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Abstract. We have empirically discovered that the space of human actions has 
a linguistic framework. This is a sensory-motor space consisting of the 
evolution of the joint angles of the human body in movement. The space of 
human activity has its own phonemes, morphemes, and sentences. This has 
implications for conceptual grounding. We present a Human Activity Language 
(HAL) for symbolic non-arbitrary representation of visual and motor 
information. In phonology, we define atomic segments (kinetemes) that are 
used to compose human activity. We introduce the concept of a kinetological 
system and propose five basic properties for such a system: compactness, view-
invariance, reproducibility, selectivity, and reconstructivity. In morphology, we 
extend sequential language learning to incorporate associative learning with our 
parallel learning approach. Parallel learning solves the problem of 
overgeneralization and is effective in identifying the kinetemes and active joints 
in a particular action. In syntax, we suggest four lexical categories for our 
Human Activity Language (noun, verb, adjective, and adverb). These categories 
are combined into sentences through syntax for human movement. 

Keywords: sensory-motor semantic grounding, human activity language, 
parallel grammatical learning. 

1   Introduction 

For the cognitive systems of the future to be effective, they need to be able to share 
with humans a conceptual system. Concepts are the elementary units of reason and 
linguistic meaning. A commonly held philosophical position is that all concepts are 
symbolic and abstract and therefore should be implemented outside the sensory-motor 
system. This way, meaning for a concept amounts to the content of a symbolic 
expression, a definition of the concept in a logical calculus. 

An alternative approach states that concepts are grounded in sensory-motor 
representations. This sensory-motor intelligence considers sensors and motors in the 
shaping of the cognitive hidden mechanisms and knowledge incorporation. There 
exists a variety of studies in many disciplines (neurophysiology, psychophysics, 



cognitive linguistics) suggesting that indeed the human sensory-motor system is 
deeply involved in concept representations. 

The functionality of Broca’s region in the brain [10] and the mirror neurons theory 
[4] suggests that perception and action share the same symbolic structure as a 
knowledge that provides common ground for sensory-motor tasks (e.g. recognition 
and motor planning) and higher-level activities. Furthermore, spoken language and 
visible movement use a similar cognitive substrate based on the embodiment of 
grammatical processing. There is evidence that language is grounded on the motor 
system [5], what implies the possibility of a linguistic framework for a grounded 
representation. 

In this paper, we investigate the involvement of sensory-motor intelligence in 
concept description and, more specifically, the structure in the space of human 
actions. In the sensory-motor intelligence domain, our scope is at the representation 
level of human activity. We are not mainly concerned with visual perception (motion 
capture from images), nor with actual motor generation (computation of torque at 
joints). 

We believe multimedia applications will ultimately include all types of sensory 
data. Current applications involve mostly visual and audio information. Although 
these media are important, the integration of sensory data with motor information is 
extremely relevant. An artificial cognitive system with sensory-motor representations 
is able to learn skills through imitation, better interact with humans, and understand 
human activities. This understanding includes reasoning and the association of 
meaning to concrete concepts. The closing of this semantic gap involves the 
grounding of concepts on the sensory-motor information of the corresponding action. 
In this paper, we contribute to the grounding of concrete concepts by modeling human 
actions with a sensory-motor linguistic framework. 

The grounding process may start from video, where objects are detected and 
recognized. At this level, human body parts are features extracted from visual input 
and, consequently, human movement is captured. In this paper, we are interested in 
human actions corresponding to general observable voluntary movement. 

The problem addressed in this paper is to learn representations for human activity. 
In this sense, motion capture data is processed towards the discovery of structure in 
this space. We discovered that human action space has the structure of a language, the 
Human Activity Language (HAL), with its own phonology, morphology, and syntax. 
In this paper, we show how we could obtain this language using empirical data. The 
phonology of human movement involves the segmentation problem, the 
symbolization problem, and an evaluation system. The morphology of human activity 
is posed here as a grammatical inference problem. 

