and show improved pre-
diction of observer variation, awareness-related states, and
temporal distribution changes.

Task Description
Dataset
We use the PSI dataset (Jing et al., 2025), which pro-
vides causal, frame-level observer interpretations of pedes-
trian crossing intent from ego-view videos. Each timestamp
is annotated as an empirical distribution 𝑦𝑡 over four cate-
gories: Cross, Not Cross, Not Sure, and Not Aware (Figure 2).
These labels capture temporal observer variation and sup-
port driver-side interpretation distribution prediction beyond
binary crossing intent.

Existing benchmarks are less suitable for this formulation.
JAAD (Kotseruba et al., 2016) provides deterministic labels
for future pedestrian actions, while PIE (Rasouli et al., 2019)
mainly represents uncertainty as a binary crossing probability.
Both settings collapse intermediate and awareness-related in-
terpretation categories, such as Not Sure and Not Aware, that
are important for human-centered assistance.
Limitations and Scope. PSI annotations are collected from
offline observers rather than instrumented in-vehicle drivers,
and therefore do not fully capture cognitive load, control
responsibility, or multi-tasking in active driving. We treat
the PSI empirical observer distribution as a structured offline

proxy for visually induced driver-side interpretation, rather
than a direct measurement of in-vehicle driver interpretation.

Problem Formulation
We define Temporal Prediction of Driver Interpretation Dis-
tributions (TP-DID) as a causal streaming inference problem.
At each time step 𝑡 ∈ {1, . . . , 𝑇}, the model predicts the ob-
server population’s interpretation distribution over pedestrian
crossing intent using only currently available observations.
Streaming Input/Output. At each time step 𝑡, the model re-
ceives perception outputs for the target pedestrian, represented
as a geometric feature vector 𝑥𝑡 ∈ R𝑑𝑥 . This vector comprises
the tracked 2D bounding box and its temporal derivatives, in-
cluding geometry, center position, area as a distance proxy,
velocity, and acceleration. While human interpretation fun-
damentally relies on rich social and environmental contexts,
we intentionally restrict 𝑥𝑡 to these low-dimensional kinematic
features to isolate spatio-temporal reasoning and mitigate spu-
rious background correlations.

Let
𝑋1:𝑡 = {𝑥1, 𝑥2, . . . , 𝑥𝑡 } (1)

denote the causal input prefix. Under strict causality, the pre-
diction depends exclusively on 𝑋1:𝑡 . The model outputs a
categorical interpretation distribution over 𝑚 intent hypothe-
ses,

𝑦̂𝑡 = M(𝑋1:𝑡 ) ∈ Δ𝑚−1, (2)
which acts as the best-available estimate of the observer pop-
ulation’s interpretation state.
Empirical Interpretation Distribution. At each time step
𝑡, the target is an empirical interpretation distribution 𝑦𝑡 ∈
Δ𝑚−1. Rather than a deterministic ground-truth action la-
bel, 𝑦𝑡 represents how an observer population interprets the
pedestrian’s situated crossing intent from the currently avail-
able visual evidence.

Given 𝑁 annotators providing individual interpretation la-
bels 𝛼

(𝑛)
𝑡 ∈ {1, . . . , 𝑚}, the empirical target distribution is

constructed as

𝑦𝑡 ,𝑐 =
1
𝑁

𝑁∑︁
𝑛=1

1
[
𝛼
(𝑛)
𝑡 = 𝑐

]
, 𝑐 ∈ {1, . . . , 𝑚}. (3)

Our objective is to learn a mapping function M such that

𝑦̂𝑡 = M(𝑋1:𝑡 ) ≈ 𝑃(𝐼𝑡 | 𝑋1:𝑡 ), (4)

where 𝐼𝑡 denotes the pedestrian intention as interpreted by
observers. Crucially, TP-DID is formulated as an open-loop
inference task: it models the natural evolution of subjective
beliefs prior to any explicit system intervention, such as warn-
ings or braking, that might retroactively alter driver attention.

A central requirement of this task is distributional fidelity:
𝑦̂𝑡 must accurately preserve the entropy of the observer group,
maintaining structured uncertainty when multiple interpreta-
tions remain plausible.
Optimization Objective. We minimize the Kullback–Leibler
(KL) divergence between the empirical target distribution 𝑦𝑡
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Figure 2: Temporal empirical interpretation distributions of observers toward the target pedestrian in PSI, including the
pedestrian bounding box and the proportions of four categories: Cross, Not Cross, Not Sure, and Not Aware.

and the predicted distribution 𝑦̂𝑡 :

Lstep (𝑦𝑡 , 𝑦̂𝑡 ) = 𝐷KL (𝑦𝑡 ∥ 𝑦̂𝑡 ) =
𝑚∑︁
𝑐=1

𝑦𝑡 ,𝑐 log
𝑦𝑡 ,𝑐

𝑦̂𝑡 ,𝑐
. (5)

The convention 0 log 0 = 0 is used. Step-wise minimization
of this objective enforces causal optimization, ensuring that
𝑦̂𝑡 remains a valid online estimate strictly grounded in the
observation prefix 𝑋1:𝑡 .

