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Wepropose a newmodel for vision, where vision is part of an intelligent system that reasons. To achieve this we
need to integrate perceptual processing with computational reasoning and linguistics. In this paper we present
the basics of this formalism.
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1. Perception as recovery

The goal of classical Computer Vision has been to create 3d descrip-
tions of the scene or recognize the scene by assigning labels to objects
and actions. The labels would be given to symbolic reasoning systems,
of the kind Artificial Intelligence develops, that would reason about the
world. This separation of vision from cognitive considerations allowed
for a specialized and formal analysis of images, and allowed Computer
Vision to become a discipline on its own. Even famous psychologists sub-
scribing to theparadigmwrote extensively on the cognitive impenetrabil-
ity of visual perception, implying that the workings of visual perception
are shielded from any cognition and presenting visual perception as a
mechanistic black box that delivers labels through recognition.

Current practice has suggested repeatedly that going from “pixels”
to “symbols” in a bottom up manner is very hard, if not impossible. It
appears that knowledge of some form comes into the process quite
early. In the classical framework, there is only one place where percep-
tion and cognitionmeet. This does not seem tofit well with our intuitive
understanding of perception and thinking. Human behavior is active
and exploratory. We continuously shift our gaze to different locations
in the scene in front of us. We recognize objects, sounds and actions
and this leads us to fixate again at a new location, and so on. Humans
interpret perceptual input by using their knowledge of images, sounds,
actions and objects, along with the perceptual operators that extract
information from signals.
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2. Perception as inference

Theorists of perception have long understood that signal analysis is
not enough to produce an understanding of the scene; there must be
some additional source of information beyond retinal images that is
used in the process of seeing. The famous visual psychologist von
Helmholtz proposed that the additional knowledge is brought in
through a process of inference. Since we are not aware of it, he called
it unconscious inference. Whilemost of the literature discusses this infer-
ence only with respect to geometrical and physical constraints in the
world, we argue that the idea can be taken further. Adding any form
of knowledge to the signal processing can be implemented as inference
or reasoning. The prior knowledge can beunconscious about thephysics
of theworld and conscious about likely configurations of objects, events
and their spatio-temporal relations. We conclude that perception inter-
acts continuously with cognition at different levels of abstraction: to
guide attention, to make predictions, to constrain the search space for
recognition, and to reason over what is being perceived. This is an
interactive bottom-up and top-down interaction; as information is
exchanged between vision and cognition, meaning emerges.

3. The use of language

At the technical level, infusing perception with reasoning can
happen through knowledge-based engineering and the use of
language. There has been a recent interest in research in the field
of Computer Vision to introduce additional higher-level knowl-
edge about image relationships into the interpretation process
(e.g. [3,5,6]). While current studies get this additional information
from captions or accompanying text, more advanced language
processing can be used to obtain additional high level information.
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Linguists and computational linguists have a longstanding interest
in modeling lexical semantics, i.e. conceptual meanings of lexical
items and how these lexical items relate to each other [1] and
have created resources where information about different con-
cepts, such as cause–effect, performs-functions, used-for, and
motivated-by, can be obtained. For example, the Word-Net data-
base relates words through synonymy (words having the same
meaning, like “argue” and “contend”) and hypernymy (“is–a” rela-
tionships, as between “car” and “vehicle”), among many others [8].
Linguistics also has created large text corpora and statistical tools
so we can obtain probability distributions for the co-occurrence
of any two words, such as how likely a certain noun co-occurs
with a certain verb.

Using these linguistic tools, how can we aid vision to build bet-
ter systems for interpreting images? One way is to use linguistic
information as a contextual system that provides additional infor-
mation to the interpretation, as already utilized in some multime-
dia systems. For example, certain objects are likely to co-occur,
such as “tables” often co-occur with “silverware” and “glasses”.
But if we consider vision an active process, there is more. Let's
say you are in a kitchen. Because you have prior knowledge
about kitchens, their structure and the actions taking place in
them and a large part of this knowledge is expressed in language,
we can utilize this information during visual inspection. A knife in
the kitchen will most probably be used for “cutting” a food item, so
the vision can look for it. Then language acts as a high level prior
knowledge system that aids perception. Or, let's say you observe
someone pick up the knife and put in the drawer. Given this, you
know that the object is not gone, but just hidden from sight. In
this case, language acts as part of a reasoning process. When
humans interpret a visual scene, we fixate at some location and
recognize nouns, verbs, adjectives, adverbs and prepositions.
Because the linguistic system is highly structured, these recogni-
tions produce a large number of inferences about what could be
happening in the scene. This leads us to fixate at a new location,
and the same process is repeated. In other words, language acts
as part of an attention mechanism.

4. The Cognitive Dialogue

In a real sense, during the process of vision, perceptual processes
are interacting with language processes and motor actions. Our atten-
tion is guided by low level perceptual object features and/or move-
ments, but also by high level knowledge and our overall goals. Object
and action recognition themselves interact continuously with prior
knowledge that formulates expectations and constrains the recogni-
tion search space. Reasoning is used to make sense out of visual
input correcting visual recognition at times toward solutions that
make sense in one's context. This is a dynamic interaction of cognitive
processes that is generally agreed upon but has not been implemented
yet computationally. We suggest that this interaction should be imple-
mented as a dialogue computationally to achieve scalable visual scene
analysis by intelligent systems (e.g. in a message passing framework).
To give an example, let's say the goal is the production of a semantic
description of the scene in view. The way this can be achieved, is by
having the language processes (LP) and the visual processes (VP)
engage in some form of a Cognitive Dialogue, in language. The LP can
ask the VP a number of questions, such as: is there bnounN? in the
scene? Where is it? What is next to bnounN? Where did the agent
that performed bactionN go afterwards?. By allowing the LP to ask
questions and receive answers, and repeat the process, we bring
forward the whole power of language in the semantic analysis, some-
thing that was not possible before. If we also include the motor
processes, MP, and the auditory processes, AP, the Cognitive Dialogue
integrates perception, action, and cognition.
5. Research directions

We next discuss some of the questions to be addressed that we
believe are important to advance on scene understanding.

