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Abstract. We present a new collaborative visual storytelling platform, Aesop, for direction and animation. Our system operates
in two main modes, common sense grounding (annotation) and conversation. The Aesop system senses the human state and input
using a natural language parser and human gesture monitoring for natural interactions. The interface consists of a 3D animation
software and a web controller to interact with the internal state of the system. For knowledge representation, we formulate novel
knowledge graphs which enable spatio-temporal event representation. Aesop thus enables 3D spatial and temporal reasoning
which are both essential for storytelling. Finally, the system utilizes a dialog manager to track the conversation state and man-
age goals. Aesop provides a rich platform that enables research in language, gestures, vision, and planning in the context of
storytelling.
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1. Introduction

Current interaction between humans and machines
focuses on handling directives given by the human
user. We believe that the future of Artificial Intelli-
gence (AI) will be a mixed-initiative collaboration be-
tween humans and AI as equals. An AI agent’s ability
to communicate a goal to a human collaborator, and
operate as an equal in a process, opens the door for
many potential applications which lie outside current
focuses of the AI community.

In an attempt to bridge the gap, we created Aesop,
a collaborative visual storytelling platform that allows
multiple humans to communicate with AI agents and
generate animated movies to tell a story.

Aesop illustrates a general AI problem, that of com-
municating with computers about a complex task, and
teaching the computer new concepts that will be used

*The author is currently a student at University of Ontario Institute
of Technology and this work was done while he was an intern at SRI
International.

as in future conversations. Unlike narrow AI tasks,
our system enables general reasoning using knowledge
graphs to incorporate the outcome of multiple narrow
AI components in vision and natural language under-
standing. In the visual storytelling use case, the dialog
is between a director (content creator) and an animator
(controller). A content creator does not have to directly
control the animation software through a mouse and
a keyboard, which can be difficult when navigating a
3D environment, but rather through direct natural lan-
guage communication. Since the system is hosted on
a remote server, with remote database, multiple users
can directly interact with it, teaching the AI agents dif-
ferent concepts that can be used in conversations with
every user.

Aesop consists of two main components, a conver-
sational AI and a common sense grounding compo-
nent. In the visual storytelling, the director (human)
has a goal that is translated into a sequence of natural
language commands communicated with the animator
(computer. The animator executes the commands by
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controlling an animation software resulting in an en-
vironmental action or a communicative action. In the
case of a communicative action, the director has the
option to either disambiguate a natural language ambi-
guity using gestures, or teach the animator by example
by using the common sense grounding component to
expand the knowledge graph and ground natural lan-
guage on the knowledge graph and ground the knowl-
edge graph on the animation software controls. This
way the animator would have a full representation of
the concept tied to its knowledge graph and it would
be able to understands new concepts and respond to
them in the future. In storytelling, multiple parties gen-
erate story fragments in coordination with one another,
building off of their own ideas of the narrative to piece
together a single coherent story. This has been a vital
part of both ancient and modern cultures and plays a
crucial role in understanding communication.

To construct a story in this way requires multiple
types of interactions such as listening to the other sto-
rytellers to make logical continuations of the narra-
tive, understanding common story arcs and tropes, un-
derstanding facial expressions, gestures and non-verbal
communication, and even responding to audience cues.
A well crafted story generated via interactive story-
telling must be logically coherent, requiring common
sense knowledge.

Currently, the aforementioned capabilities are lack-
ing in movie making and storytelling systems. Soft-
ware often provides the user with the ability to create
stories, but does not inject itself directly generating the
narrative itself. Many of the required skills for a fully
interactive storyteller require an artificial agent capable
of working towards a goal.

We define narrative as the description of a sequence
of events, similar to illustrated books for children, with
the intent of informing, educating, or entertaining. Ae-
sop will enable research on storytelling with AI with
the goal of collaboratively visualizing such a narrative.
A significant component of communication is non-
verbal. We believe it is a natural inclusion to sup-
port these forms of communication for storytelling.
In the communication literature, the definition of com-
munication has significant emphasis on the transmis-
sion and reception of information. We summarize the
different definitions of communication scholars from
[1]:

• Transmitting and exchanging feelings, attitudes,
facts, beliefs and ideas.

• Conducting the attention of another person for
the purpose of replicating memories.

• Replication of ideas ensured by feedback for the
purpose of eliciting actions which will accom-
plish organizational goals.

• Composition of information given and received,
of a learning experience in which certain atti-
tudes, knowledge and skills change, carrying with
them alterations of behavior; of a listening effort
by all involved; of systematic fresh examination
of issues by the communicator himself; and of a
sensitive interaction of points of view leading to a
higher level of shared understanding and com-
mon intention.

• Exchange of information between individuals through
a common system of symbols.

• Passing information and understanding from
one person to another.

• Transferring meaning from one individual to an-
other.

• Intentional transmission of information by means
of some established signaling-system.

Storytelling enables all the components of commu-
nication in the definitions we highlight above. The
most common medium of communication is language.
In addition, we constantly use non linguistic modes
e.g. gestures. Recent work [2] focused on how chil-
dren between the ages 4-6 learn complex language
through a combination of verbal language and non-
verbal gestures. The study shows that using gestures as
a part of the language-learning process helped in learn-
ing more complex tasks such as narrative, the core of
storytelling. A key aspect of narrative development is
tracking story referents, specifying “who did what to
whom”. Adults track referents using speech by intro-
ducing a character with a noun phrase and then follow-
ing the same referent with a pronoun - a strategy that
presents challenges for children. The research showed
that children rely on gestures to convey “who did what
to whom” as they take their first steps into narratives.
Aesop enables non-verbal communication by incorpo-
rating gestures to clarify implicit and explicit referents.

In order to collect common sense and clarify implicit
knowledge, we defined one of the modes of Aesop to
focus on common sense grounding and collection. In
this mode, a user would define and ground complex
sentences on visual information such as videos or di-
rectly on animation in order to create shared under-
standing with the AI.

The goal of Aesop is to enable communication with
AI to understand and relate both parties’ perception
of the world. This is a well-established problem in
AI - specifically, the intersection of computer vision,
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symbolic reasoning and natural language processing.
Seamless communication with AI is critical in the per-
formance of complex and creative tasks. In a mixed-
initiative system, a human and an AI operate as a team,
in which both collaborators perform parts of the task at
which they respectively excel. The better a team’s abil-
ity to identify and communicate about these sub-tasks,
the more efficiently the task can be accomplished.

