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Abstract— With the increased importance of autonomous
navigation systems has come an increasing need to protect the
safety of Vulnerable Road Users (VRUs) such as pedestrians.
Predicting pedestrian intent is one such challenging task, where
prior work predicts the binary cross/no-cross intention with
a fusion of visual and motion features. However, there has
been no effort so far to hedge such predictions with human-
understandable reasons. We address this issue by introducing
a novel problem setting of exploring the intuitive reasoning
behind a pedestrian’s intent. In particular, we show that
predicting the ‘WHY’ can be very useful in understand-
ing the ‘WHAT’. To this end, we propose a novel, reason-
enriched PIE++ dataset consisting of multi-label textual expla-
nations/reasons for pedestrian intent. We also introduce a novel
multi-task learning framework called MINDREAD, which
leverages a cross-modal representation learning framework
for predicting pedestrian intent as well as the reason behind
the intent. Our comprehensive experiments show significant
improvement of 5.6% and 7% in accuracy and F1-score for
the task of intent prediction on the PIE++ dataset using MIN-
DREAD. We also achieved a 4.4% improvement in accuracy
on a commonly used JAAD dataset. Extensive evaluation using
quantitative/qualitative metrics and user studies shows the
effectiveness of our approach.

I. INTRODUCTION

Autonomous navigation and Advanced Driver Assistance
Systems (ADAS) have seen significant interest and devel-
opments in recent years from the computer vision research
community in both industry and academia. The development
of newer deep learning architectures and models, as well as
the availability of datasets for various tasks such as object
detection and semantic segmentation for road scenes [3]–[5],
have catalyzed the development of deployable solutions for
these tasks in autonomous navigation systems. However, an
important aspect of such systems and vehicles is how they
understand and interact with Vulnerable Road Users (VRUs)
like pedestrians [6]. There have been extensive studies in
recent years by government and custodial organizations to
protect the safety of VRUs, especially pedestrians, as we
develop more advanced autonomous navigation systems [7],
[8]. In this work, we focus on this key aspect of such systems
– understanding pedestrian behavior in road scenes.

Prior efforts in recent years [1], [9]–[14] have attempted
the problem of predicting pedestrian intent using motion
models, poses and trajectories. While each of these efforts
have been vital to progress in this field, an important
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aspect in understanding pedestrian behavior that has not
been considered in these methods is – reasoning. Studies on
human behavior have shown reasoning to be an important
link between user belief, intention and behavior [15]. We
specifically seek to address this perspective in this work
by asking: “Can reasoning help improve pedestrian intent
prediction?” We answer the WHAT, and study the importance
of WHY in predicting the WHAT. We illustrate this with a
sample result of our method in Fig 1. As shown in the figure,
the pedestrian has an intention to cross the road (also called
‘crossing’ intention in this work and related literature). This
is supported by the reason that ‘the pedestrian is waiting
for the signal to turn red, and is waiting with a group of
pedestrians’. Current state-of-the-art [2] incorrectly predicts
the intent as ‘no-crossing’ (no intention to cross), while our
method – which considers the reason in its prediction –
predicts the correct pedestrian intent. Providing a window
into such reasoning can also be helpful to a driver in in-
creasing the trust in the model that predicts pedestrian intent.
We use the terms reasons and explanations interchangeably
at times in this work, although explanations refer to the
interpretation of pedestrian intent in our context and not
model interpretability.

Motivated by such a reasoning-driven understanding of
pedestrian intent, we make two significant contributions in
this work: (i) We study the usefulness of reason in predict-
ing pedestrian intent on road scenes, and develop a new
methodology based on cross-modal representation learning
and attention that uses vision and language modules towards
the stated objective; and (ii) We obtain enriched annotations
on reasons for pedestrian intent on the benchmark PIE dataset
[1], and thus develop the first pedestrian reason+intent pre-
diction dataset which we call PIE++ (we describe in detail
why we choose PIE as the dataset for enrichment with reason
annotations in Sec III). PIE++ consists of human-referenced,
multi-label explanation annotations for all the 1842 pedes-
trians, and could potentially serve as a useful resource for
researchers in the community. Based on a meticulous study
(discussed in Sec III), we include commonly understood
reasons for pedestrian intent while crossing or not crossing
the streets in PIE++, such as: waiting for safe passage,
pedestrians doing their work, and so on. These reasons,
beyond explaining pedestrian intent, may also provide a
driver with a better understanding of the road scene.