Key Challenges in Cognitive Modeling

The above formulation introduces three key challenges for
modeling driver-side interpretation.
Non-linear Updating Dynamics. Human belief updating is
highly non-linear, shifting between gradual evidence accumu-
lation in stable environments and rapid reconfiguration during
unexpected events, often mediated by neuromodulatory gain
control (Frigo, 2022; Kronemyer & Bystritsky, 2014; Nassar
et al., 2012; Yu & Dayan, 2005; Zhang et al., 2025). Captur-
ing these dynamics is difficult because a model must infer both
the observer’s interpretation state and their latent estimate of
environmental volatility.
Context-Dependent Integration. Predictive coding frame-
works (Gerlach & Poirel, 2018; Huang et al., 2024) suggest
humans integrate global priors with local sensory evidence by
weighting prediction errors according to context-dependent
precision. Models assuming stationary signal-to-noise ratios
thus generalize poorly, particularly during rapid environmen-
tal transitions where subjective precision fluctuates.
Long-Tailed Cognitive States. Stable, low-entropy interpreta-
tions dominate real-world interactions, making volatile cogni-
tive transitions exceptionally rare (Friston et al., 2012; Parr &
Friston, 2019). This extreme distributional imbalance causes
models trained under standard likelihood objectives to overfit
stable states, failing to predict the sparse but safety-critical mo-
ments of interpretation restructuring (Gershman et al., 2017).

Methodology
Input-Modulated Mamba
The first two TP-DID challenges, non-linear updating and
context-dependent integration, require a causal sequence
backbone that maintains interpretation memory while adapt-
ing to evolving geometric evidence. Mamba (Dao & Gu,
2024; Gu & Dao, 2024) provides such an efficient state-
space backbone, but a single input pathway may still over-
accumulate frequent stable cues and respond insufficiently to
interpretation-changing evidence.

We propose Input-Modulated Mamba (IM-Mamba),
which augments the Mamba prediction backbone with an
explicit input modulator. IM-Mamba contains two causal
Mamba modules: Mamba-M generates an input-dependent
channel-wise modulation signal, while Mamba-P performs
recurrent prediction from the modulated evidence. The final
distribution is produced only from the Mamba-P state:

𝑦̂𝑡 = 𝜓(ℎ𝑃𝑡 ), 𝜓 : R𝑑ℎ → Δ𝑚−1. (6)

Input Representation
Let 𝑞𝑡 ∈ R𝑑𝑞 denote the bbox-level descriptor of the target
pedestrian. We construct position, velocity, and acceleration
cues as

𝑥𝑡 = [𝑞𝑡 ;Δ𝑞𝑡 ;Δ2𝑞𝑡 ] ∈ R𝑑𝑥 , 𝑑𝑥 = 3𝑑𝑞 , (7)

where

Δ𝑞𝑡 = 𝑞𝑡 − 𝑞𝑡−1, Δ2𝑞𝑡 = 𝑞𝑡 − 2𝑞𝑡−1 + 𝑞𝑡−2. (8)

Boundary terms are handled by causal padding. The embed-
ded evidence is

𝑧𝑡 = E(𝑥𝑡 ) ∈ R𝑑𝑧 . (9)

Explicit Input Modulation
Given the embedded prefix 𝑧1:𝑡 , IM-Mamba defines a causal
modulation function

𝑎𝑡 = 𝜙𝜃 (𝑧1:𝑡 ) ∈ R𝑑𝑧 , (10)
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where 𝜙𝜃 is instantiated by Mamba-M with a lightweight
projection head. The channel-wise gate is

𝑔𝑡 = |𝛼 | 𝜎(𝑎𝑡 − 𝜏), 0 < 𝑔𝑡 ,𝑖 < |𝛼 |, (11)

where 𝜎(·) is applied element-wise, 𝜏 is a fixed offset, and
𝛼 is a learnable scale initialized to 2.0. In implementation,
𝜙𝜃 consists of the causal Mamba-M branch followed by a
linear-normalization-Softplus projection.