Aesop will help address open research problems
such as: conversational AI; joint language and gesture
reasoning; grounding meaning and common sense;
planning and dialogue management; and narrative.

Our contributions are summarized as follows:

• Novel integrated system for conversational AI in
context of visual storytelling using verbal and
non-verbal communication.

• An integrated mode for common sense grounding
and collection from movies which uses state-of-
the-art visual and textual processing.

• New knowledge graph representation for captur-
ing grounded multimodal knowledge from com-
mon sense mode to use in the conversation mode.

Our paper is organized as follows: section 2 sum-
marizes related work; section 3 presents our overall
system architecture; section 4 describes our common
sense grounding mode; section 5 specifies our conver-
sational AI mode; finally, section 6 summarizes our
contributions and concludes the paper.

2. Related Work

SHRDLU [3] attempted to ground language in a
physical world. It consisted of hard coding of rules,
physical and linguistic, and lacked 3D representa-
tion, focusing instead on symbolic abstraction. Wub-
ble World [4] was introduced to advance the research
initiated by SHRDLU, motivated to help the computer
learn language in the same way young children do.
This work enabled learning in a physical world by in-
teractive game-play with a simplistic 3D environment
that evolved with time. Learning in this environment in
a multi-modal symbolic framework [5]. It was done by
parsing language and retrieving probabilistic semantic
representations from the perceived environment.

More recently, [6, 7] presented a blocks world plat-
form for building structures. Their system combines
natural language understanding, planning, and dia-
logue management. It supports communication about
structures where goals are shared between the com-

puter and the human using natural language. These
platforms are all limited to simplistic and rigid environ-
ments with communication about abstract structures
using explicit instructions and well defined goals.

New platforms, such as the Minecraft-based Project
Malmo [8], focus on end-to-end learning by solving
various tasks in the 3D environments. These tasks
range from navigation to collaborative problem solving
using language. Similarly, the Quake III Arena-based
DeepMind Lab [9] focuses on a maze navigation task
and has been extended to incorporate language and
learning, via an end-to-end approach which combines
reinforcement and unsupervised learning [10]. While
these platforms are more advanced, they are limited by
the rigidity caused by boxy, inexpressive worlds and
narrowly defined tasks assigned to the agents, offering
little in the way of interaction with human users.

More specific to the domain of narrative, movies
and script visualization/interpretation, the CARDI-
NAL [11], LISA [12], and CANVAS [13] tools are de-
signed to assist in the authoring, analysis, or visualiza-
tion of movie scripts. CARDINAL visualizes the plots
of scripts via a number of views: the textual script view,
a timeline and interaction-centric view, and 2D and 3D
previews of the scene itself. CARDINAL presents a
flow tool to enable script writers visualize their script
in a semi-automated way, however, seemingly it lacks
any notion of understanding, shared meaning, or con-
tinual learning as in Aesop. It follows the handling of
directive in a very rigid form with no underlying repre-
sentation. There is no direct way of interacting with the
system to define meaning and streamline visual story-
telling.

CANVAS [13] a computer assisted visual author-
ing tool for synthesizing animations from sparsely-
specified narrative events. Unlike Aesop or Cardinal,
CANVAS pre-visualize storyboards rather than a live
temporal animation. It provides an interface for author-
ing and pre-visualizing narratives automated using AI.

Unlike CARDINAL and CANVAS, LISA and PICA
focus on the narrative. LISA is an assistive tool for
story writers that provides feedback on inconsistencies
in the story using artificial intelligence. Where as PICA
is a conversational agent for interactive narratives with
an underlying knowledge base which encodes belief
models for multiple users and autonomous agents in
addition to the actual story knowledge. LISA and PICA
have similarities to our system, with a single focus, nar-
rative, whether through user interaction or conversa-
tion. However, the focus stops at the text level without
integrating with any visual information.
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Fig. 1. An illustration of our system. To the left is our Conversational AI mode, where the user is able to communicate with multiple AI agents
to create a scene. To the left is our common sense grounding from movies and stories. In the bottom is our shared representation and visualized
animation. The different components will be presented its relevant sections with a larger sized figures (Best viewed in color).
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In situated dialogue [14], because humans and
agents have mismatched capabilities of perceiving the
shared physical world, referential grounding becomes
difficult. Hu- mans and agents will need to make ex-
tra efforts by collaborating with each other to medi-
ate a shared perceptual basis and to come to a mu-
tual understanding of in- tended referents in the en-
vironment. In this paper, we have extended our pre-
vious graph-matching based approach to explicitly in-
corporate collaborative referring behaviors into the ref-
erential grounding algorithm. In addition, hypergraph
based representations have been used to account for
group descriptions that are likely to occur in spatial
communications. Our empirical results have shown
that incorporating the most prevalent pattern of col-
laboration with our hypergraph based approach signif-
icantly improves reference resolution in situated dia-
logue by an absolute gain of over 18%.

To the best of our knowledge, we are the first to
provide an end-to-end integrated platform for conver-
sational AI, combining natural language and gesture
interactions, along with an integrated common sense
grounding interface that analyzes visual and textual
information and creates very rich knowledge graphs
grounded on animations.

3. System Architecture

Aesop is illustrated in Fig. 1. Aesop system has two
main modes, one for common sense grounding and
one for conversational AI using the grounded concepts
from the first mode. Both modes result in a knowledge
graph that is used to produce an animation, in the com-
mon sense grounding the graph is constructed through
manual interactions, while in conversational AI mode
it is constructed automatically using communication.
The knowledge graph is a spatio-temporal event graph
that acts as an intermediate representation between lan-
guage, vision and animation. For the animation soft-
ware we use Muvizu [15]. The knowledge graph nodes
and edges are translated into API calls which is then
rendered into an animation.

The common sense grounding mode of Aesop,
shown in Figure 1(right), consists of a story language
parser [16], which takes a story text input and outputs a
parse; an event extraction module, takes in a parse and
transforms it into an event frame; various computer vi-
sion pre-processing tools, which take in a video and
outputs object, face, and pose detections, in addition to
depth and tracked landmark points for simultaneous lo-

Fig. 2. Muvizu software mimicking an instance from a movie.

calization and mapping of camera. Each token created
from language or vision creates the knowledge graphs
that get grounded on Muvizu. The components relating
to the common sense grounding mode will be specified
in detail in section 4.

