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Abstract. Current perceptual algorithms are error-prone and require the use of
additional ad hoc heuristic methods that detect and recover from these errors. In
this paper we explore how existing architectural mechanisms in a high-level
cognitive architecture like ACT-R can be used instead of such ad hoc measures.
In particular, we describe how implicit learning that results from ACT-R’s
architectural features of partial matching and blending can be used to recover
from errors in object identification, tracking and action prediction. We
demonstrate its effectiveness by building a model that can identify and track
objects as well as predict their actions in a simple checkpoint scenario.
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1 Introduction

Perception is a key component of any system with claims to AGI [1]. While cognition
can affect perception, much of perception remains bottom-up with parallel processes
that implement functions from figure-ground separation to object identification and
tracking. The parallel, bottom-up nature of perception is important for an agent
interacting with the external world since it allows the agent to quickly understand and
categorize what it perceives and, consequently, take appropriate action. However,
even with the best current algorithms, information from perception is also likely to be
error-prone and probabilistic. It then falls to cognition to take this information and
refine it using additional knowledge.

Approaches that deal with errors in perceptual processing are usually ad hoc and
based on specialized heuristics that take advantage of the domain of interest [2]. For
example, in person detection, it is often the case that people are assumed to be “on the
ground” and so any data that points to a person floating above the ground can be
considered as unlikely. In this paper, we take a more cognitively plausible approach
by using ACT-R [3], to model a system that learns to predict the result of perception.
This prediction is then used to supplement perceptual inputs in order to overcome any
errors. In general, this predictive ability is not restricted to the information from
perception. It can be used at the cognitive level for predicting or anticipating actions,
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goals and cognitive states. However, in this paper, we limit ourselves to using
predictions to refine perceptual input.

At the level of cognitive theory, the ACT-R model of perceptual refinement is an
example of instance-based learning in humans where information from multiple
instances are generalized and used to set up expectations about future situations.
Generating expectations based on past experience is key to a number of cognitive
endeavors. Expectation-based models have been developed and validated in a
number of domains, including expectations of future perceptual events in sequence
learning [4]; expectations of other players' moves in games [5][6]; expectations for
the outcome of actions such as probabilistic payoffs [7][8]; expectations of dynamical
system behavior in control problems [9][10]; mental imagery for general problem
solving [11] and perspective taking [12][13]. Indeed, theories have proposed [14] [15]
that the fundamental computational property of the human cortex is the completion of
spatiotemporal patterns to generate expectations. Thus it seems fitting that we would
explore the role of expectations in how cognition oversees perception and
compensates for its shortcomings.

The current model (as well as some of the other models of instance-based learning
mentioned above) is built upon two features of ACT-R’s declarative memory and
retrieval mechanism — partial matching and blending. In the following sections we
describe the ACT-R architecture, demonstrate the effects of partial matching and
blending, and describe how these effects are useful in recovering from perceptual
errors in a simple checkpoint scenario.

2 ACT-R

The ACT-R cognitive architecture is a modular, neurally-plausible theory of human
cognition. The ACT-R architecture describes cognition at two levels — the symbolic
and the sub-symbolic. At the symbolic level, ACT-R consists of a number of modules
each interacting with a central inference control system (Procedural module) via
capacity-limited buffers. Modules represent functional units with the most common
ones being the Declarative module for storing declarative pieces of knowledge, the
Goal module for storing goal-related information, the Imaginal module which
supports storing the current problem state, and the Perceptual (Visual and Aural) and
Motor modules that support interaction with the environment. The only way to access
the content stored in a module is through that module’s buffer. Modules can operate
asynchronously, with the flow of information between modules synchronized by the
central procedural module.

Declarative memory stores factual information in structures called chunks. Chunks
are typed units similar to schemas or frames that include named slots (slot-value
pairs). Productions are condition-action rules, where the conditions check for the
existence of certain chunks in one or more buffers. If these checks are true, the
production is said to match and can be fired (executed). In its action part, a production
can make changes to existing chunks in buffers or make requests for new chunks.
ACT-R has a second underlying sub-symbolic (numerical) layer that associates values
(similar to neural activations) to chunks and productions. These activation (utility in
the case of productions) values play a crucial role in deciding which productions are
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selected to fire and which chunks are retrieved from memory. ACT-R also has a set of
learning mechanisms that allow an ACT-R model to learn new declarative facts and
production rules as well as modify existing sub-symbolic values. A full account of
ACT-R theory can be found in [16] and [3].

