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Abstract— Instructional videos contain rich procedural
knowledge that could support robotic task execution. How-
ever, most existing video understanding approaches produce
free-form captions or high-level action labels that lack the
explicit, entity-centric semantics required for robotic planning.
We present Entity-Grounded Procedural Knowledge Graphs
(EGPKGs), a neuro-symbolic representation that decomposes
instructional videos into explicit entity-level transformations
with grounded preconditions and effects. EGPKGs integrate
language-based action schemas, vision-based entity grounding,
and symbolic state transitions to produce executable task
representations suitable for AI-powered robotic systems.

I. INTRODUCTION

Instructional videos are a widely available source of
procedural knowledge for tasks such as cooking, assembly,
and maintenance, and are therefore of growing interest for
robotic learning and task understanding [1], [2]. However,
despite strong progress in vision and vision-language models,
most outputs remain optimized for human interpretability
rather than robotic execution, lacking the explicit structure
needed for task planning, execution, and monitoring. Robotic
execution requires representations that specify which entities
participate in each step, how these entities transform over
time, and how individual transformations enable subsequent
actions within a task [3]. In contrast, free-form descriptions
such as “mix the ingredients” or “cook until done” omit
crucial information about object identity, state changes, and
causal dependencies. Without explicit modeling of entity
persistence and symbolic effects, robotic systems cannot
reliably verify task progress, reason about preconditions, or
recover from failures during execution [12].

Bridging this gap requires representations that connect
perceptual observations from video to executable symbolic
task models. Recent work has highlighted the importance of
combining perceptual learning with symbolic reasoning to
enable robust long-horizon robotic behavior [10], [11]. This
motivates representations that are both grounded in visual
evidence and structured according to the requirements of
symbolic planning and execution.

Throughout this work, we use instructional cooking videos
as a running example, as they provide rich visual evidence
of entity presence, manipulation, and state change across
temporally structured actions, making them particularly suit-
able for studying visually grounded, entity-centric procedural
reasoning.
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II. ENTITY-GROUNDED PROCEDURAL
KNOWLEDGE GRAPHS

We introduce Entity-Grounded Procedural Knowledge
Graphs (EGPKGs), a representation that converts instruc-
tional videos into sequences of explicit, entity-level state
transformations. Each instruction step is modeled as an oper-
ator that consumes one or more input entities and produces
one or more output entities with updated symbolic states,
while preserving entity identity across steps through coref-
erence links. This design is motivated by classical symbolic
planning formalisms, where actions are defined in terms of
preconditions and effects over world states, but extends them
with perceptual grounding in visual observations [5], [3].

EGPKGs integrate three complementary components that
correspond to language, vision, and symbolic reasoning.
First, large language models predict step-level symbolic
structure from natural language instructions, including action
schemas and referenced entities, building on recent progress
in structured semantic parsing and instruction understanding
[6], [7]. Second, vision—language models ground these enti-
ties in video frames, providing perceptual evidence for both
the availability of input entities and the realization of output
states. This grounding step is inspired by prior work on
visually grounded language understanding and multimodal
alignment [8], [9].

Third, a symbolic layer connects grounded transformations
into a causally structured procedural graph that explicitly en-
codes preconditions, effects, and entity evolution over time.
By tracking entity persistence and state changes across steps,
EGPKGs address limitations of prior video understanding
approaches that focus on action labels or free-form captions
without modeling object identity or causal structure [1],
[2]. The resulting representation aligns perceptual evidence
with symbolic task logic, producing an interpretable and
executable procedural model suitable for downstream robotic
planning and reasoning.

A. State Space, Operators, and Symbolic Transitions

Let F = {ej,...,en} denote the set of entities partici-
pating in the task (e.g., noodles, chicken, wok). Each
entity e is described by symbolic state variables Vars(e) =
{state(e),location(e)}, which capture properties rel-
evant for procedural reasoning such as preparation state
and spatial configuration. A world state s is a complete
assignment of values to all state variables across all entities.



Each instruction step S; is modeled as a symbolic operator
S; + & — S that transforms one world state into another.
Preconditions Pre(S;) specify which symbolic conditions
must hold for the step to begin, while effects Eff (S;) describe
the state changes produced by the action. Causal links
between steps arise when the effects of one step satisfy the
preconditions of a later step, forming the logical backbone
of the PKG.