The conversational AI mode of Aesop, shown in
Figure 1(left), consists of: a speech language parser
[17], which takes input speech text and outputs parses;
a gesture tracking module, which takes inputs depth
and color information and outputs deictic coordinates;
a dialogue manager, which takes inputs, actions, tracks
their execution, adds them to the graph, and outputs
communicative acts or environmental acts. The dialog
manager interfaces various movie making agents, each
of which is responsible of achieving a specific goal out-
puts nodes in the knowledge graphs that initiates its
corresponding Muvizu API call. The components re-
lating to the conversational AI mode will be specified
in detail in section 5.

Both modes are integrated in the same system and
UI. The knowledge captured from common sense
grounding mode and used for the conversational mode.
We will first describe the animation software and
knowledge graphs modules since they are common to
both modes, then we will specify each of the modes
and how they interact with the rest of the system.

3.1. Animation Software

Muvizu [15] is the animation software used in Ae-
sop for visual story telling. Muvizu is designed to feel
like an actual movie production pipeline, cutting out
many of the barriers associated with the creation of an
animated film. Muvizu provides a large library of built-
in assets to rapidly assemble a scene, and enables users
to select characters, customize their appearance, posi-
tion cameras and lights around the set to prepare for
the scene’s key shots, issue directions to the actors, and
record on-screen action in real time. Muvizu’s internal
library of pre-generated assets includes 80 characters
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Fig. 3. An example of knowledge graphs with the various entities
(people and props) and relationships (spatial and temporal)

and 600 props (with the ability to import own 3D ob-
ject file), 1000 character accessories, 6 types of lights,
900 pre-animated character actions with mood-based
modifiers (pointing angrily vs. with fright), and 19 vi-
sual effects for cameras. Shots are layered with visual
and audio effects, voice tracks, and music, and finally
exported as a video file. A user can direct character eye
and head movement, and automatically lip-sync char-
acters with audio tracks. All of the program’s internal
assets are directly exposed via an API, enabling inter-
action with external applications. Figure 2 illustrates
Muvizu’s ability to replicate a frame from a movie to a
relatively realistic level of detail.

3.2. Knowledge Graphs

We define a knowledge graph as a directed graph
representation of a scene. A knowledge graph is used
to represent the spatio-temporal and object-attribute re-
lationships within a scene. It serves as an intermediate
representation between natural language, vision and
the animation domain. In Figure 3, actors and props are
associated with their attributes, spatial relationships,

and temporal relationships such as interactions with
other actors and actions.

Aesop uses the knowledge graph as the core repre-
sentation of the corresponding scene, and implements
a two-way interface between each component in Fig-
ure 3 to the central knowledge graph. Users can in-
crementally build the graph using natural language as
will be specified in Section 5. In this mode, Aesop ex-
tracts relationships from the output of the speech lan-
guage parser and adds, removes or modify nodes in
the graph. Users can also ground the knowledge graphs
on Muvizu and visual and textual representations from
movies by highlighting visual or textual tokens creat-
ing a knowledge graph that is directly linked to Muvizu
assets as will be specified in Section 4.

4. Common Sense Grounding

In this section, we specify the modules used in the
common sense grounding mode of Aesop. Section 4.1
details the MovieGraphs dataset; Section 4.2 specifies
our event frame representation processing textual data;
Section 4.3 describes our visual data preprocessing;
Section 4.4 demonstrates how ground of knowledge
graphs on Muvizu; Section 4.5 we present our interface
for grounded movie data collection.

4.1. MovieGraphs Dataset

The MovieGraphs dataset [18] is a collection of
7637 annotated video clips from 50 movies. Movies
are a rich source for human interactions. Clips are
annotated with characters who appear in the scene,
their attributes (both physical and emotional), rela-
tionships and interactions between characters, times-
tamps at which actions initiate and conclude, a label
for the situation depicted in the scene, and a natural
language description of the scene’s narrative content.
Figure 4 shows an example of MovieGraphs dataset.
Each situation instance includes a video, subtitles, a
brief description of the scene, and a corresponding sit-
uation graph. Currently, MovieGraphs are annotated
with human centric annotations, lacking objects, spa-
tial relationships and common sense grounding. We
use MovieGraphs dataset as a source of knowledge and
common sense to use, augment it with spatial relation-
ships and objects, extract visual features directly from
the frames, ground the graphs and their augmentations
in Muvizu to teach the AI agents how to translate visual
and textual concepts into grounded knowledge graphs
in Aesop.
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Fig. 4. This figure is a courtesy of MovieGraphs dataset [18]. Each instance comes with a video, textual description of the scene, a situation label
and a graph representation of the situation (Best viewed in color).

Fig. 5. Preprocessing of a video clip from MovieGraphs. Each video is processed through: a face detector, tracker, and attribute classifier; human
pose and facial landmarks estimator; a monocular depth estimator; and a landmark detector for Simultaneous Localization and Mapping of the
camera.

4.2. Textual Data Processing

We augment the MovieGraphs dataset using infor-
mation present in text such as entities, spatial rela-
tionships, temporal relationships, and context. In ad-
dition to using TRIPS for speech text parsing, we use
SLING parser for story text parsing, a frame-semantic
parser for natural language. SLING [16] uses a seman-
tic frame that represents a collection of facts, features,
and attributes of a denotatum and its characteristic in-
teractions with others. The set of frames are stored in
a frame graph where each frame is a node and relevant
links to or interactions with other frames are edges.
SLING is trained in an end to end fashion using bi-

directional LSTMs for input encoding and a Transi-
tion Based Recurrent Unit (TRBU) for output decod-
ing. Transition systems are widely used to build depen-
dency parse trees in addition to computing a sequence
of state transitions. The TRBU is a feed-forward unit
with a single hidden layer using the hidden activations
from the biLSTM input encoders and the activations
from previous steps as inputs.