From a method perspective, we hypothesize that cross-
modal representation learning that includes vision and lan-
guage modules helps capture pedestrian intent better, com-
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Fig. 1. Illustration of our overall objectives. Given a sample scene from the PIE dataset [1], we study the usefulness of “WHY” (reason) for
analyzing “WHAT” (pedestrian intent) by creating a reason-enriched PIE++ dataset. While state-of-the-art [2] makes an incorrect prediction on this
scene, MINDREAD, our cross-modal representation learning approach (architecture on top), correctly predicts the crossing intent with the support of a
corresponding reason.

pared to prior works that use only visual features. In particu-
lar, textual explanations (annotated reasons in PIE++) that are
rich in semantic descriptions provide more information than
binary labels of crossing intention of a pedestrian, and thus
help support better intent prediction. We hence introduce a
multi-task formulation based on cross-modal representation
learning to predict both pedestrian intent as well as the
reason behind the intent. We propose a novel semantic
correlation module to capture the relationships between the
reason text embeddings, and fuse this with the visual spatio-
temporal features through an attention-based mechanism
to obtain cross-modal representations. Our overall method,
which we call MINDREAD (cross-Modal representatIon
learNing moDel for REAsoning peDestrian-intent), consists
of three modules: (i) Correlated Semantic Explanation Affin-
ity (CSEA); (ii) Transformer-based Feature Encoding (TFE);
and (iii) Attention-based cross-modal representation learner.
CSEA assesses the co-existence of explanations to obtain an
affinity matrix, and then uses a Graph Convolutional Network
to obtain embeddings for textual explanations. These are
fused with spatiotemporal features obtained from local visual
context, global visual context and bounding boxes in the
TFE module using an attention mechanism. The textual-
explanation affinity modeling is a critical component of our
framework as it helps leverage the reason for the pedestrian
intent, thereby improving intent prediction. Following are the
key contributions of our work:
• We present a novel perspective of considering reason as

a means to predict pedestrian intent and a multi-task
formulation to simultaneously predict pedestrian intent and
its corresponding reason.

• We provide PIE++, enrichment of a benchmark dataset for
intuitively reasoning pedestrian intent, comprising human-
referenced multi-label explanation/reason annotations rich
in semantic descriptions, providing more information than
the binary crossing intention labels alone.

• We propose a new cross-modal representation learning
framework, MINDREAD, that exploits semantic corre-
lations between textual embeddings and attention-based

fusion with spatio-temporal features for intent prediction.
• We perform a comprehensive suite of experiments to

study our method and dataset. Our results show significant
improvement of 5.6% and 7% in accuracy and F1-score
for intent prediction on the PIE++ dataset using MIN-
DREAD. We also achieve 4.4% improvement over state-
of-the-art in accuracy on the JAAD dataset [16].