B. Step Inputs and Outputs

Given an ordered sequence of steps recipe
(so,...,8n) of a recipe video, the LLM predicts a struc-
tured representation for each step that identifies participating
entities and intended symbolic outcomes. Each step may
consume multiple input entities, including ingredients, tools,
containers, or intermediate products. Coreference links con-
nect these inputs to their originating entities or states in pre-
vious steps, preserving entity identity across the procedure.

A step may produce one or more output entities, including
composite entities such as mixtures or coated ingredients.
Each output entity is annotated with an intended symbolic
state and, when applicable, a location. Together, the input
and output structures fully specify the symbolic transforma-
tion performed by the step, enabling consistent multi-entity
reasoning.

C. VLM-Based Visual Grounding

For each step s;, the corresponding video segment is
processed by a Vision—-Language Model [14], [15] to ground
symbolic entities in the visual stream. The VLM outputs
regions corresponding to input entities and output entities,
providing frame-level evidence for both step initiation and
completion. Input grounding verifies that required entities are
present and in suitable initial states, while output grounding
confirms that symbolic effects have been visually realized.

This grounding mechanism enables the detection of de-
layed or asynchronous effects, such as cooking or resting
actions, whose postconditions may be achieved well after the
corresponding instruction is issued. By associating symbolic
effects with their true visual realization, the PKG avoids
reliance on instruction boundaries alone.

D. Graph Construction

The complete PKG is represented as a graph G = (V, E)
comprising step nodes, entity nodes, and state nodes. Tem-
poral edges encode instruction order, consumption and pro-
duction edges encode preconditions and effects, coreference
edges preserve entity identity, and grounding edges link
symbolic nodes to visual evidence. Together, these nodes and
edges encode the temporal, causal, and referential structure
of the procedure.

While the graph construction mechanism is conceptu-
ally grounded in prior work on symbolic planning graphs
and action representations from classical Al planning, our
contribution lies in unifying these strands with visually
grounded action understanding into a single entity-grounded
procedural graph that explicitly tracks entity identity, state
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evolution, and visual realization across steps [5], [4], [3].
This design is informed by our prior work [16], [17] on
multimodal entity tracking and anaphora resolution in in-
structional videos, which demonstrated the importance of
persistent entity representations aligned with visual evidence
across temporally extended procedures [1], [2]. Here, we
generalize these insights into a reusable procedural graph
formalism, moving beyond a purely conceptual proposal
toward a practically instantiated representation that supports
execution, verification, and downstream reasoning.

III. RELEVANCE FOR ROBOTICS

Unlike conventional video captions, EGPKGs are directly
usable as intermediate representations for robotic systems
because they explicitly encode inputs, outputs, and state
transitions. This structure aligns with robotic task planning
and execution frameworks, where actions must specify pre-
conditions and effects over world states to support planning,
monitoring, and recovery [3], [4]. Explicit state modeling
enables task planning, execution monitoring, and failure
diagnosis, which are difficult to support with free-form text.

By grounding symbolic effects in visual evidence, EG-
PKGs allow robots to verify whether intended transforma-
tions have occurred rather than assuming completion from
instruction order alone. This capability is essential for robust
real-world execution, where actions may fail or yield partial
effects [?], [?], and supports closing the perception—action
loop. The entity-centric structure of EGPKGs enables rea-
soning about object persistence, delayed effects, and multi-
entity actions common in manipulation tasks. By preserv-
ing entity identity across transformations, EGPKGs support
consistent symbolic reasoning over evolving objects, a key
requirement for long-horizon tasks [10]. Overall, EGPKGs
bridge perception-driven video understanding and executable
robotic task representations, and integrate naturally with
symbolic planners and hybrid neuro-symbolic control archi-
tectures [11].

IV. CURRENT STATUS AND FUTURE
DIRECTIONS

We are developing a multimodal pipeline that com-
bines language models for operator prediction with vision—
language models for entity grounding and effect verification.
Ongoing work focuses on improving robustness to ambigu-
ous references and delayed effects. Future directions include
integrating EGPKGs with robotic task planners, extending
the representation beyond cooking scenarios, and evaluating
execution fidelity in simulated and real robotic environments.

V. CONCLUSIONS

Entity-Grounded Procedural Knowledge Graphs provide
a structured, interpretable, and executable representation of
procedural knowledge extracted from instructional videos.
By aligning language, vision, and symbolic reasoning at the
level required for robotic execution, this work contributes
toward making large-scale video knowledge actionable for
Al-powered robotic systems.
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