We designed an event frame that uses the output of
a natural language parser: subject, predicate, object,
and time and place (when available), and map them
to a "who" "did what" "to whom/what" "where" and
"when" style event frame. More complex questions of
"how" and "why" requires significantly more reasoning
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than the models developed herein. Modeling events in
this format facilitates mixed-initiative systems for in-
stantiating events in animation software, providing hu-
man users with familiar terms. For a more complete
understanding of our work, refer to our work using an
LSTM model for event extraction [19].

For our purposes, we experimented with SLING
because it can learn different schema for represent-
ing entities and their relationships in different ways.
One schema that the pre-trained model understands
is the PropBank schema. PropBank ([20]) is a corpus
of text annotated with information about basic seman-
tic properties. PropBank annotations, when adapted by
SLING, enable the parser to identify the arguments of
predicates, both the subject and the object affected by
the subject. The benefit of using the PropBank schema
is using the links between frames to identify the cor-
responding subject and object or relational arguments
of the event in question. Furthermore, we can use the
graph output of SLING and PropBank to generate text
based knowledge graphs for reasoning over spatio-
temporal object-attribute relationships. Once an event
frame is extracted, corresponding nodes and edges are
automatically created in the graph representation.

4.3. Visual Data Processing

We extract visual features from MovieGraphs dataset.
In addition to the provided graphs, we pre-process
each clip by running them through an additional set
of detectors. Figure 5 illustrates the detectors run on a
frame from MovieGraphs dataset. For object, we use
Yolo9000, a real-time 9000 objects detector [21] to de-
tect humans and objects. This detector provides con-
text, enables us to understand more about the surround-
ings of the actors and is used to ground layouts (the
movie set) in Aesop. For faces, we use Facenet [22]
and MXNet [23] to detect human faces, re-identify
them, and 40 different facial attributes such as gender,
facial hair and hair color. This detector enables us to
extract attributes of each actor (casting) and grounding
them in Aesop. For activities, we use Openpose [24], a
human pose and facial landmark detector. This detec-
tor detects human skeletons, where activity nodes are
grounded on. For camera, we use Simultaneous Local-
ization and Mapping [25] to track the camera’s path
throughout the scene’s 3D space. This is done by de-
tecting persistent landmark points and tracking them.
This detector enables us to understand the camera rela-
tionship with objects and actors and its motion through
the scene. Each of the detectors creates a correspond-

ing node in the knowledge graph, augmenting the cur-
rent MovieGraphs with additional context.

Since movies are a 2D projection of a 3D world. For
Aesop to make sense of the 3rd dimension we need
to provide it with depth estimation of the scene. We
use monocular depth estimation [26] to detect the rel-
ative distance from the camera to objects and surfaces
in each frame of the shot. This information is provided
to all the detectors mentioned above to facilitate the
grounding of each of them.

4.4. Grounding on Aesop

Elements of the augmented MovieGraph are then vi-
sualized alongside the source video clip via the web
GUI, where users can map those graph nodes to enti-
ties within Aesop.

Character nodes map directly to Aesop’s Character-
type (e.g. “Young Forrest Gump" maps to "Boy").
Each of the nodes gets its casting information from
the detected character attributes and mapped to the
corresponding Aesop entity’s attributes e.g. hair color,
shirt color, height, etc., provided they exist within Ae-
sop’s asset library. Object nodes are instantiated as
Aesop’s Prop-type (furniture, vegetation, decorations,
etc.). Monocular depth values are averaged across an
object’s bounding box to determine the order of prox-
imity to the camera relative to other objects in the
scene.

Action/Interaction nodes, grounded on skeletal data
from OpenPose, and their timestamps are grounded via
Aesop’s animation engine; a match or near-match is se-
lected from the list of available actions within the Ae-
sop animation library based on the action node descrip-
tion, and character actions are executed at the desig-
nated timestamps within the scene.

Camera tracking from Orbslam provides a motion
path for the Aesop Camera, over which Muvizu pro-
vides full control.

The grounding of MovieGraph nodes via entities in
Aesop’s 3D world can take one of three forms:

• one-to-one, in which a single MovieGraph node
maps to a single Muvizu entity, e.g. "Young For-
rest" maps to Aesop’s "Boy" character.

• one-to-many, in which a single MovieGraph
node maps to multiple Muvizu entities, e.g. "Prin-
cipal’s Office" maps to "Desk," "Chair," "Lamp,"
"Book," etc.
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Fig. 6. An example of grounding a scene in Aesop. The sentence is about “Mrs. Gump reads Forrest a bedtime story.", this would entail that
Mrs. Gump and Forrest is in a bed, most likely sitting or laying on bed, with Mrs. Gump holding a book and reading from it. In grounding such
knowledge graphs, created from textual and visual knowledge, augments the knowledge of the AI clarifying the implicit information.

• many-to-many, in which multiple specific Movie-
Graph nodes are understood to map to multiple
Aesop entities, e.g. "Forrest walks over to the doc-
tor" resolving to two character nodes and an ac-
tion node.

Figure. 6 shows an instance of a grounded graph on
Muvizu. These mappings are saved and re-introduced
whenever they reoccur, thus, the AI could also learn
from them, and continues to resolve nodes that it has
already seen.

4.5. Web-Based Annotator for Common Sense

For the common sense grounding mode, the inter-
face additionally provides a suite of tools that enable
the users to refine previous annotations and create new
annotations as necessary.

Consisting of simple word token tagging and free-
form text input components, text modules enable each
user to mark different terms or create comments per-
taining to a specific part of a text-based dataset. These
user-provided annotations can also introduce an ele-
ment of collaboration as the interface offers a visual
indication of previously tagged terms, as well as a
visualization of agreement amongst the uploaded en-
tries. The tagging module tokenizes individual sen-
tences and paragraphs to enable token-based tagging,
while the free-form module allows the user to submit
free-text comments.

Video annotation modules offer a variety of meth-
ods to annotate individual frames in a single video clip:

bounding boxes and polygons can be created to mark
different on-screen entities, while landmark points can
be used to represent skeletal and facial feature data.
These annotations are presented as overlays above the
original frame, and allow the users to directly move
and resize. In addition, the visualization below the
video player displays a series of dots across the time-
line, indicating occurrence and co-occurrence of indi-
vidual entities over time.

The current web-based annotator is available at the
following link http://bit.ly/aesop-grounding-annotated.
Note that the Muvizu instance runs locally.