II. RELATED WORK

We herein discuss earlier efforts related to pedestrian
intent prediction, the focus area of this work. Other related
work such as action prediction [2], [17]–[22] have different
objectives such as generating future frames, predicting ac-
tion types, measuring confidence in event occurrence, and
forecast object motion moreover focusing on future action
anticipation. Textual explanations [23]–[30] have sometimes
been used in earlier work for obtaining insights on a neural
network’s understanding of images or scenes. Cross-modal
representation learning [31]–[33] works learn latent semantic
representations using multiple modalities and is applicable
in diverse deep-learning tasks including image captioning,
cross-modal retrieval, visual question-answering classifica-
tion, and detection.
Intent vs. Action? Existing action prediction methods [2],
[17]–[22] have different objectives such as generating future
frames, predicting action types, measuring confidence in
event occurrence, and forecast object motion. We hence note
that pedestrian action prediction and pedestrian intent predic-
tion (which is understanding the event before the action) are
two different streams of work as defined in the literature
and followed by the community in this space. The results
from action prediction works are not directly comparable
with intent prediction results, given the differences between
the two predefined tasks. We also note that our work does
not change any pre-existing definitions of pedestrian intent
defined in [1]. Also, following [1], we consider the intent
only up to a critical point (i.e. frames preceding the crossing
point).
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Pedestrian Intent Prediction. Prior works [1], [9]–[14],
[34], [35] typically model pedestrian intent as motion and
use poses or trajectories to predict future goals. PIEint [1]
encodes past visual features, and then concatenates them
with bounding boxes to predict intent. A framework based
on a pedestrian-centric graph is proposed in [9] to uncover
spatio-temporal relationships in the scene. Other works such
as [11] study early, late, and combined (early+late) fusion
mechanisms to exploit skeletal features and improve intent
prediction. A conditional random field-based approach is
used in [12] for early prediction of pedestrian intent. In
the current state-of-the-art for this problem, the recently
proposed method in [2] predicts future pedestrian actions
and uses predicted action to detect present intent. While each
of these efforts have shown promising results, we approach
this problem from a different perspective of reasoning. In
particular, we employ rich semantic descriptions (reasons)
to evaluate the potential of obtaining better prediction of
pedestrian intent, and thereby also assist an end-user with a
human-interpretable reason. Also, unlike the abovementioned
works that utilize only vision features, ours is a first effort
in this problem space to use cross-modal, vision-language
features for improved pedestrian intent prediction. Besides,
while earlier methods largely follow combinations of VGG
[36] and GRU [37] architectures, we build on contemporary
models such as transformers (Swin Transformer V2 [38],
Sentence-BERT [39], and Transformer [40]) for encoding
spatio-temporal features and textual explanation embeddings
in this work.

III. PIE++: REASON-ENRICHED DATASET FOR
PEDESTRIAN INTENT ESTIMATION

Existing datasets for pedestrian intent prediction provide
rich behavior and intent annotations; however, as stated ear-
lier, understanding a pedestrian intent along with its reason
enhances reliability in the developed system. Besides, it helps
predict the intent itself better, as we show in this work. To
address this, we propose PIE++, an enrichment of the PIE
dataset [1] with reasons for pedestrian intent. We hypothesize
that with the significant advancements of text embeddings
in recent years, textual representations of such reasons will
support the better prediction of pedestrian intent. We annotate
different reasons for both crossing and no-crossing pedestrian
intents, as shown in Tables II and III. For pedestrians that:
(i) have no crossing intention, there could be reasons such as
“Pedestrians are just doing their work” or “Two pedestrians
just interacting with each other on the road-side”; and (ii)
have crossing intention, reasons could include “Pedestrian
acknowledges the ego-car to stop/slow-down with a hand-ack
gesture since the pedestrian is intending to cross”. Our list of
reasons indicate that it is possible for more than one reason
to be relevant for a given pedestrian’s intent in a scene. We
hence provide multi-label annotations for every pedestrian
for their crossing vs no-crossing intent.

We compare PIE++ with other existing datasets in Table I.
It is evident that considering the reason behind a pedestrian’s
intention has been unexplored in prior datasets (including

Dataset Year Len (mins) Frames Peds Intent Reason
KITTI [5] 2012 90 80,000 12,000 ✗ ✗
JAAD [16] 2017 46 82,000 337,000 ✓ ✗

BDD100k [4] 2018 60,000 100,000 86,047 ✗ ✗
PedX [41] 2019 - 10,152 14,091 ✗ ✗

PIE [1] 2019 360 909,480 738,970 ✓ ✗
NuScenes [42] 2020 330 1,400,000 1,400,000 ✗ ✗

STIP [9] 2020 923.48 1,108,176 3,500,000 ✓ ✗
PIE++ 2023 360 909,480 738,970 ✓ ✓

TABLE I
COMPARISON OF PIE++ WITH OTHER DATASETS.