The modulated evidence is

𝑢𝑡 = 𝑔𝑡 ⊙ 𝑧𝑡 , 𝑢𝑡 ∈ R𝑑𝑧 . (12)

Mamba-P updates the prediction state as

ℎ𝑃𝑡 = 𝐹𝑃
𝑡 (ℎ𝑃𝑡−1, 𝑢𝑡 ), 𝑦̂𝑡 = 𝜓(ℎ𝑃𝑡 ). (13)

Thus, Mamba-M affects the output only through the input
gate. Channels with 𝑔𝑡 ,𝑖 < 1 are attenuated, while channels
with 𝑔𝑡 ,𝑖 > 1 are amplified before entering Mamba-P.

In implementation, Mamba-P is further initialized with fast
and slow heads through its time-step bias: fast heads favor
larger update rates, whereas slow heads favor smoother tempo-
ral integration. This initialization is applied to the prediction
branch.

Local Response Analysis
We analyze the direct input-path effect of the realized gate.
This analysis explains the response mechanism of IM-Mamba,
rather than providing a performance guarantee over a single
Mamba baseline.
Lemma 1 (First-order gated response). Assume 𝐹𝑃

𝑡 is differ-
entiable with respect to its input around 𝑢𝑡 . Let

𝐷𝑡 = Diag(𝑔𝑡 ) ∈ R𝑑𝑧×𝑑𝑧 , 𝐽𝑃𝑡 =
𝜕𝐹𝑃

𝑡 (ℎ𝑃
𝑡−1, 𝑢)

𝜕𝑢

�����
𝑢=𝑢𝑡

∈ R𝑑ℎ×𝑑𝑧 .

(14)
Conditioned on the realized gate 𝑔𝑡 , a local perturbation 𝛿𝑧𝑡 ∈
R𝑑𝑧 induces

𝛿ℎ
𝑃,IM
𝑡 = 𝐽𝑃𝑡 𝐷𝑡𝛿𝑧𝑡 + 𝑜(∥𝛿𝑧𝑡 ∥2). (15)

Proof. Since 𝑢𝑡 = 𝑔𝑡 ⊙ 𝑧𝑡 = 𝐷𝑡 𝑧𝑡 , fixing 𝑔𝑡 gives

𝛿𝑢𝑡 = 𝐷𝑡𝛿𝑧𝑡 . (16)

The result follows from the first-order expansion of 𝐹𝑃
𝑡 with

respect to its input. □

Proposition 1 (Gate-controlled immediate response). Con-
sider a locally matched ungated path using the same prediction
transition and state, but with 𝑢𝑡 = 𝑧𝑡 . For any perturbation
satisfying ∥𝐽𝑃𝑡 𝛿𝑧𝑡 ∥2 > 0, the leading-order response ratio is

𝐴𝑡 (𝛿𝑧𝑡 ) =
∥𝐽𝑃𝑡 𝐷𝑡𝛿𝑧𝑡 ∥2

∥𝐽𝑃𝑡 𝛿𝑧𝑡 ∥2
. (17)

For a channel-local cue 𝛿𝑧𝑡 = 𝜂𝑒𝑖 , where 𝜂 ≠ 0 and 𝐽𝑃𝑡 𝑒𝑖 ≠ 0,

𝐴𝑡 (𝜂𝑒𝑖) = 𝑔𝑡 ,𝑖 . (18)

Hence, 𝑔𝑡 ,𝑖 > 1 yields a larger immediate response than the
matched ungated path, while 𝑔𝑡 ,𝑖 < 1 attenuates it.

Proof. By Lemma 1, the gated response is 𝐽𝑃𝑡 𝐷𝑡𝛿𝑧𝑡 . The
matched ungated response is 𝐽𝑃𝑡 𝛿𝑧𝑡 . For 𝛿𝑧𝑡 = 𝜂𝑒𝑖 ,

𝐽𝑃𝑡 𝐷𝑡𝛿𝑧𝑡 = 𝜂𝑔𝑡 ,𝑖𝐽
𝑃
𝑡 𝑒𝑖 , 𝐽𝑃𝑡 𝛿𝑧𝑡 = 𝜂𝐽𝑃𝑡 𝑒𝑖 . (19)

Taking the norm ratio gives 𝐴𝑡 (𝜂𝑒𝑖) = 𝑔𝑡 ,𝑖 . □

Therefore, IM-Mamba provides an explicit context-
dependent response controller: the causal modulator selects
the gate, and the prediction Mamba updates from the gated
evidence.