In this paper, we restrict further discussion about ACT-R to the declarative module
since its performance is implicated in our current work. As mentioned earlier, the
declarative module stores factual information in the form of chunks and makes these
available to the rest of the architecture via the retrieval buffer. There are two critical
mechanisms for retrieving information in ACT-R’s declarative module — partial
matching and blending - that are important to this current integration.

2.1 Partial Matching

In ACT-R, productions make requests for chunks in declarative memory by
specifying certain constraints on the slot values of chunks. These constraints can
range from the very specific where every slot and value of the desired chunk is
specified to the very general (akin to free association) where the only specification is
the type of the chunk. Request criteria also include negatives where you can specify
that a slot should not have a particular value as well as ranges (in the case of
numerical values). The standard request generally specifies the chunk type and one or
more slot values but not all. If there are multiple chunks that exactly match the
specified constraints, the chunk with the highest activation value is retrieved. The
activation value of a chunk (1) is the sum of its base-level activation and its
contextual activation. The base-level activation of a chunk is a measure of its
frequency and recency of access. The more recently and frequently a chunk has been
retrieved, the higher its activation and the higher the chances that it is retrieved. (2)
describes the equation for calculating the base-level activation of a chunk i where # is
the time elapsed since the j™ reference to chunk i, d represents the memory decay rate
and L denotes the time since the chunk was created.
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The contextual activation of a chunk is determined by the attentional weight given the
context element j and the strength of association Sj; between an element j and a chunk
i. An element j is in context if it is part of a chunk in a buffer (i.e., it is the value of
one of the goal chunk’s slots). The default assumption is that there is a limited source
activation capacity that is shared equally between all chunk elements. The associative
strength Sj; is a measure of how often chunk i was retrieved by a production when
source j was in context. In addition to the base-level and contextual values, some
randomness is introduced into the retrieval process by the addition of Gaussian noise.

M, = A; — MPZ(l —Sim(v,d)) (3)
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Without partial matching enabled, the retrieval mechanism only considers those
chunks that match the request criteria. When partial matching is enabled, the retrieval
mechanism can retrieve the chunk that matches the retrieval constraints to the greatest
degree. It does this by computing a match score for each chunk that is a function of
the chunk’s activation and its degree of mismatch to the specified constraints. (3) is
the formula for computing the match score. MP is the mismatch penalty, Sim(v,d) is
the similarity between the desired value v and the actual value d held in the retrieved
chunk. With the use of partial matching, the retrieval mechanism can retrieve chunks
that are closest to the specified constraints even if there is no chunk that matches the
constraints exactly. This is particularly useful as shown below in situations where
values are continuous and dynamic. Since the degree of match is combined with the
activation to yield the match score, chunks that have higher activation will also
tolerate a greater degree of mismatch. This reflects the interpretation of activation as
a measure of likelihood of usefulness [17].

2.2 Blending

The second aspect of retrieval is blending [18] [19], a form of generalization where,
instead of retrieving an existing chunk that best matches the request, blending
produces a new chunk by combining the relevant chunks. The values of the slots of
this blended chunk are the average values for the slots of the relevant chunks
weighted by their respective activations, where the average is defined in terms of the
similarities between values. For discrete chunk values without similarities, this results
in a kind of voting process where chunks proposing the same value pool their
strengths. For continuous values such as numbers, a straightforward averaging
process is used. For discrete chunk values between which similarities (as used in
partial matching) have been defined, a compromise value that minimizes the weighted
sum of squared dissimilarities is returned. Formally, the value obtained by a blended
retrieval is determined as follows:

V= Minz P,(1 = Sim(V, V)2 @

where P; is the probability of retrieving chunk i and V; is the value held by that chunk.
Blending has been shown to be a convincing explanation for various types of implicit
learning [20] [9]. Blending of location information in chunks allows the model to
predict future locations of objects by giving more weight to recent perceptual
information while ignoring various individual fluctuations arising from noise. ACT-
R’s blending mechanism can be thought of as a subset of more general approaches
like Conceptual Blending [21] where the structure of the component concepts and the
final concept is restricted to a single type and the compositional process for
constructing the blended concept is weighted averaging. More comprehensive
elements of Conceptual Blending such as non-trivial compositional rules, completion,
elaboration and emergent structures are absent in ACT-R blending. In addition, the
partial matching and blending mechanisms in ACT-R are meant to capture the
fundamental generalization characteristics over similarity-based semantics of
modeling paradigms such as neural networks [22][23], albeit at a different level of
abstraction.
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Together, partial matching and blending allows the model to overcome errors in
object identification and tracking. Blending also allows the model to predict the
possible action an object may follow based on its past actions. This reflects the fact
that, as discussed above, blending is applicable to all types of values, from discrete to
continuous and including intermediate domains such as discrete values over a
semantic space (e.g. words).
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Fig. 1. Checkpoint scenario showing the movements of objects a and ¢ and the division of a’s
route by type of action

3 Modeling Object Identification, Tracking and Action Prediction
in ACT-R

3.1 Checkpoint Scenario

The checkpoint scenario consists of a robot patrolling a checkpoint looking for people
and objects of interest. In the current version of the scenario, it is assumed that the
robot is stationary at a location that affords it a complete view of the checkpoint. Its
goal is to identify and track the objects in its view and classify their actions. Fig 1
shows the example scenario consisting of three people performing one of three actions
— standing around, walking or milling around. Initially, all actors (“a”, “b” and “c”) are

Retrieval Request Declarative Memory
[a, 10, 10] —3( [b,9, 10] [a,100,100]
[n, 10,10]  [a,102,100] z|e
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=n =3
=
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Fig. 2. Effects of partial matching and blending on retrieval
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standing around. After 30 seconds, “a” and “c” start walking towards “b”. After 60
seconds, they start milling around (walking in a circle). After 90 seconds, they start
walking back towards their starting locations, going back to standing around after 120
seconds. For this scenario, perception provides an identification vector (which is
currently limited to an id but might be eventually expanded to a multi-variable vector
that includes additional information such as height, color, etc) and location
information. However both location and object id information have errors associated
with them. For now the output of perception is simulated by adding an error term to the
data. Location error generated by a logistic distribution is added to the location
information that is made available, while objects have a fixed 1/10 chance of being
mis-identified by perception (which translates to an average of 15 errors in every trial).

3.2 ACT-R Model

The ACT-R model represents information about an object in a chunk, called a visual-
memory chunk for convenience, that contains the object’s id, current location, rate of
change of location (delta), and current action. Every time an object id and its location
are reported by perception, the model uses this information to retrieve a chunk in
order to interpret that information against its recent experience. The retrieved chunk is
a result of both partial matching and blending by the retrieval mechanism. The value
contained in the delta slot is used to predict the object’s future location and the value
in the action slot is used to predict the object’s future action. If the retrieved blended
chunk does not exactly match the information from perception (which it rarely does),
a new chunk is learned whose slot values contain the information from perception.
Over the course of the experiment, the model learns a number of such chunks that
effectively improve its ability to alleviate id errors, predict object location and predict
object action. In the following sections we describe how the use of partial matching
and blending accomplish this goal.

3.3 Recovering from Object Identification Errors

There are a number of errors that can happen during object identification including
failure to identify a known (previously encountered) object, identifying non-existent
objects and identifying a known object as another known object. In this work we
model all three errors. In the first type of error, perception fails to identify a
previously seen (and identified) object. Instead, it either identifies it as a new object
or fails to identify it at all. The second type of error is similar to a false-positive,
where perception identifies an object even though no such object exists in the scene.
Finally, perception can be confused between different objects in the scene and
identify one object incorrectly as another. In all cases, partial matching provides a
way for the system to recover the right identification. To see how this works, consider
the following example (shown in Fig 2) where there are 6 chunks in declarative
memory, three chunks with “b” in the name slot and values (9,10) (10,10) and (11,10)
in the respective current location slot and three chunks with “a” in the name slot and
values (100,100), (102,100) and (104,100) in the respective (x,y) slots. When a chunk
is requested with the value “a” in the name slot and (10,10) in the (x,y) slot, partial
matching produces the first 3 chunks as better matches for the request even though the
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value in the name slot is different. The values of each slot of the three chunks are then
combined to create the new blended chunk. The same process can be used to recover
from the other types of id errors. If a non-existent object was proposed instead of “a”,
partial matching would retrieve the chunks with “a” in the name slot because the
current locations would be most similar to the locations for chunks with “a” in the
name slot. Similarly, if an object was not identified at all, its location will provide
enough similarity to retrieve the correct chunks. It is important to note that this
method is not simply a nearest-neighbor approach. Instead, it is architectural and
takes into account contextual elements like time. For example, if an object “c” used to
be at the same location as “b” but in the past, there would be corresponding chunks in
memory with location slot values similar to the location slot values of object “b”.
However, these chunks would not be retrieved because their activations would be low
due to the fact that they were created when “c” used to be at that location (and time
from creation is an important part of a chunk’s activation).