PIE). (Datasets with a × in the “Intent” column have
no pedestrian intent annotations.) While STIP and JAAD
provide pedestrian intent, We extend the PIE dataset [1] in
this work, since it is reasonably large and has behavioral
annotations that were helpful in validating our reason anno-
tations at times.
Sourcing Reason Annotations in PIE++: Before obtaining
the multi-label reason annotations in PIE++, we provided
videos for all the 1842 pedestrians in PIE to 5 annotation
professionals with experience in data annotation in the mo-
bility industry. They were provided with all relevant informa-
tion, including pedestrian intent annotations and pedestrian
attributes (e.g. looking, walking, standing) to help decide on
the plausible reasons leading to the pedestrian’s intent in
a given scene. A set of plausible reasons for crossing/no-
crossing (C/NC) intent was first developed after viewing the
scenes in the dataset. Our reason/explanation categories were
decided in a 3-stage process: (i) we first came up with a
preliminary set of reason categories based on a user survey;
(ii) then thoroughly examined a significant part of the PIE
dataset to refine the reason categories; and (iii) added rea-
sons for corner cases (e.g. “pedestrian neglecting ego-car”,
“pedestrian giving right-of-way to ego-car”). Each of the
annotation professionals subsequently went through a given
video sequence as many times as required to understand the
scene. We asked the annotators to choose as many options
as relevant from the set of reason categories for a particular
C/NC intent of the pedestrian. We also included an additional
option - ‘other’ if a subject considered a different reason.
The pedestrian of interest was highlighted with a bounding
box in each video frame for consistency of the study. Since
we do not have access to ground truth reason data, we
analyzed the agreement among annotators to validate our
results with this study. First, we computed the intraclass
correlation coefficient (ICC), a measure of inter-rater consis-
tency, commonly used to analyze subjective responses from a
population of raters in the absence of ground truth [43]. Our
measured ICC was 0.98, which suggests a very high degree
of agreement among our raters for the proposed reason
annotations (ICC = 1 for absolute agreement). Also notably,
the “other” option was never chosen by the annotators in this
study, corroborating the sufficiency of the reason categories.
Validating Reason Annotations in PIE++: We also vali-
dated the goodness of the reason annotations (on parameters
of completeness, reliability, trust, correctness, and useful-
ness) using an independent study in a lab setting. This study
involved watching video sequences for each pedestrian in
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Reasons/Explanations
Waiting to cross with a neighbouring pedestrian

Waiting for a safe passage to cross
Waiting to cross with a group of pedestrians

Waiting for the signal to turn red
Waiting since the ego-vehicle speed is high

Waiting since the vehicle speed is high
Waiting for vehicles to slow down

Waiting while giving right-of-way to ego-vehicle
Pedestrian acknowledges ego-vehicle to stop

Pedestrian intends to cross since the signal is red
Pedestrian intends to cross since it’s a safe passage

Pedestrian intends to cross since ego-vehicle speed is slow
Pedestrian intends to cross since vehicle speed is slow

Neglects the ego-vehicle
TABLE II

REASONS USED FOR ‘Cross’ PEDESTRIAN INTENT

Reasons/Explanations
Two pedestrians just interacting (on road-side)

Group of pedestrians just interacting (on road-side)
Pedestrians doing their work on road-side

TABLE III
REASONS USED FOR ‘No-Cross’ PEDESTRIAN INTENT

the PIE++ dataset. Along with this, we provided the intent
and reason annotations to 5 human subjects who were asked
to watch each video sequence twice. We then asked the
subjects to rate the appropriateness of annotations in PIE++
for the given road scene on a 3-point scale: Yes, Confusing
and No. The specific questions for each subject included:
(1) Are the provided reasons complete for the (No-)cross
intent (completeness)?; (2) Would the reasons be useful if
this was provided to you while driving (usefulness)?; (3)
How correct are the reasons for the pedestrian’s perceived
intent (correctness)?; (4) If you were the driver of a car
with such predictions, would this improve your trust in the
model prediction (trust)?; (5) How reliable is the provided
reason for the prediction (reliability)? Table IV summarizes
the results of our study, and shows strong support for the
reason annotations included in PIE++ across the considered
factors.

We note that our work does not change any pre-existing
definitions of pedestrian intent defined in [1]. Also, following
[1], we consider the intent only up to a critical point (i.e.
frames preceding the crossing point). PIE++ consists of 4950
multi-label reason annotations for 1410 pedestrians with
crossing intent and 657 multi-label reason annotations for
432 pedestrians with no-crossing intent.