The availability of a language characterizing human action has implications with 
regards to the grounding problem, to the universal grammar theory, to the origin of 
human language and its acquisition process. Besides these theoretical issues, a 
linguistic representation for human activity has several practical advantages. A 
compact specification for human activity leads to compression and better efficiency. 
Once a symbolic linguistic representation is provided, natural language processing 
and speech recognition are sources of methods that could be applied to activity 
understanding. A non-arbitrary symbolic representation allows the use of techniques 
of symbolic reasoning for inference and other cognitive tasks (e.g. recognition) on 



human activities. This framework could also be used as a basic module of a symbolic 
query language for the processing of multimedia data. 

Human activity representation involves several challenging problems and has 
many applications in different areas such as Robotics, Kinesiology, Biomechanics, 
Performing Arts, and Human-Computer Interaction. In Computer Vision, surveillance 
is achieved with automatic activity detection and recognition based on action 
representations. They also assist video annotation with efficient storage, transmission, 
editing, browsing, indexing, and retrieval of the motion data in visual media. 
Basically, low-level features in the visual data are mapped explicitly or implicitly into 
higher-level features representing human movement. These features are parsed 
according to our linguistic framework and, consequently, concrete reasoning is 
performed on this grounded linguistic space. In Computer Graphics, computer 
animation performs realistic motion synthesis and composition. A linguistic 
framework supports automatic animation through the generation of human movement 
according to the human activity language. 

The experimental validation of our linguistic framework is performed in a motion 
capture database. Our motion capture database contains around 200 different actions 
corresponding to verbs associated with voluntary observable movement. The actions 
are not limited to any specific domain. Instead, the database includes actions of 
several types: manipulative (prehension and dexterity), non-locomotor, locomotor, 
and interaction. Each action was performed by the same actor repeated times. 

The paper follows with a brief review of representative related work in section 2. 
Section 3 reviews optical motion capture techniques which map motion in visual 
media to joint angle functions. In section 4, we introduce the concept of kinetology 
with its five basic properties. The morphology of human movement is described in 
section 5 through sequential and parallel language learning. In section 6, syntax 
concerns lexical categories for a Human Activity Language (HAL) and syntactic rules 
constraining sentence formation. Section 7 summarizes our main results and indicates 
future research. 

2   Related Work 

There are several approaches towards bridging the semantic gap between low-level 
features and high-level concepts. Relevance feedback [11] is an interactive approach 
for content-based image retrieval. The relevant images are selected according to user 
feedback and low-level features extracted from each image in a database. Hidden 
annotation [2] further extends these features by including manually Boolean semantic 
attributes (e.g. person, city, animal) in the relevance inference. Usually, image 
databases are only partially annotated due to the heavy manual labor involved. Active 
learning [15] aims to determine which subset of the database should be annotated. In 
this sense, our approach is a step towards fully automatic annotation. Given the 
motion information, each action is automatically converted into our symbolic 
linguistic representation and linked to the corresponding concept for further 
processing. Usual text search engines and other symbolic manipulation techniques 
could be used for the retrieval of multimedia information. 



In our linguistic framework, we aim initially to find movement primitives as basic 
atoms. Fod at al. [3] find primitives by k-means clustering the projection of high-
dimensional segment vectors onto a reduced subspace. Kahol at al. [6] use the local 
minimum in total body force to detect segment boundaries. In Nakazawa at al. [8], 
similarities of motion segments are measured according to a dynamic programming 
distance and clustered with a nearest-neighbor algorithm. Wang at al. [13] segment 
gestures with the local minima of velocity and local maxima of change in direction. 
The segments are hierarchically clustered into classes using Hidden Markov Models 
to compute a metric. A lexicon is inferred from the resulting discrete symbol 
sequence through a language learning approach. 

Language learning consists in grammar induction and structure generalization. 
Current approaches [9, 12, 14] account only for sequential learning. In this paper, we 
extend language learning to consider parallel learning which is inspired by associative 
learning. 

3   Visual Motion Capture 

The mapping from low-level visual features to human movement can be achieved 
implicitly or explicitly through motion capture. Motion capture is the process of 
recording real life movement of a subject in some digital geometric representation 
(e.g. Cartesian coordinates and Euler angles). Optical motion capture uses cameras to 
reconstruct the body posture of the human performer. One approach employs a set of 
multiple synchronized cameras to extract markers placed in strategic locations on the 
body (see Fig. 1). 