Fig. 3. The actual and predicted paths for object “a”

We were able to recover from most errors in the many trials we ran. However,
there are other scenarios where this approach sometimes fails. For example, as two
objects get closer to each other, their location values become more similar making it
difficult for partial matching to retrieve the right chunks. Even so, the delta values
provide another contextual cue to use if the two objects are moving at different rates
or in different directions.

3.4 Recovering from Object Location Errors

The model predicts an object’s future location by adding a delta value to its current
location where the delta value is the difference between the current and previous
location. In an error-free system, this would work very well except for the cases when
there is a sudden change in delta. When location errors are present, the last delta value
is not enough. With ACT-R’s blending mechanism, when a visual-memory chunk is
retrieved, the value for the delta slot is blended over the existing relevant chunks. As
mentioned earlier, in calculating the blended value for the delta slot, the blending
mechanism takes into account the activations of the chunks. One major contributor to
activation strength is the time of creation of the chunk. That is, the more recently the
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Fig. 4. Percent correct of predicted actions for object “a”

chunk was created, the higher its activation. This means that more recent chunks, and
hence more recent values of delta, contribute more to the retrieved blended value
making the prediction more accurate. Figure 3 shows the actual and predicted paths
for object “a” from the scenario averaged over 1000 trials.

3.5 Predicting Actions

Finally, blending can also be used to provide robust action prediction. Recall that the
scenario has 3 different actions. We concentrate on the actions performed by object
“a” which includes “standing”, “walking” and “milling around”. Figure 4 shows the
percentage of correct predictions for each time step in the scenario. The drop-offs
correspond to the changes in action by “a” such as going from “standing” to
“walking” or from “walking” to “milling around” and so on. Anytime the action
changes, it takes some time for the model to get back to a high-level of prediction, as
it has to wait for enough recent chunks to accumulate with the correct value in the
action slot. A system that simply uses the last action to predict the next one would do
better (except for the same drop-offs) but would do poorly when there are errors in the
system. In general, recent experience should be combined with patterns stored from
long-term experience (e.g., which action was performed by people in various
circumstances) to yield predictions that reflect both short-term and long-term

knowledge.

4 Conclusion and Future Work

The best perceptual routines available today for object identification, tracking and
action recognition are often error-prone and current approaches to handling these
errors are usually ad hoc. In contrast, a cognitive approach like the use of ACT-R
builds on the principles of human cognition to provide a way to recover from such
errors. ACT-R’s partial matching and blending features in its memory representation
and retrieval provides one such cognitively plausible way. The most encouraging
outcome of using ACT-R is the clear effect of existing architectural mechanisms on
the problem of handling perceptual errors. However, there are problems that remain to
be addressed. The drop-offs in action prediction are glaring and learning to predict
these changes is a focus of on-going research. Even though the checkpoint scenario
concentrated on the use of partial matching and blending to make predictions of the
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immediate state of the world, these processes can just as easily be leveraged to
retrieve and construct predictions about more abstract and/or long-term actions. We
are currently testing a number of approaches including contextual attributes like time
(actions change at approximately similar intervals of time, for example, a person
starts walking after standing around for a while) and spatial relationships (a person
who is walking will tend to start milling around when he/she is near to another
person). We have had some success with using spatial contextual cues but problems
still remain. In addition, current predictions are limited to one or a few time steps in
advance. An ongoing goal is to expand this ability to predict behaviors and actions
longer into the future.

Finally, in this paper, we have focused solely on leveraging existing architectural
mechanisms without considering the computational cost of calculating expectations
and evaluating them during problem solving. It is very likely that such processes
require additional architectural support and the nature and design of such support is
part of our future work.
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