IV. MINDREAD: OUR PROPOSED METHODOLOGY

We propose a multi-task learning architecture with novel
components, which we call MINDREAD (cross-Modal
representatIon learNing moDel for REAsoning peDestrian-
intent), to predict pedestrian intent as well as the reasons
behind the intent. Our overall architecture, which seeks to
learn a cross-modal representation for the aforementioned
objective, is shown in Fig 2. The cross-modal representation
is learned from vision and language modalities, where we use
an attention mechanism to fuse vision-based spatio-temporal
features and reason text embeddings.

Factors Yes Confusing No
Completeness 100% - -

Usefulness 98% 1% 1%
Correctness 99% 1% -

Trust 98% 2% -
Reliability 97% 2% 1%

TABLE IV
RESULTS FROM OUR USER STUDY ON THE UTILITY OF REASON

ANNOTATIONS IN PIE++

In this section, we discuss architecture details of our
MINDREAD framework. Given a video dataset (e.g. a
driving dataset containing 2-D RGB traffic video clips), let
[F1,F2, ...,Ft ] denote t time steps of past observations (image
frames) in a sequence. Our goal is to detect the probability of
a pedestrian’s crossing intent It ∈ {0,1} (0 = NC,1 =C) as
well as the multi-label textual reasons Et ∈ {0,1}n (Tables
II and III) that support the intent prediction at time t; (n
represents the total reason classes). MINDREAD consists
of three modules: Correlated Semantic Explanation Affinity
(CSEA), Transformer-based Feature Encoding (TFE) and an
attention-based cross-modal representation learning module.
The CSEA module receives the textual embeddings of the
reasons, and represents them as a learned correlated se-
mantic embedding matrix based on their co-occurrence in
the dataset. The TFE module extracts and encodes spatio-
temporal features from video frames using a fusion of local
features, global features and bounding box information of
pedestrians. An attention mechanism brings together the
outputs of the TFE and CSEA modules to provide our
final cross-modal representation. These cross-modal features
are finally fed to two classifier heads that output reason
and pedestrian intent predictions (as shown in Fig 2). We
explain each module of the proposed method in the following
subsections.

A. Correlated Semantic Explanation Affinity

We model the list of textual reasons as a directed graph
where each node is a reason (rather, its text embedding),
and the edges denote their co-occurrence in the dataset. We
note that since each pedestrian intent instance is annotated
with reasons in a multi-label manner, multiple reasons are
plausible for a given intent, thus making their co-occurrence
a rich piece of input information to the model. While some
reasons may or may not appear together, some of them
can never appear together. For e.g., reasons like “pedestrian
neglects ego-vehicle” can never appear with “pedestrians
doing their work on the road-side”. On the other hand,
reasons like “pedestrian waiting since ego-vehicle speed is
high” have a higher chance of appearing with “pedestrian
waiting for a safe passage”. Such semantic explanation affin-
ity modeling helps improve reason prediction thereby im-
proving intent prediction. We use the widely used Sentence-
BERT [39] to generate textual embeddings for the graph
nodes. To obtain the co-occurrence of reasons within the
dataset, we compute the adjacency matrix using the con-
ditional probability P(E j|Ei), which denotes the probability
of occurrence of reason E j when reason Ei appears. Given
the above explanation node embeddings Xl ∈ Rn×d(where
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Fig. 2. Overall architecture of MINDREAD (cross-Modal representatIon learNing moDel for REAsoning peDestrian-intent)

n is the number of reasons and d is the node embedding
dimensionality) and adjacency matrix A ∈ Rn×n, we use a
Graph Convolution Network (GCN) [44] to learn the final
reason embeddings. Every GCN layer can be written as a
non-linear function Xl+1 = f (Xl ,A), which takes the textual
reason representations from the previous layer (Xl) as inputs
and outputs new correlated reason representations Xl+1. For
the first layer, the input is an Rn×d matrix, where d is the
dimensionality of the reason-level sentence embedding. For
the last layer, we choose output of dimension Rn×D where
D represents the dimensionality of the output of the TFE
module with visual spatio-temporal features. This gives the
final learned correlated semantic explanation embeddings
(output of the CSEA module).