5. Conversational AI

In this section we specify the conversational AI
mode of Aesop. We first specify the speech language
parser in Section 5.1; in Section 5.2 we describe our
gesture and gaze analysis module; in Section 5.3 we
detail the dialog manager used in Aesop; in Section 5.4
we formulate our movie making agents using stochas-
tic grammars; in Section 5.5 we present implementa-
tion details for the interface.

5.1. Speech Language Parser

Aesop uses a symbolic language parser TRIPS [17].
TRIPS is a broad-coverage domain-general deep se-
mantic parser that produces a Logical Form (LF)
grounded in a general ontology. It generates a semantic
representation structured around events. TRIPS uses

http://bit.ly/aesop-grounding-annotated
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Fig. 7. TRIPS parser logical form of "Create a man and name him john."

a general language-level ontology, augmented with
domain-specific knowledge about the visual domain.
The output LF is a directed acyclic graph of ontol-
ogy tokens representing entities, events, and their spa-
tial, temporal, and lexico-semantic relationships. The
LF is used to determine a grounded problem-solving
act that represents a common goal between the human
and computer. We illustrate a speech parse in Figure 7
showing an example of a LF for a speech parse: "Create
a man and name him John". The LF is an encoding of
the semantic content of a sentence that can be mapped
to a knowledge representation. TRIPS also identifies
the agent performing the act and the objected affected
by the act.

5.2. Gestures and Gaze

Similar to prior work on incorporating pointing ges-
tures and gaze for linking semantic entities with ob-
jects in a shared space [27], work on communication
with physically embodied agents [28], work on disam-
biguating referring expressions and reference resolu-
tion using non-verbal communication [29], we present
our own component in Aesop that addresses these chal-
lenges.

Aesop integrates a Multimodal Integrated Behav-
ior Analytics (MIBA) system illustrated in Figure 8.
MIBA allows Aesop to utilize the user’s gestures and
gaze in concert with the verbal utterances to manipu-
late the objects and characters in Muvizu. MIBA uti-
lizes a Microsoft Kinect as the underlying sensor. The
sensor provides a high resolution RGB video stream, a
3D depth video stream of the person, and a high quality
audio stream via an onboard microphone. For noisier
venues, we utilize a wireless lapel microphone for the
audio stream in place of the Kinect audio.

First, a fully-articulated 3D skeleton of the person
is tracked via the sensor’s 3D-depth data. This skele-

ton is used by our gesture recognition analytics to rec-
ognize hundreds of unique gestures made by the indi-
vidual including emblematic, deictic, and iconic ges-
tures. Second, the head node of the skeleton is used to
extract the Region Of Interest (ROI) of the head/face
from the high resolution RGB video. From this ROI,
MIBA tracks the head pose (orientation) as well as 51
landmarks on the face. The landmarks are used to rec-
ognize affective and communicative facial expressions.
The head pose tracking is also used for identifying
communicative gestures such as head nods and head
shakes. Furthermore, iris and pupil tracking of the eye
is used to determine 3d eye gaze vectors in conjunc-
tion with the head pose. Third, from the audio stream,
MIBA is able to perform automatic speech recognition
which produces the text input for the conversational
interface. More importantly, it is also able to perform
paralinguistic analysis such as loudness, pitch, speak-
ing rate, prosody of the human’s speech. These signals
can add to the verbal input to focus attention on certain
parts of the utterance and also to transmit affect.

The user interacts with Aesop by sitting or standing
in front of a large screen. Therefore, within Aesop, the
most utilized MIBA components turned out to be the
emblematic gestures and the 3d deictic gestures arising
from the user’s pointing at things and user’s gaze on
screen. MIBA integrates with the object stream from
the Muvizu software in the form of bounding boxes
on the screen. The 3d deictic vectors from the deixis
and gaze are projected on to the Aesop display and
their intersections with the object bounding boxes al-
lows MIBA to identify the objects of reference and ob-
jects of attention. This makes it very easy to resolve
references to specific objects and locations within the
Muvizu world to place actors and props exactly where
the user (director) wants them to be placed. The deixis
also allows the director to explicitly define (i.e., draw)
paths for object and actor trajectories within the Mu-
vizu animations.
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Fig. 8. [Left] Multimodal Integrated Behavior Analysis (MIBA) architecture. [Right] A dashboard of MIBA analytics showing the different
non-verbal behavior analytics performed.

5.3. Dialog Manager

Given a knowledge graph, Aesop instantiates a pos-
sible animation corresponding to the state of the 3D
engine in Muvizu [15], using movie-making agents
which issue environmental and communicative acts.
We use the notion of a collaborative state to repre-
sent the exchange between the user and the system, as
they each express their own goals. Changes in collab-
orative problem state occur via Collaborative Problem
Solving Acts [30] which refer to state-change acts ap-
plied to goals, or domain-specific actions. Maintain-
ing these states as a graph enables the system to return
to the relevant plan or action once subproblems in the
collaboration process have been resolved. Aesop can
spawn actors or objects, change their attributes and lo-
cations, animate various motions with emotional mod-
ifiers, manipulate multiple cameras and capture video.
When the graph consists of missing information, Ae-
sop then decides whether to prompt the user for a clar-
ification by initiating a communicative act or directly
sampling from an underlying probabilistic model.

After parsing an utterance, a set of domain indepen-
dent rules is used for determining shifts in collabora-
tive state via collaborative problem solving acts, such
as proposing goals or informing the other participant
of goal failures. This new state is passed to domain-
specific modules to evaluate the problem in relation
to the environment or model. Aesop’s response to a
change in problem solving state is then passed to a nat-
ural language generation module which provides a re-
sponse to the user about the success or failure of its
last action and next steps. We specify the details of the
agents in the following section.

5.4. Movie Making Agents

In this section, we describe a general approach to
handling directives given by the human, mapping from
natural language input to the corresponding knowledge
graph as output. Aesop models the distribution over
knowledge graphs using a probabilistic And-Or graph
(AOG) [31].