5.1. Tools for the late integration of vision, knowledge and language

Consider the problem of activity description, as in the sentence:

A woman cuts the potato with a knife on the table.

Language tools should provide us with two kinds of information.
First, we need information about the possible quantities in a certain
context. In the example above, assuming we know that we are process-
ing a kitchen scene, language should provide the possible objects
and verbs used in this setting. Current Computer Vision applications
deal with predefined data sets. However, knowledge databases (such
as [2]) can provide this information. The Praxicon [7,10], is such a
resource, which contains knowledge of common sense everyday activi-
ties. This lexical database, obtained by re-engineering WordNet, pro-
vides pragmatic relations, on the relations of verbs and objects and it
also provides algorithms, which we can use to query domain-specific
knowledge, for example if we want to obtain the quantities involved
in cooking in a family kitchen.

Second, we need language tools that provide us with contextual
relations of different quantities, such as that ‘knives’ are possibly used
for ‘cutting’, and such activity is often performed ‘on tables.’ Classical
linguistics can build domain knowledge of this kind, and provide infor-
mation onwhether certain combinations are plausible or not. Statistical
language tools accessing large text corpora can provide statistics on the
co-occurrence of the different quantities in certain domains. We can
then use this statistical language information together with statistical
information from the visual recognition with classifiers to optimize for
scene interpretation. In our own work we have used the statistical
language approach for action interpretation in video, where we obtain-
ed the probabilities about the co-occurrence of quantities from a large
text corpus to generate a sentence description [12]. We also demon-
strated the lexical database approach for a robot observing actively
humans performing actions to create descriptions that will allow the
robot to execute similar actions [11,14].

Interesting questions arise when we realize the dialogue for active
agents and construct themodels dynamically. As the dialogue proceeds,
additional knowledge introduced into the language space changes the
expectation for other concepts. Similarly, knowledge creates expecta-
tions in the visual space, and thus constrains the search space for object
and action recognition. For example, if during the dialogue there is a
high probability that the human is performing a cutting action, the
vision module will not need to run every object classifier to identify
the tool used for cutting, but should inspect whether the tool used is
one of a small set of cutting tools. Going even further, instead of apply-
ing object classifiers, it could instead apply procedures that check the
appearance of cutting tools.

5.2. Controlling the dialogue

An essential component of the vision knowledge/language dialogue
is that it should guide the attention to expected objects, their locations
and attributes and to actions in the scene. We thus need models for
the attention mechanism which will predict the order of fixations, i.e.
to what and where we should allocate the computational resources.
As an example, in [15] we proposed a way to control the Cognitive
Dialogue using information theory. At any time, the system has a goal.
The goal can be as simple as recognizing a scene by the objects in it, or
more complicated as in the recognition of an activity, which is described
by many quantities. At each time t, the system must utilize what it al-
ready knows in order to pick the optimal question to ask at step t + 1.
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We formulated this using Bayesian estimation. The probabilities in-
volved come from the accuracy of visual detectors, and the importance
of the individual quantities in describing the scene or activity derived
from language. At step t + 1 the criterion for selecting the appropriate
quantity is tomaximize the information gained about the scene/activity
recognition due the response of the added quantity detector, and this
can be modeled by the KL divergence between the probability distribu-
tions of detecting the activity on the basis of the quantity detectors at
step t and the probability distribution of detecting with an additional
quantity detector. Adding criteria for how to start the process, such as
for example always attending first to moving humans and criteria for
finishing the process, we obtain a systematic way of carrying on the
dialogue.

5.3. Early integration of vision and knowledge for recognition

At the level of recognition, the integration of vision and language is
much more difficult, because written texts usually do not describe the
visual appearance of objects and actions. Language can provide some
information about attributes: about their color, texture and shape, and
this knowledge can be used directly in recognition and segmentation.
For example, it is easier to segment the long red object than to generally
perform segmentation of the scene. A fertile ground for recognition, we
believe, will come from using machine learning techniques that
combine visual information in images with information from language,
such as attribute information, ontological knowledge, and the affordances
(or functionality) of objects.

Actions are compositional in nature. Starting from simple actions
occurring on a part of the body, we can compose actions from several
limbs to create more complex actions, and we can further combine a
sequence of simple actions into activities. Language can be used to
enhance the action recognition at the higher levels and its composition
from lower-levels onwards. Language can be used to enforce temporal
and logical constraints on how actions can be chained together, using
a grammar of action [9] that binds sensorimotor symbols (hands,
arms, body parts, tools, objects) with language. In this case, the LP will
work across all levels, from bi-grams of actions to inferring the most
likely activity from the sequence of such bi-grams, using large corpora.

6. Conclusions

One way is to consider vision in isolation as a mechanistic system
that learns to detect what is where. This is how vision is studied today
for themost part. Another way is to consider vision as part of an intelli-
gent system that reasons (and acts) and can ask questions beyondwhat
and where, such as why, how, who, and many other questions [4,13].
This second way introduces more interesting questions and points to a
new theory for the integration of intelligent systems with perception.
The Cognitive Dialogue and the tools surrounding it represent our effort
toward that direction.
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