Objective
Given the target distribution 𝑦𝑡 ∈ Δ𝑚−1 and prediction 𝑦̂𝑡 ∈
Δ𝑚−1, we minimize the sequence-averaged KL divergence:

L =
1
𝑇

𝑇∑︁
𝑡=1

𝐷KL (𝑦𝑡 ∥ 𝑦̂𝑡 ) =
1
𝑇

𝑇∑︁
𝑡=1

𝑚∑︁
𝑐=1

𝑦𝑡 ,𝑐 log
𝑦𝑡 ,𝑐

𝑦̂𝑡 ,𝑐
. (20)

A small numerical constant is used in the logarithm.

Experiment
Experimental Setup
Compared methods. All methods follow the same TP-DID
protocol.
• Transformer baseline:We use Gao et al. (2025) as the exter-

nal baseline, which addresses label distribution imbalance
via decoupled distribution learning.

• Mamba (ablation): We use a single-stream Mamba (Dao &
Gu, 2024) with the same input and objective as IM-Mamba,
but removes the modulation stream:

𝐺𝑡 = 𝐼, 𝑢𝑡 = 𝑧𝑡 . (21)
to directly ablate explicit input modulation.

• IM-Mamba: IM-Mamba is the full model with bounded
input modulation:

𝑢𝑡 = 𝐺𝑡 𝑧𝑡 . (22)

Evaluation metrics. We evaluate TP-DID dominant-
category accuracy, distributional fidelity, and temporal con-
sistency. For category-wise evaluation, samples are grouped
by the dominant interpretation category

𝑐∗𝑡 = arg max
𝑐

𝑦𝑡 ,𝑐 . (23)

We report both macro- and micro-averages.
1. Dominant-category accuracy: Accuracy is computed by

comparing arg max𝑐 𝑦̂𝑡 ,𝑐 with 𝑐∗𝑡 .
2. Distributional fidelity: We use KL divergence, JS diver-

gence, and Chebyshev distance. Lower values denote better
distributional alignment.

3. Direction consistency: Temporal alignment is measured by
the cosine similarity of interpretation-distribution transi-
tions:

DC =
1

𝑇 − 1

𝑇∑︁
𝑡=2

⟨Δ𝑦𝑡 ,Δ𝑦̂𝑡 ⟩
∥Δ𝑦𝑡 ∥∥Δ𝑦̂𝑡 ∥ + 𝜖

, (24)

whereΔ𝑦𝑡 = 𝑦𝑡−𝑦𝑡−1 andΔ𝑦̂𝑡 = 𝑦̂𝑡−𝑦̂𝑡−1. Higher DC indi-
cates better temporal direction alignment of interpretation-
distribution changes.

1560



Input 
Modulator

Position

Speed

Acceleration

Output Predictor

Target 
Extraction

Feature
Extraction

Not 
Cross

Not 
Sure

Not
Aware

Cross

Input

Model Output

Mamba Block

Input
Feature

Mamba Block

Figure 3: Overview of IM-Mamba. Mamba-M generates an input-dependent gate, while Mamba-P predicts from the gated
evidence.

Mamba Block

Selective Stage Space Model

𝑯𝒊𝒅𝒅𝒆𝒏 𝑺𝒕𝒂𝒕𝒆 𝒉𝒕

𝒉𝒕−𝟏

𝒙𝒕 𝒚𝒕

𝒉𝒕 = 𝑨𝒉𝒕−𝟏 + 𝑩𝒙𝒕
𝒚𝒕 = 𝑪𝒉𝒕 +𝑫𝒙𝒕

Projection Projection

Figure 4: Mamba block.

Results and Ablation Analysis
Table 1 reports the category-wise performance, while Figure 5
visualizes the temporal probability distribution trajectories
(both single-sample and dataset-averaged) for each interpreta-
tion category. The Transformer baseline suffers from a strong
bias toward the majority Cross class and fails on minority
classes (Not Cross, Not Sure). The Mamba ablation improves
minority-category and temporal behavior through recurrent
state-space memory. IM-Mamba further improves most dis-
tributional metrics, showing that input modulation benefits
category-balanced interpretation-distribution prediction.

Table 2 summarizes overall performance. IM-Mamba
achieves the best macro-average scores across all metrics,
which is critical under interpretation-category imbalance. Its
consistent gain over Mamba isolates the effect of the mod-
ulation stream rather than recurrent memory alone. Micro-
average results show the same trend, indicating no loss in
overall performance.

Table 3 reports Direction Consistency. Mamba substantially
improves temporal alignment over the transformer baseline,
confirming the benefit of state-space memory. IM-Mamba
obtains the highest mean and lowest variation, indicating that
modulation further improves the tracking of interpretation-
distribution transition directions.