Even though knowledge graphs are deterministic,
directives given in natural language are ambiguous in
nature, that can be refined gradually via communica-
tion, therefore it is advantageous to use a probabilis-
tic model. Further, this enables learning and inference
of knowledge graphs by learning the parameters of the
probabilistic model from annotated data of movies as
well as preferences of the human, ultimately leading
to the goal of a mixed-initiative system. In correspon-
dence with the different types of nodes in knowledge
graphs, our AOG model is divided in to four agents: a
casting agent, a set design agent, an animation agent,
and a camera agent.

The goal of the casting agent is to generate actors
that match the character descriptions in the script. For
example, Figure 9 shows the parse for "John wore a
black hat and a tuxedo with a white shirt." The parser
identifies a set of "attire" tags for clothing. Aesop in-
terprets these descriptions as character attributes.

The goal of the set design agent is to populate the
scene with props and scenery objects. The input will
be scene descriptions, for example, including locations
such as seen in Figure 10 which shows the parse for
"John and Mary drank coffee in the cafe", where the
"cafe" is identified with a "Location" tag by TRIPS.

The goal of the animation agent is to identify events
occurring in the script or commands. This is the crit-
ical goal of our Event Frame representation described
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Fig. 9. TRIPS parse of "John wore a black hat and a tuxedo with a white shirt."

in the next section. TRIPS can parse events as seen in
Figures 9 and Figure 10.

Lastly, the goal of the camera agent is to identify the
type of camera shots needed for a scene. Camera shots
are often described in a script’s slug lines. These lines
are often highly specific in their formatting and abbre-
viated language. In this case, the TRIPS parser may
fail to identify specific shots such as "INT." or "EXT."
or "CLOSE UP". However, given the limited language
used in this case, the camera agent may simply use a
set of regular expressions to identify specific shots.

5.4.1. Labeled And-Or Graph (LAOG)
We use a probabilistic extension of the classical

AOG model that extends the leaf nodes of an AOG to
random variables, AND nodes to conditionally inde-
pendent random variables, and OR nodes to mixture
of random variables. The probabilistic AOG is a hy-
brid model that can model the joint probability distri-
bution of discrete and continuous random variables. In
addition, one can use lateral connections to model lo-
cal constraints and relationships. In prior work [31],
the interior nodes of the AOG model comprise image-
based feature detectors. We take a similar approach,
however, since our AOG operates on natural language
input, the feature detectors are labelled with ontolog-
ical tokens corresponding to a set of words, thus we
name this variation as Labeled AOG (LAOG).

Formally, our LAOG is defined as the tuple (N , C,L,
A,O,D,P) where N is a set of nodes and C denotes

the adjacency matrix so that for any n ∈ N , Cn ⊂ N
denotes the set of children of n that are nodes in N .
Each node n ∈ N contains a label, here we use n to de-
note both the label and the node, the distinction should
be clear from context.

The set L(L ⊂ N ) denotes the set of terminal nodes
(aka leaf) of the LAOG such that for any node n ∈ L,
Dn denotes the probability density function (or mass
function) of n.

The set A(A ⊂ N ) denotes the set of AND nodes
(aka composition) such that for any node n ∈ A, the
children u ∈ Cn are conditionally independent given n.

P(u, v|n) = P(u|n)P(v|n) ∀n ∈ A, u, v ∈ Cn (1)

P(u, v, n) = P(u, v|n)P(n) (2)

For example, in the context of Aesop, an AND node
may represent the composition of the location (real-
valued, 3D), color (discrete value) and orientation of
an actor. AND nodes provide contextual information to
their children, and may filter the input according to the
label of the AND node.

The set O(O ⊂ N ) denotes the set of OR nodes
(aka choice) such that for any node n ∈ O, the distribu-
tion of n is a mixture distribution with mixture compo-
nents as the children u ∈ Cn, with mixing probabilities
Pnu.
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Fig. 10. TRIPS parse of "John and Mary drank coffee in the cafe."

P(n) =
∑
u∈Cn

PnuP(u|n) ∀n ∈ O (3)

For example, in the context of Aesop, an OR node may
represent the type of an actor among the choices of
man, woman, boy, girl, robot etc., with uniform proba-
bilities.

Finally, we introduce an additional set of parame-
ters to model relationships between sibling nodes of
the LAOG. We model this using undirected edges sim-
ilar to a Markov Random Field with ψ denoting some
potential function.

P(B,C) =
1

Z

∑
i

ψi(B,C) (4)

These undirected edges make the children of AND
nodes dependent, however, we only add a limited num-
ber of these. As in prior work [31], inference over di-
rected and undirected edges need to be alternated. For
example, in the context of Aesop, lateral connections
may model the location of an actor relative to another
actor using two potential functions corresponding to
left-of or in-front-of relationships.

It should be clear thatN = A∪O∪L. Finally,D de-
notes the set of distributions for leaf nodes with known
prior probabilities, and P denotes the set of mixing
probabilities for OR nodes, with known prior probabil-
ities.

Aesop uses an implementation of LAOG on top of
the Edward [32] library, thus leveraging a suite of
probabilistic inference algorithms and the deep learn-
ing infrastructure surrounding tensorflow [33].

5.4.2. Refinement of LAOG from Natural Language
Now we are ready to describe the handling of di-

rectives given in natural language. In contrast to sam-
pling from LAOG, here we use the label information
contained in interior nodes as a filter. The output is an-
other LAOG whose sampled outcomes are consistent
with the given directions.

The LAOG approach below is fairly independent of
the choice of parser. Our approach only assumes that
the parser is able to measure the distance between two
words taking in to account contextual information. We
denote this distance as d(wi,w j|ci, c j), where wi,w j
denote two words and ci, c j denote the corresponding
contexts. For example, the context of a word in the
input is the entire sentence. The context of an AND
node is the set of parents leading up to the root. Such a
distance function can be implemented without TRIPS,
for example, as the norm of the difference between the
word2vec embeddings of the two words.

When using the TRIPS parser, we implement a dis-
tance heuristic for any (node,word) pair as follows
where the word from come an input sectence. First, we
map the word to its corresponding ontological token in
the LF from the parse of the entire sentence. Secondly,
we lookup the label of the node in the TRIPS lexicon
to retrieve its ontological token. Now we calculate the
distance between these two ontological tokens.