B. Transformer-based Feature Encoding

Following earlier work in intent prediction, the visual
spatiotemporal features in MINDREAD are obtained using a
combination of local visual context, global visual context and
pedestrian bounding box coordinates in the scene (as shown
in Fig 2). The local context consists of a region around the
target pedestrian across the given video sequence (we use
a small square patch around the pedestrian in this work).
Unlike previous efforts that use pedestrian information alone,
we note that global context is useful as it offers visual
features that account for socio-environmental interactions.
Our global context includes the pixels corresponding to key
socio-environmental information in the scene such as traffic-
light, vehicles, crosswalks, and other pedestrians (obtained
from a segmented scene with masking).

In order to obtain visual spatio-temporal features from the
video frames, we use transformer models [40] (in contrast
to earlier work that use older architectures such as VGG
[36] and GRU [37] to extract spatial and temporal features).
We extract both local and global vision features using two
Swin-V2 transformers [38] pre-trained on the ImageNet-22K
[45] dataset. The final dense layer of the pre-trained model
is replaced by a global average pooling layer to extract
visual features. Similar to [46], we use a standard transformer

model for temporal encoding of the features obtained from
the Swin-V2 transformers. The transformer encoder consists
of alternating layers of multiheaded self-attention (MSA) and
multi-layer perceptron (MLP) blocks. Layernorm is applied
before every block, and residual connections after every
block following [47], [48]. The MLP contains two layers
with a GELU non-linearity. Before feeding the sequence
features into the the transformer MSA block, they are com-
bined with positional embedding to capture the sequential
properties of input sequence features. As in Fig 2, both local
and global context features are encoded by extracting spatial
features from the Swin-V2 transformer followed by temporal
features using the Transformer. Bounding box features are
also encoded similarly. We concatenate these three kinds of
feature to get the final fused spatiotemporal features.

C. Attention-based Cross-modal Representations

The final module of our framework, an attention-based
mechanism to fuse the outputs of the TFE and CSEA
modules, helps leverage the reason relationships to better
predict pedestrian intent. This is a key element of our
framework. The TFE output features are fed to an attention
block for selectively focusing on the appropriate feature
information for our task. The temporal sequence of features
(output of transformer-based encoding from the TFE module)
are represented as hidden states h = h1,h2, ...,he, where e
represents the end hidden state. Following [49] , the atten-
tion weight is computed as: α = exp(score(he,h̃s))

Σs′ exp(score(he,h̃s′ ))
, where

score(he, h̃s) = hT
e Wsh̃s and Ws is a learned weight matrix.

Such an attention mechanism provides information on how
the current video frame (i.e. the end hidden state he) should
leverage the immediately preceding frames given in h̃s. The
final output of the attention module is obtained as F =
tanh(Wc[hc;he]), where Wc is a weight matrix, hc is the sum
of all attention-weighted hidden states given as hc = Σs′α h̃s′

and F ∈ RB×3076, where B represent batch size. Finally, our
cross-modal representation is given by, C = F ·XT , where F
represents final attention-based feature representations and
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Method Intent Accuracy F1-score Precision AUC
PIEint (ICCV’ 19) [1] 79.0 % 87.0 % 88.0 % 79.0 %
STIP (ICRA’ 20) [9] 80.0 % 88.0 % 91.0 % 81.0 %
CIA (IJCAI’ 21) [2] 82.0 % 88.0 % 94.0 % 83.0 %

MINDREAD (Ours) 87.6 ± 0.1% 95.0 ± 0.1% 96.0 ± 0.1% 89.0 ± 0.2%
TABLE V

PEDESTRIAN INTENT PREDICTION ON PIE++ (SAME AS PIE FOR THIS TASK)

Method Reason Accuracy Intent Accuracy F1-score Precision AUC
PIEint* 48.0 ± 0.2% 79.5 ± 0.1% 87.0 ± 0.1% 88.0 ± 0.1% 79.0 ± 0.2%
STIP* 54.0 ± 0.1% 80.7 ± 0.1% 88.0 ± 0.2% 91.0 ± 0.1% 81.0 ± 0.1%
CIA* 63.0 ± 0.2% 82.8 ± 0.1% 88.0 ± 0.3% 94.0 ± 0.2% 83.0 ± 0.1%

MINDREAD (Ours) 72.4 ± 0.2% 87.6 ± 0.1% 95.0 ± 0.1% 96.0 ± 0.1% 89.0 ± 0.2%
TABLE VI

PEDESTRIAN INTENT AND REASON PREDICTION RESULTS ON PIE++ DATASET. METHODS WITH * INDICATE AN ADAPTATION OF EXISTING BASELINES

WITH A REASON-BASED CLASSIFIER HEAD FOR A FAIR COMPARISON.

