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Abstract

Understanding human tasks through video observations is an essential capability
of intelligent agents. The challenges of such capability lie in the difficulty of
generating a detailed understanding of situated actions, their effects on object states
(i.e., state changes), and their causal dependencies. These challenges are further
aggravated by the natural parallelism from multi-tasking and partial observations
in multi-agent collaboration. Most prior works leverage action localization or
future prediction as an indirect metric for evaluating such task understanding from
videos. To make a direct evaluation, we introduce the EgoTaskQA benchmark that
provides a single home for the crucial dimensions of task understanding through
question-answering on real-world egocentric videos. We meticulously design
questions that target the understanding of (1) action dependencies and effects,
(2) intents and goals, and (3) agents’ beliefs about others. These questions are
divided into four types, including descriptive (what status?), predictive (what will?),
explanatory (what caused?), and counterfactual (what if?) to provide diagnostic
analyses on spatial, temporal, and causal understandings of goal-oriented tasks.
We evaluate state-of-the-art video reasoning models on our benchmark and show
their significant gaps between humans in understanding complex goal-oriented
egocentric videos. We hope this effort will drive the vision community to move
onward with goal-oriented video understanding and reasoning.

1 Introduction

The study of human motion perception has suggested that humans perceive motion as goal-directed
behaviors rather than plain pattern movements [1–3]. Developmental psychologists [4] categorized
such an ability into two distinct mechanisms: (1) action-effect associations that the desired effects
activate the corresponding action; and (2) simulative procedures, which argues that goal attribution
comes from planning under the rational action principle in others’ shoes. Both mechanisms require
detailed knowledge of action dependencies and effects, agent’s intents and goals and beliefs about
other agents. With such knowledge playing crucial roles in human cognitive development, learning
them from visual observation is pivotal for building more intelligent agents.

:Work done during internship at BIGAI.

36th Conference on Neural Information Processing Systems (NeurIPS 2022) Track on Datasets and Benchmarks.
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Figure 1: An overview of EgoTaskQA. We show an illustrative scenario where two subjects collaborate to
make and drink cereal. Based on egocentric observations, we generate questions on these seen or unseen video
intervals with different question types, targeting semantics and question scopes. Note that we use both direct
(e.g., when the person open something...) and indirect (e.g., the action before getting something...) references on
actions and objects, where the same color indicates the same referred actions (best viewed in color).

Taking a closer look at how humans learn from interacting with the world, we locate objects,
change their positions and manipulate them in various ways, all presumably under visual control
from an egocentric perspective [5]. This unique first-person experience provides essential visual
cues for human attention and goal-oriented task understanding. Moreover, egocentric perception
naturally reflects how humans reason and perform in a partially observable environment, making
it the most available learning source for learning actions, tasks [6], and belief modeling [7]. The
past few years have witnessed significant progress in egocentric video understanding, especially
action recognition and future anticipation [8–13]. However, these two tasks merely cover the tip of
the iceberg, considering how humans learn from visual observations to obtain knowledge for more
profound tasks such as learning world models, planning for desired goals, and building beliefs about
others. With their essential roles in human cognitive development, we urge the need for a benchmark
that addresses these missing dimensions in egocentric activity understanding.

Hence, we present EgoTaskQA, a challenging egocentric, goal-oriented video question-answering
benchmark based on the LEMMA dataset [11]. The LEMMA dataset collects egocentric videos in
goal-oriented and multi-agent collaborative activities with fine-grained action and task annotation.
By extending the LEMMA dataset with annotations consisting of object status, human-object and
multi-agent relationships, and causal dependency structures between actions, we design questions that
target three specific scopes: (1) actions with world state transitions and their dependencies, (2) agents’
intents and goals in task execution, and (3) agents’ belief about others in collaboration to provide an
in-depth evaluation metric for task understanding. These questions are procedurally generated within
four types: descriptive, predictive, explanatory, and counterfactual, to systematically test models’
capabilities over spatial, temporal, and causal domains of goal-oriented task understanding. To
avoid spurious correlations in questions, we include both direct and indirect references to actions and
objects. We further balance the answer distribution by the reasoning type of questions and carefully
design benchmarking train/test splits to provide a systematic test on goal-oriented reasoning and
indirect reference understanding; see Fig. 1 for an example and more details in Sec. 3.

As shown in Tab. 1, EgoTaskQA complements existing video reasoning benchmarks on various
dimensions. With models exhibiting large performance gaps compared with humans, we devise
diagnostic experiments to reveal both the easy and challenging spots in our benchmark. We hope
such designs and analyses will foster new insights into goal-oriented activity understanding.

Contributions In summary, our main contributions are three-fold:

• We extend the LEMMA dataset with annotations of object status, human-object and multi-agent
relationships to facilitate egocentric activity understanding. We further generate causal dependency
structures between actions to provide ground truth for procedural task understanding.
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