Ontological tokens are in a tree-like taxonomy, start-
ing from the most general ontology ‘root’, through on-
tologies of increasing specificity e.g. ‘natural-object’,
‘organism’, ‘animal’, ‘vertebrate’, ‘mammal’, ‘per-
son’, and finally ‘male-person’. We leverage this domain-
general taxonomy to define the distance measure. Let
Oi,O j be two ontological tokens i.e. two nodes in the
TRIPS ontological taxonomy. It makes sense to calcu-
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late the distance as the depth of the lowest common
ancestor, divided by the depth of Oi or O j (whichever
larger), in order for the distance to be in [0, 1]. For ex-
ample, the distance between ‘man’ and ‘woman’ is 0.9,
whereas the distance between ‘man’ and ‘hat’ is 0.4.

Above we considered the distance between a word
and a label. Next, consider the more general case where
we have an LAOG and a sentence (or equivalently, its
LF).

(1) For an AND node n with label l, if there exists a
word w in the sentence with distance d(l,w) < ε,
then recurse on all children Cn. That is, the dis-
tance between an AND node and a sentence is
calculated as the minimum distance over all the
words in the sentence.

(2) For an OR node n, calculate the distance between
each child and the sentence, then select the child
with the lowest distance. That is, change the mix-
ture probabilities of the OR node so that a proba-
bility of one is placed on the selected child.

(3) For a leaf node with label l, if there exists a word
w in the sentence with distance d(l,w) < ε, then
transform the distribution based on the sentence.
For a real-valued random variable, we adjust the
mean of the distribution. For a discrete variable
we search for a value that is in the support of the
random variable that is also mentioned in the sen-
tence.

The real-valued attributes are sensitive to a fixed set of
TRIPS ontologies corresponding to value based opera-
tions, namely, ‘large’ (e.g. ‘make him big’), ‘more-val’
(e.g. ‘make him bigger’), ‘small’, ‘tiny’ and ‘less-val’.
More ontologies can be added, however, future work
must alleviate the limitation of relying on the TRIPS
parser to map to this set of ontologies.

5.4.3. Integrating Bottom-Up and Top-Down
Inference

The previous section described a distance function
suitable for top-down inference of LAOG refinement.
In certain sentences, bottom-up inference is required.
For example, when the AND node has a high distance
but the subtree under it has a low distance. Another
prominent issue is the limited vocabulary supported by
the TRIPS lexicon. One of the strengths of the AOG
model is the ease of bottom-up and top-down infer-
ence due to the acyclic and loop free nature of the
graph. These issues are alleviated by integrating top-
down inference (using contextual information) with
bottom-up inference which ignores contextual infor-
mation encoded by the LAOG. Empirically, this leads

to more accurate inference and shorter user utterances
which leads to a better user experience and habitabil-
ity. Bottom-up inference begins by scoring leaf nodes
using an edit-based distance function.

We start with the atomic words present in the ut-
terance. The idea is to check if any words in the sen-
tence belong within the support of the random variable
of each leaf node. In the previous section we used the
score function s(n) = 1−d(n). In the bottom-up phase,
leaf nodes are scored using a secondary distance func-
tion D(w1,w2) that operates on raw strings without any
contextual information. For example, the current im-
plementation of Aesop uses the Jaro-Winkler distance
in order to give a high score to any leaf if there exists
a word in its support with a low edit distance to some
word in the utterance. Informally,

s(leaf) = max
word∈sentence

max
w∈Support of leaf

D(w,word)

The idea behind bottom-up inference is to propa-
gate an upper-bound on the score for each node of the
AOG. Intuitively, if the upper bound score for any node
is zero, it can be removed completely from user inter-
actions – the user is definitely not talking about that.
Starting from the leaf scores generated in the previous
set, we calculate upper bounds denoted by ŝ.

ŝ(n) =

maxc∈children ŝ(c), n∑
c∈children ŝ(c) + s(n), n

s(n), node is leaf


The upper-bound stems from the fact that the scores

of the children of AND node are added instead of mul-
tiplied.

P(n|u, v) ∝ P(u, v|n)P(n) (5)

= P(u|n)P(v|n)P(n) (6)

6 P(u|n) + P(v|n) + P(n) (7)

These upper-bounds are propagated to the root and
used in the top-down phase. In the top-down phase,
an OR node selects the subtree that has the maxi-
mum upper-bound ŝ. Similarly, an AND node uses the
upper-bound as a fail safe, whenever the node has a
high distance and no other refinement takes place in the
entire LAOG. In many cases where the input sentence
is short and ambiguous, the upper bound computed in
the bottom-up phase is often able to select the correct
branch of OR nodes. In these cases, falling back on
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Fig. 11. Few samples from the LAOG after the user says “Create a Man”.

the upper bound for AND nodes produces the correct
refinement. This is because short sentences correctly
identify the leaf nodes but do not provide all the con-
textual information required by the intermediate And
nodes.

5.4.4. Sampling from LAOG
Sampling from the LAOG is straightforward. Given

an LAOG, in order to generate a sample one must sim-
ply start at the root node and recurse as follows:

(1) For an AND node n ∈ A, sample from each child
under this node.

(2) For an OR node n ∈ O, sample a child using the
mixing distribution P and return a sample from
it.

(3) For a leaf node n ∈ L, sample from the corre-
sponding density function Dn.

Figure 11 shows the outputs for multiple runs of the
directive “Create a man”. All the panes show that a
male actor was successfully spawned which indicates
the LAOG was correctly refined. The panes also show
the result of sampling from a random distribution cor-
responding to all male actors, as can be seen in the
variation in body type, facial hair and attire.

5.4.5. Handling Spatial and Temporal Relationships
The refinement algorithm mentioned in the previous

section is able to handle unary and binary spatial rela-
tionships, as well as binary temporal relationships. We
leverage the lateral (undirected) edges in the LAOG
to achieve this. The potential functions used in the
connections are sensitive to a fixed set of TRIPS on-
tologies corresponding to spatial relationships, namely,
‘right’ (e.g.’move him to the right‘), ‘left’, ‘front’, ‘up’,
‘down’, ‘back’, ‘diagonal’, ‘adjacent’ (e.g. ‘move him
next to the chair’), ‘above’, ‘below’, and ‘across’.