Method Reason Acc Intent Acc
PV-LSTM* 85.3 ± 0.1 % 91.6 ± 0.1 %

MINDREAD (Ours) 91.0 ± 0.1 % 95.4 ± 0.1 %
TABLE VII

PEDESTRIAN INTENT AND REASON PREDICTION ON JAAD. METHODS

WITH * INDICATE ADAPTATION OF EXISTING BASELINES WITH A

REASON-BASED CLASSIFIER HEAD FOR FAIR COMPARISON.

Method Reason Acc Intent Acc F1
MINDREAD w/o CM 64.0 ± 0.1% 83.4 ± 0.1% 90.0%
MINDREAD (Ours) 72.4 ± 0.2% 87.6 ± 0.1% 95.0%

TABLE VIII
MINDREAD WITH AND WITHOUT CROSS-MODALITY

X represents the learned correlated semantic explanation
embeddings. These final cross-modal encodings are fed to
two classifiers giving textual explanation Et and intent It
prediction outputs. We use standard Binary Cross-Entropy
(BCE) losses, Le for explanation and Li for intent, to learn
the final parameters of our model.

V. EXPERIMENTS AND RESULTS

We evaluate the effectiveness of our method for intent and
reason prediction on PIE++. To study the generalizability
of this approach, we also annotate the JAAD [16] dataset
with reason explanations, although this dataset has very short
sequences with limited variety in user behavior. We first
present our results on the pedestrian intent prediction task,
where we compare our method’s performance with state-of-
the-art methods, followed by results for the novel problem of
reasoning the pedestrian intent. Following earlier methods in
this space, we measure performance using intent accuracy,
explanation accuracy, and F1 score. Qualitative results on
video sequences are provided in the supplementary video.

We compare our method with well-known methods for
pedestrian intent prediction: PIEint [1], STIP [9] and CIA
[2] on PIE++, and PV-LSTM [50] on the JAAD dataset.
Table V shows the intent prediction results on PIE++ dataset.
MINDREAD outperforms the state-of-the-art for intent pre-
diction, with an improvement in accuracy and F1-score by
5.6% and 7% respectively. Table IX shows results on JAAD.
Once again, our method outperforms all earlier works with
an improvement of 4.4% over the state-of-the-art on intent
prediction accuracy.

Textual Emb. Reason Acc Intent Acc F1
GloVe 68.2 ± 0.1% 86.4 ± 0.1% 93.0 %

Sentence-BERT 72.4 ± 0.2% 87.6 ± 0.1% 95.0 %
TABLE X

STUDY COMPARING WORD-LEVEL (GLOVE) VS SENTENCE-LEVEL

(SENTENCE-BERT) MODELS FOR REASON EMBEDDINGS

Backbone Exp. Acc Intent Acc F1
VGG + GRU 69.2 ± 0.1% 87.0 ± 0.1% 94.0%

Swin-V2 + Transformer 72.4 ± 0.2% 87.6 ± 0.1% 95.0%
TABLE XI

ABLATION USING VGG + GRU VERSUS NOVEL SWIN-V2 +
TRANSFORMER BACKBONE FOR SPATIO-TEMPORAL VISUAL FEATURE

MODELING.

A. Results on Reasoning Pedestrian Intent

Since there is no existing method for simultaneous in-
tent and reason prediction, we adapt existing methods
by adding an explicit reason head and retraining them
on PIE++ for fair comparison. We denote the corre-
sponding variants of these methods as PIEint*, STIP*,
CIA* for the PIE++ dataset, and PV-LSTM* for the
JAAD dataset (enriched with our reason annotations).