 

Fig. 1. Optical motion capture. 

A more flexible method, markerless monocular (single camera) motion capture 
(MMMC), avoids the use of markers and extends the capabilities of such systems to 
any input video. A model-based approach [1] for MMMC uses a 3D articulated model 
of the human body to estimate the posture such that the projection of the model fits 
the image of the performer for each frame. Data driven techniques [7] use a motion 
database to help in the reconstruction of the motion in the video. The motion database 
is pre-processed in order to create connecting transitions between similar poses 
according to kinematic features. 



Given a video featuring human actions, a MMMC system extracts the human 
movement from visual features such as silhouettes. Joint angles are computed for all 
degrees of freedom (DOF) in a hierarchical body model. These joint angle functions 
are the initial input for segmentation in our linguistic framework. 

4   K inetology: The Phonology of Human Movement 

A first process in our linguistic framework is to find structure in human movement 
through basic units akin to phonemes in spoken language. These atomic units are the 
building blocks of a phonological system for our Human Activity Language. We refer 
to this system as a kinetological system. We propose this concept of kinetology, 
where a kinetological system consists in a geometric representation of 3D movement, 
a specification of atomic states (segmentation), the association of symbols to 
segments (symbolization), and satisfies some basic principles. We introduce five 
principles on which such a system should be based: compactness, view-invariance, 
reproducibility, selectivity, and reconstructivity. 

  

(a) Hip Flexion/Extension: RYBG (b) Knee Flexion/Extension: BGRYBGRY 

Fig. 2. Symbolic representation of joint angle functions. 

In order to segment human movement, we consider each actuator independently. 
An actuator is associated with a joint angle specifying the original 3D motion of the 
actuator according to an internal geometric representation. The segmentation process 
assigns one state to each instant of the movement for the actuator in consideration. 
Contiguous instants assigned to the same state belong to the same segment. We define 
a state according to the sign of derivatives of a joint angle function. The derivatives 
used in our segmentation are angular velocity and angular acceleration. 

Each segment corresponds to an atom � , where �  is a symbol associated with the 
segment’ s state. The atomic symbols (B, G, R, Y), called kinetemes, are the 
phonemes of our kinetological system. The symbol B is assigned to positive velocity 
and positive acceleration segments; the symbol G is assigned to positive velocity and 
negative acceleration segments; the symbol R is assigned to negative velocity and 
negative acceleration segments; and the symbol Y is assigned to negative velocity and 
positive acceleration segments (see Fig. 2). 



4.1   Compactness and View-Invar iance 

The compactness principle is related to describing a human activity with the least 
possible number of atoms in order to decrease complexity, improve efficiency, and 
allow compression. Compactness is achieved through segmentation which reduces the 
number of parameters in the representation. Our segmentation approach was 
implemented as a compression method for motion data and resulted in files with about 
3.698% of the original size. Further compression could be achieved with the use of 
symbolization. 

An action representation should be based on primitives robust to variations of the 
image formation process. A view-invariant representation provides the same 2D 
projected description of an intrinsically 3D action even when captured from different 
viewpoints. View-invariance is desired to allow visual perception and motor 
generation under any geometric configuration in the environment space. 

We introduce the Compactness/View-Invariance (CVI) graph for a DOF. A CVI 
graph shows the states associated with the movement at different viewpoints (see Fig. 
3). In order to evaluate the compactness and view-invariance, a circular surrounding 
configuration of viewpoints is used. For each time instant (horizontal axis) and for 
each viewpoint in the configuration of viewpoints (vertical axis), the movement state 
is associated with a representative color. 

 

Fig. 3. Compactness/View-Invariance Graph. 

A compactness measurement consists in the number of segments when the 
movement varies with time. For each viewpoint, the compactness measurement is 
plotted on the left side of the CVI graph. The view-invariance measurement concerns 
the fraction of the most frequent state among all states for all viewpoints at a single 
instant in time. For each time instant, the view-invariance measure is computed and 
plotted on the top of the CVI graph. 

Note that the view-invariance measure has some uncertainty at the borders of 
segments and at degenerate viewpoints. The border effect shows that movement 
segments are not completely stable only during the temporal transition between 



segments. The degenerate viewpoints are special cases of frontal views where the 
sides of a joint angle tend to be aligned. 