Unary relationships are handled in exactly the same
way as the refinement algorithm. For example, the
mean of the distribution corresponding to the location
of the actor is adjusted by a small δ drawn from a uni-
form distribution. The range of δ values is fixed before
hand, as a function of the TRIPS ontologies mentioned

above. Binary spatial (e.g. ‘move him to the left of
the chair’) relationships and temporal relationships are
handled by potential functions that are functions of the
source mean as well as the target mean. In the example
above, the mean location of the man is transformed to
the left of the mean location of the chair.

Temporal relationships are handled in exactly the
same manner, using a different set of ontologies to de-
fine ordering relationships between events. Events are
defined at the top-level of the LAOG and lateral con-
nections are added between events. More ontologies
can be added, however, future work must alleviate the
limitation of relying on the TRIPS parser to map to
these hand-coded set of ontologies.

5.4.6. Coreferences
As mentioned in the examples in the previous sec-

tions, the LAOG refinement algorithm is able to handle
coreferences to previously created actors (e.g. ‘move
him to the right’) and props (e.g. ‘make it bigger’).
Currently, we use the TRIPS system to resolve coref-
erences, however, we can drop in any black box coref-
erencing system. The TRIPS system identifies noun
phrases with unique identifiers. Any coreferences in
utterances are tagged in the logical form using these
unique identifiers. The LAOG manager is able to re-
trieve the corresponding LAOG corresponding to that
noun phrase, and perform unary and binary operations,
and refinement, on the LAOG.

5.4.7. LAOG Prior
In order to refine LAOGs, we start with a prior over

elementary actors (n.b. actors in Aesop include props
and cameras). This prior is over both the structure
and parameters of the LAOG in order to ground the
generated knowledge graphs. In the context of Aesop,
LAOGs need to be grounded in the animation software,
Muvizu, in order to generate a visual output. That is,
Muvizu provides a set of “assets” that are a set of
Named Entities with categories.

The animation software characterizes any actor us-
ing a set of attributes. Basically, each attribute consists
of (1) the name of the attribute as a string, e.g. ‘Loca-
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tion‘, ‘Hat‘ etc., (2) the support of values taken by the
attribute e.g. location is a 3-D real vector, whereas the
hat attribute can take one of many known string values.
More generally, attributes are conditional on the type
of the actor e.g. some animal type actors have a tail
attribute, props like tables do not possess eyes etc.

We start with a simple LAOG prior generated au-
tomatically from the assets provided by the animation
software as follows. Each attribute is converted to a
leaf node whose random variable has the appropriate
support: any real-valued attribute is converted to a ran-
dom variable with a multivariate normal distribution
of the appropriate dimensionality, an attribute with a
bounded range is converted to a random variable with a
beta distribution with auxiliary scale and shift transfor-
mation parameters, and an attribute with discrete sup-
port is converted to a categorical random variable with
uniform probabilities. The name of the attribute is the
label for the leaf node. In this fashion, we are able to
access and modify the large number of graphical assets
provided by Muvizu e.g. a hundred types of hats, over
fifty styles of hair etc. In total, we allow the modifi-
cation of fifty basic attributes that can result in a wide
variety of actor appearances.

The next step is to build an LAOG from these leaf
nodes. A combinatorial number of LAOGs exist with
the same set of leaf nodes, because any number of
AND nodes can be added. In the current version of
Aesop, we do not tackle the problem of automatically
generating the interior nodes of the LAOG, rather we
use a hand-coded set of AND nodes. The root node
of the prior is an AND node with a null label. We
group all unconditional attributes under an AND node
directly below the root node, e.g. location, size, ori-
entation of the actor. We add an OR node under the
root node that selects between the different types of ac-
tors e.g. with labels such as human, object, camera etc.
Each type of actor is represented as an AND node un-
der which all the leaves represent conditional attributes
of that particular actor type.

5.4.8. Aesop Integration
LAOGs are seamlessly integrated in to Aesop so that

any changes made via directives are immediately re-
flected in the web-based interface, the animation soft-
ware, as well as the underlying database representa-
tion. When any new LAOG is created, or an exist-
ing LAOG is refined, the corresponding table in the
database is updated, updating the knowledge graph.
New spatial and temporal relationships are added to
the auxilary database tables that monitor these rela-
tionships. Similarly, any existing actors are automati-

cally converted to the LAOG representation using the
interface to the database. Any new actors created di-
rectly using the animation software, or using the web
interface, are also converted to LAOGs. One can also
import knowledge graphs (e.g. from the MovieGraph
dataset) in to the LAOG format, and make changes via
natural language directive. Overall, this allows a flex-
ible workflow combining natural language directives
with direct control via the web-based interface or the
animation software.

5.5. Web-Based Controller for Conversational AI

Using the web-based controller, the user can en-
gage with Aesop and receive corresponding animations
based on its interpretation of the user’s request. Built
on popular web technologies and hosted on a publicly
accessible server, this platform-agnostic interface al-
lows the user to interact with Aesop without the need
to use a dedicated client application.

Featuring a familiar chat window similar to today’s
messenger applications, the interface allows the user
to submit a text input. This entry is then committed to
a database, which triggers Aesop to utilize TRIPS to
parse the text. Upon completion, Aesop responds with
a series of messages describing its parsing process and
prompts the user to review the results: a knowledge
graph displaying various nodes and edges representa-
tive of the scene as described by the user, and Aesop’s
reconstruction of the very same scene using Muvizu.

The user can then choose to continue interacting
with Aesop using the chat window, or directly inter-
act with the resultant nodes and edges (corresponding
to Aesop’s internal state) to further refine the graph.
The interface provides a number of modules that allow
the users to create manually create nodes and edges
that are compatible with Muvizu assets, and Aesop up-
dates its animation according to the user’s additional
updates. The current web-based controller is available
at the following link http://bit.ly/aesop-conversational.
Note that the Muvizu instance runs locally.

6. Conclusion

We presented Aesop, a novel visual storytelling sys-
tem, for directing and animating. It exploits multi-
modal communication with the computer for an en-
hanced conversational AI. With our common sense
grounding mode, we are able to ground complex con-
cepts onto the same representation used by our conver-

http://bit.ly/aesop-conversational
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sational AI, thus teaching it and expanding its knowl-
edge through various instances. Aesop enables re-
search on conversational AI using verbal and non-
verbal communication, dialogue management, and ges-
ture and language understanding.
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