Method Intent Acc
PV-LSTM [50] 91.0 %

MINDREAD (Ours) 95.4 %
TABLE IX

INTENT PREDICTION ON JAAD

Table VI shows
pedestrian intent and
reason prediction
results on PIE++.
MINDREAD
outperforms all the baseline methods, including state-
of-the-art method CIA* with significant improvement of
9.4% in reason prediction accuracy, 4.8% in intent prediction
accuracy and 7% in intent F1-score. We hypothesize that
this improvement in performance is due to our cross-modal
representation learning as is also evident from our ablation
studies (Sec VI Table VIII). Table VII shows results of
similar experiments on the JAAD dataset. MINDREAD
improves over the state-of-the-art method by 5.7% and 3.8%
improvement in reason and intent accuracy. For JAAD, we
use the same train-test split as [14] and F1-score, precision,
and AUC are 97%, 95% and 91%.

VI. ANALYSIS AND DISCUSSION

Word vs. Sentence-level Embeddings. We studied the
relevance of different text embedding methods, as shown in
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Method Runtime Intent Acc
PV-LSTM [50] 4.7 ms 91.0 %
MINDREAD 4.3 ms 95.4 %

TABLE XII
RUN TIME ANALYSIS ON JAAD DATASET

γR γI Reason Acc Intent Acc
0.5 1.0 57.4 % 81.2 %
1.0 0.5 63.6 % 74.1 %
1.0 1.0 72.4 % 87.6 %

TABLE XIII
RESULTS USING DIFFERENT WEIGHTS; γr = WEIGHT FOR REASON LOSS;

γi = WEIGHT FOR INTENT LOSS

the results in Table X. Specifically, we compare word vs
sentence embedding models. For word-level embedding, we
use a 300-dim Glove [51] model trained on the Wikipedia
dataset. We consider reason-specific words and average
the embeddings. For sentence-level embeddings, we use
Sentence-BERT [39] (as in our method). The results show
that sentence-level embeddings outperform word-level em-
beddings. This is expected since the context of the words
in the reason matter, which is considered in sentence-level
embeddings.

Effect of Different Spatio-temporal Backbones. Ta-
ble XI shows the results of our study using different
spatio-temporal visual feature extraction backbones in MIN-
DREAD. As in Sec IV, we use contemporary transformer
models instead of older models used in earlier work. Specif-
ically we use Swin-V2-L + Transformer backbone instead
of the VGG + GRU backbone. In order to study this choice,
we used the VGG +GRU backbone in MINDREAD and
obtained the results. Table XI shows that transformer-based
models outperform VGG + GRU models by 3.2% in reason
prediction accuracy and 0.6% in intent prediction accuracy.

MINDREAD without Cross-modality. In order to un-
derstand the usefulness of the cross-modal representation
learning framework proposed in MINDREAD, we con-
ducted experiments to study whether visual features alone
can address the new task with an added reason classification
head (in addition to the intent prediction head). As shown in
Table VIII, we can see performance drop by 4.2% and 5% in
intent accuracy and F1 using MINDREAD without cross-
modality. We observe that the use of reason embeddings and
cross-modal representation learning plays a significant role
for reason prediction accuracy in particular, and also helps
improve intent prediction (as we hypothesized).

Loss, Metrics and Runtime Analysis. Our main results
used a weight of 1 for each loss term. Our initial studies,
reported in Tab XIII, supported this choice. Weighting one
loss term more than the other did not increase performance.
Tab XII shows the runtimes, compared with those reported
on JAAD. We note that our model is faster than SOTA PV-
LSTM [50] while achieving higher accuracy. Runtime for our
model on PIE++ was 4.1 ms, of the same range as JAAD.
It’s due to the significance of learned reason embeddings as
well as spatiotemporal features that speed up inference in
real time.

VII. CONCLUSIONS AND FUTURE WORK

We introduced a novel problem of reasoning pedestrian
intent. To address this problem, we made two significant con-
tributions: (1) We proposed a reason-enriched PIE++ dataset
that contains explanations/textual reasons for pedestrian in-
tent prediction; and (2) We proposed a multi-task formulation
called MINDREAD based on cross-modal representation
learning that obtains strong results on this new problem
setting. Our comprehensive experiments show we achieve
significantly more accurate and reasonable predictions than
prior works, and that such explanations improve trust in users
of such systems. Exploring uncertainty estimates for reasons
and collision avoidance are interesting future directions of
our work.
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