4.2   Reproducibility 

An important requirement for a kinetological system is the ability to represent actions 
exactly in the same way even facing intra-personal or inter-personal variability. A 
kinetological system is reproducible when the same symbolic representation is 
associated with the same action performed at different occasions or by different 
subjects. 

A reproducibility measure is computed for each joint angle considering a gait 
database of 16 people covering males and females at different ages. The 
reproducibility measure of a joint angle is the fraction of the most frequent symbolic 
description among all descriptions for the database files. A very high reproducibility 
measure means that symbolic descriptions match among different gait performances 
and the kinetological system is reproducible. 

 

Fig. 4. Reproducibility measure for 12 DOFs during gait. 

The reproducibility measure is very high for the joint angles which play a primary 
role in the walking action (see Fig. 4). Using our kinetological system, six joint angles 
obtained very high reproducibility: pelvic obliquity, hip flexion-extension, hip 
abduction-adduction, knee flexion-extension, foot rotation, and foot progression. 
These variables seem to be the most related to the movement of walking forward. 
Other joint angles obtained only a high reproducibility measure which is interpreted 
as a secondary role in the action: pelvic tilt and ankle dorsi-plantar flexion. The 
remaining joint angles had a poor reproducibility rate and seem not to be correlated to 
the action: pelvic rotation, hip rotation, knee valgus-varus, and knee rotation. 

Our kinetological system performance on the reproducibility measure for all the 
joint angles shows that the system is reproducible for the DOFs intrinsically related to 
the action. Further, the system is useful in the identification (unsupervised learning) 
of variables playing primary roles in the activity. The identification of the intrinsic 
variables of an action is a byproduct of the reproducibility requirement of a 
kinetological system. 



4.3   Selectivity 

The selectivity principle concerns the ability to discern between distinct actions. In 
terms of representation, this principle requires a different structure to represent 
different actions. We compare the compact representation of several different actions 
and verify whether their structures are dissimilar. 

The selectivity property is demonstrated in our representation using a set of actions 
performed by the same individual. Four joint angles are considered: left and right hip 
flexion-extension, left and right knee flexion-extension (see Fig. 5). The different 
actions are clearly represented by different structures. 

 

(a) Walk (b) Run (c) Jump 

Fig. 5. Selectivity: Different representations for three distinct actions. 

4.4   Reconstructivity 

Reconstructivity is associated with the ability to approximately reconstruct the 
original movement signal from a compact representation. Once the movement signal 
is segmented and converted into a non-arbitrary symbolic representation, this compact 
description is only useful if we are able to recover the original joint angle function or 
an approximation. 

In order to use a sequence of kinetemes for reconstruction, we consider one 
segment at a time and concentrate on the state transitions between two consecutive 
segments. Based on transitions, we determine constraints about the derivatives at 
border points of the segment. 

Each segment can have only two possible states for a next neighbor segment. 
However, the transition B �  Y (R �  G) is impossible, since velocity cannot become 
negative (positive) with positive (negative) acceleration. Therefore, each of the four 
segment states has only two possible state configurations for previous and next 
segments and, consequently, there are eight possible state sequences for three 
consecutive segments. Each possible sequence corresponds to two equations and two 
inequality constraints associated with first and second derivatives at border points. 

A simple model for a joint angle function inside a segment is a polynomial. 
However, low degree polynomials don’ t satisfy the constraints originated from the 
possible sequences of kinetemes. For example, a cubic function has a linear second 
derivative which is impossible for sequences where the second derivative assumes 
zero value at the borders and non-zero values at interior points (e.g. GBG). The least 



degree polynomial satisfying the constraints imposed by all possible sequences of 
kinetemes is a fourth degree polynomial. 

The reconstruction process finds five parameters defining this polynomial with the 
two equations associated with the particular sequence of kinetemes. This involves an 
under-constrained linear system and, consequently, additional constraints are required 
to reconstruct the polynomial modeling the joint angle function in a segment. We 
introduce two more equations using the joint angle value at the two border points. 
With four equations, a linear system is solved up to one variable. This last free 
variable is constrained by four inequalities and it can be determined using some 
criteria such as jerk minimization (see Fig. 6). We implemented this reconstruction 
scheme as a decompression method for motion data. The average error for all joints 
was about 0.823

�

. This way, action generation is effectively achieved just by applying 
reconstruction to our symbolic compact representation. 