Figure 6 shows temporal trends after sequence normaliza-
tion. The transformer baseline degrades in later phases, where

C NC NS NA
Class

0.0

0.5

1.0
Ac

cu
ra

cy

C NC NS NA
Class

0.0

0.5

1.0

KL
 D

iv
er

ge
nc

e

Baseline Mamba IM-Mamba(Ours)

Figure 5: Category-wise comparison of Accuracy and KL-
Divergence. {C, NC, NS, NA} represent {Cross, Not Cross,
Not Sure, Not Aware}.

interpretation distributions are more likely to change. Mamba
improves temporal smoothness, while IM-Mamba maintains
more balanced category-wise behavior, consistent with its role
in reducing recurrent response inertia.

Overall, the transformer baseline provides the external com-
parison, Mamba isolates recurrent state-space memory, and
the gap between Mamba and IM-Mamba verifies the contri-
bution of explicit input modulation.

Related Work
Pedestrian Intent Prediction
Pedestrian intent prediction is typically formulated as binary
crossing prediction and supported by benchmarks such as
JAAD and PIE (Kotseruba et al., 2016; Rasouli et al., 2019)
with standardized protocols (Kotseruba et al., 2021). Recent
methods incorporate uncertainty estimation to handle ambigu-
ous observations, including evidential formulations (Zhang et
al., 2023), while surveys emphasize epistemic and aleatoric
uncertainty for safety-critical prediction (Scaccia et al., 2025).
Different from these works, TP-DID models the driver’s evolv-
ing interpretation distribution over multiple states, rather than
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Table 1: Category-wise comparison.

Cross Not Cross Not Sure Not Aware
Metric Baseline Mamba IM-Mamba Baseline Mamba IM-Mamba Baseline Mamba IM-Mamba Baseline Mamba IM-Mamba
Accuracy 0.9978 0.9054 0.7903 0.0000 0.0194 0.2237 0.0000 0.0000 0.1918 0.2768 0.7275 0.6094
KL Div 0.6743 0.7797 0.6660 0.6978 0.5878 0.5353 0.4714 0.4229 0.4088 1.1680 0.6961 0.6999
Chebyshev 0.4643 0.5108 0.4604 0.4329 0.3972 0.3796 0.3248 0.3064 0.2961 0.6402 0.4474 0.4110
JS Div 0.2018 0.2265 0.1947 0.1946 0.1693 0.1534 0.1314 0.1266 0.1192 0.3140 0.1997 0.1897

Table 2: Macro- and micro-average comparison.

Macro-Average Micro-Average
Metric Baseline Mamba IM-Mamba Baseline Mamba IM-Mamba
Accuracy 0.3186 0.4130 0.4538 0.6299 0.6275 0.6506
KL Div 0.7529 0.6226 0.5775 0.7861 0.7042 0.6468
Chebyshev 0.4655 0.4155 0.3867 0.4992 0.4619 0.4344
JS Div 0.2105 0.1805 0.1642 0.2239 0.2018 0.1856
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Figure 6: Temporal category-wise interpretation-distribution
trends after sequence normalization.

Table 3: Direction Consistency comparison.

Method Direction Consistency
Baseline 0.1667 ± 0.5135
Mamba 0.5207 ± 0.2566
IM-Mamba 0.5652 ± 0.2422

system-side uncertainty over binary crossing intent.

Label Distribution Learning

Label Distribution Learning (LDL) supervises each instance
with a label distribution to capture ambiguity beyond one-
hot labels (Geng, 2016). Recent imbalanced LDL methods
improve learning when dominant labels receive most proba-
bility mass, using strategies such as representation distribution
alignment (Zhao et al., 2023) and dominant/non-dominant de-
coupling (Gao et al., 2025). TP-DID is related to imbalanced
LDL because driver-side interpretation distributions are of-
ten dominated by formed judgments, while low-probability
states such as Not Sure and Not Aware remain important for
assistance.

Conclusion

Human-centered driving assistance requires modeling not
only system-side pedestrian intent estimation, but also the
driver’s interpretation under ego-view observations. This
paper introduced Temporal Prediction of Driver-side Inter-
pretation Distributions (TP-DID), a causal frame-level task
for predicting empirical distributions over Cross, Not Cross,
Not Sure, and Not Aware. With Input-Modulated Mamba
(IM-Mamba), we emphasize current pedestrian-state evidence
while preserving causal temporal memory. Experiments on
PSI demonstrate improved distributional fidelity, minority-
state prediction, and temporal transition alignment.
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