  

(a) Hip Flexion/Extension (b) Knee Flexion/Extension 

Fig. 6. Reconstruction of joint angle functions. 

4.5   Symbolization 

The kinetological segmentation process results into atoms observing some natural 
variability. Our goal is to identify the same kineteme amidst this variability. A 
classification process associates each kineteme with a class/cluster which is denoted 
as a literal symbol. All kinetemes are obtained by executing the same process for a 
vocabulary of human actions. 

Symbolization consists in clustering motion segments such that each class 
contains variations of the same motion. This way, each segment is associated with a 
symbol representing the cluster that contains motion primitives with a similar spatio-
temporal structure (see Fig. 7). 

Each joint angle is considered independently and the movement corresponding to a 
specific DOF is segmented into a sequence S of n atoms � i. The input for our 
algorithm is this sequence of atoms. A class label is assigned to each atom such that 
the similar kinetemes will be assigned to the same cluster. 



 

 

Fig. 7. Segmentation and symbolization. 

A simple way to perform symbolization is to compute a graph, where the set of 
vertices corresponds to all segments with the same atomic state. There exists an edge 
between two vertices in the graph if the similarity distance between the two 
corresponding segments is less than a threshold value. The similarity distance is the 
absolute difference between the time normalized versions of the joint angle functions 
associated with the segments. The symbolization clusters are the connected 
components of the similarity graph. 

5   Morphology 

Morphology is concerned with the structure of words, the constituting parts, and how 
these parts are aggregated. In the context of a Human Activity Language, morphology 
involves the structure of each action and the organization of a praxicon (lexicon of 
human movement) in terms of common subparts. Our methodology consists in 
determining the morphology of each action in a praxicon and then in finding the 
organization of the praxicon. 

The morphology of a specific human action should include the selection of which 
joints are involved in the activity, the identification of the kinetemes associated with 
each participating actuator, and the synchronization rules among kinetemes in 
different active joints. We pose the problem of learning the morphology of a human 
action as the grammatical inference of a grammar system modeling the human 
activity such that each component grammar corresponds to an actuator. 

5.1   Sequential Grammar  Learning 

In order to analyze the morphology of a particular action, we are given the symbolic 
representation for the movement associated with the concatenation of several 
performances of this action. For each joint angle, we apply a grammar learning 
algorithm to this representation, which ultimately consists in a single string of 
symbols instantiating the language to be learned. Each symbol in the string is 
associated with a time period. 

The learning algorithm induces a context-free grammar (CFG) corresponding to 
the structure of the string representing the movement. The algorithm is based on the 
frequency of digrams in the sequence. At each step i, a new grammar rule Ni �

 AB is 



created for the most frequent digram AB of consecutive symbols and every occurrence 
of this digram is replaced by the non-terminal Ni in the sequence of symbols. This 
step is repeated until the most frequent digram in the current sequence occurs only 
once. Each non-terminal Ni is associated with the time period corresponding to the 
union of the periods of both symbols A and B. The CFG induced by this algorithm 
corresponds to a forest of binary trees which represents the structure of the movement 
(see Fig. 8). 

 

Fig. 8. Grammar forest tree for the hip joint during walk forward. 

5.2   Parallel Grammar  Learning 

The execution of a human action involves the achievement of some goal and, 
therefore, requires consistency in a single string (sequential grammar) and 
coordination among different strings (parallel grammar). This way, sequential 
grammar learning and parallel grammar learning are combined to infer the 
morphology of a human action. 

A problem with sequential learning is the overgeneralization that takes place when 
two unrelated non-terminals are combined in a rule. This happens mostly in higher-
levels of the grammar tree, where the digram frequencies are low. In order to 
overcome this problem, we introduce parallel grammar learning which considers all 
joint angles simultaneously. 

A parallel grammar system consists in a set of simultaneous CFGs related by 
synchronized rules. A synchronized rule between two non-terminals of different 
CFGs constrains these non-terminals to have an intersecting time period in the 
different strings generated by their respective CFGs. This grammar models a system 
with different strings occurring at the same time. In human activity, each string 
corresponds to the representation of the movement for one joint angle. 

The parallel learning algorithm executes sequential learning considering all the 
joint angles simultaneously. The digram frequency is still computed within the string 
corresponding to each joint angle independently. When a new rule is created, the new 
non-terminal is checked for possible synchronized rules with non-terminals in the 
CFGs of other joint angles. A synchronized rule relating two non-terminals in 
different CFGs is issued if there is a one-to-one mapping of their occurrences in the 
associated strings. Furthermore, any two mapped occurrences must intersect the 
corresponding time periods (see Fig. 9). 



 

Fig. 9. Parallel grammar system learning. 

Initially, synchronized rules are difficult to be issued for low-level non-terminals 
(closer to the leaves of the grammar forest tree). These non-terminals have a high 
frequency and some atom occurrences are spurious. However, high-level non-
terminals are more robust and synchronized rules are reliably created for them. This 
way, when a synchronized rule is issued for a pair of non-terminals A and B, their 
descendents in the respective grammar trees are re-checked for synchronized rules. 
This time, we consider only instances of these descendent non-terminals which are 
concurrent with A and B, respectively. 

We show an execution of our parallel learning algorithm below. For two iterations, 
we show the set of strings A, the sets of production rules Pi , and the relation R with 
the synchronized rules. Spaces and dashes are just for visual presentation of the time 
period associated with each symbol. Non-terminals are displayed only with their 
index numbers. 
A = { ( a - 5-  d - 5-  a d a - 5-  d - 5-  a d a - 5-  d - 5-  a d) ,  
     ( - 1-  a d a - 1-  d - 1-  a d a - 1-  d - 1-  a d a - 1-  d) ,  
     ( - - - 4- - -  - - - 4- - -  - - - 4- - -  - - - 4- - -  - - - 4- - -  - - - 4- - - ) ,  
     ( a d a d c  a b c a d b b d b c  a c d c b b a a d) ,  
     ( a - 6-  d - 6-  a d a - 6-  d - 6-  a d a - 6-  d - 6-  a d) } ,  
P1 = { 5- > bc} ,  P2 = { 1- > bc} ,  P3 = { 2- > cd,  3- > 2a,  4- > 3b} ,  P4 = { } ,  P5 = { 6- > bc} ,  
R = { ( 2, 1) ,  ( 3, 1) ,  ( 4, 1) ,  ( 5, 1) ,  ( 5, 2) ,  ( 5, 3) ,  ( 5, 4) ,  ( 6, 1) ,  ( 6, 2) ,  ( 6, 3) ,  ( 6, 4) ,  ( 6, 5) } .  

A = { ( a - 5-  d - 5-  a d a - 5-  d - 5-  a d a - 5-  d - 5-  a d) ,  
     ( - 1-  a d a - 1-  d - 1-  a d a - 1-  d - 1-  a d a - 1-  d) ,  
     ( - - - - - - - 7- - - - - - -  - - - - - - - 7- - - - - - -  - - - - - - - 7- - - - - - - ) ,  
     ( a d a d c  a b c a d b b d b c  a c d c b b a a d) ,  
     ( a - 6-  d - 6-  a d a - 6-  d - 6-  a d a - 6-  d - 6-  a d) } ,  
P1 = { 5- > bc} ,  P2 = { 1- > bc} ,  P3 = { 2- > cd,  3- > 2a,  4- > 3b,  7- > 44} ,  P4 = { } ,  P5 = { 6- > bc} ,  
R = { ( 2, 1) ,  ( 3, 1) ,  ( 4, 1) ,  ( 5, 1) ,  ( 5, 2) ,  ( 5, 3) ,  ( 5, 4) ,  ( 6, 1) ,  ( 6, 2) ,  ( 6, 3) ,  ( 6, 4) ,  ( 6, 5) } .  

Besides formally specifying the relations between CFGs, synchronized rules are 
effective in identifying the maximum level of generalization for an action. Further, 
the set of joints related by synchronized rules corresponds to the active joint angles 
concerned intrinsically with the action. The basic idea is to eliminate nodes of the 
grammar trees with no associated synchronized rules and the resulting trees represent 
the morphological structure of the action being learned. 



6   Syntax 

The Subject-Verb-Object (SVO) pattern of syntax is a reflection of the patterns of 
cause and effect. An action is represented by a word that has the structure of a 
sentence: the agent is a set of active body parts and the predicate is the motion of 
those parts. 

In a sentence, a noun represents the subjects performing an activity or objects 
receiving an activity. A noun in a HAL sentence corresponds to the body parts active 
during the execution of a human activity and to the possible objects involved 
passively in the action. The initial posture for an action is analogous to an adjective 
which further describes the active joints representing the noun in a HAL sentence. 
The sentence verb is associated with the kinematic changes each active joint 
experiences during the action execution. A HAL adverb models the variation in the 
execution of each segment. The adverb modifies the verb with the purpose of 
generalizing the motion. The motion of a segment is represented in a space with a 
reduced dimensionality, where adverbs are learned. 

The lexical categories proposed for HAL compose a nuclear syntax. A HAL 
sentence S �  NP VP consists of noun phrase (noun + adjective) and verbal phrase 
(verb + adverb), where NP �  N Adj and VP �  V Adv (see Fig. 10). The 
organization of human movement is simultaneous and sequential. This way, the 
nuclear syntax expands to parallel syntax and sequential syntax. The parallel syntax 
concerns simultaneous activities represented by parallel sentences St, j and St, j+1. This 
syntax constrains the respective nouns of the parallel sentences to be different: Nt, j �  
Nt, j+1. This constraint states that simultaneous movement must be performed by 
different body parts. 

 

Fig. 10. Nuclear, parallel, and sequential syntax. 

The temporal sequential combination of action sentences St, j St+1, j must obey the 
cause and effect rule. In sequential syntax, the HAL noun phrase must experience the 
verb cause and the joint configuration effect must lead to a posture corresponding to 
the noun phrase of the next sentence. Considering noun phrases as points and verb 
phrases as vectors in the same space, the cause and effect rule becomes NPt, j + VPt, j = 
NPt+1, j (see Fig. 10). The cause and effect rule is physically consistent and embeds the 
ordering concept of syntax. 



The lexical units are arranged into sequences to form sentences. A sentence is a 
sequence of actions that achieve some purpose. In written language, sentences are 
delimited by punctuation. Analogously, the action language delimits sentences using 
motionless actions. In general, a conjunctive action is performed between two actions, 
where a conjunctive action is any preparatory movement that leads to an initial 
position required by the next sentence. 

7   Conclusion 

In this paper, we presented a linguistic framework used for conceptual grounding 
through human activity. The grounding of concepts is achieved through the mapping 
of concrete verbs (observable voluntary actions) to the sensory-motor representations 
suggested. We introduced the concept of a kinetological system. We proposed a 
segmentation approach and a symbolization technique. As an evaluation method, we 
suggested five basic properties for such a system: compactness, view-invariance, 
reproducibility, selectivity, and reconstructivity. 

In morphology, we extended sequential language learning to incorporate 
associative learning with our parallel learning approach. Parallel learning solves the 
problem of overgeneralization and is effective in identifying the active joints, 
kinetemes, and synchronization (coordination) in a particular action. 

In syntax, we suggested four lexical categories for our Human Activity Language 
(noun, verb, adjective, and adverb). These categories are combined into sentences 
through nuclear syntax and other specific syntax for human movement: parallel and 
sequential. 

From a methodological viewpoint, our paper introduced a new way of achieving an 
artificial cognitive system through the study of human action, or to be more precise, 
through the study of the sensory-motor system. We believe this study represented 
initial steps of one approach towards conceptual grounding. The closure of this 
semantic gap will lead to the foundation of concepts into a non-arbitrary meaningful 
symbolic representation based on sensory-motor intelligence. This representation will 
serve to the interests of reasoning in higher-level tasks and open the way to more 
effective techniques with powerful applications. 

For future work, we intend to construct a praxicon (vocabulary of actions) and 
explore its morphological organization towards the discovery of more structure in the 
human activity language. We also expect more development concerning human 
movement syntax from the empirical study of this praxicon. 
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