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1 Introduction

1.1 Objectives

WP7 (System Supervision and Strategies) deals, as its primary mode, with the inference of
driving intention, and with the formation of globally-consistent scene-description appro-
priate to the execution of these intentions (i.e. global consistency need only be resolved
with respect to scene descriptors relating to intentionality, in an implementation of the
perception-action principle). Both scene-description andintention are implicitly hierar-
chical, meaning that consistency can be determined on an intra-level basis. In this way, we
aim to produce a compact, affordance-based model of scene and intention.

A major issue for this approach is the reconciliation ofa priori models of intention and
driving (i.e. the ECOM model and the Highway Code, respectively) with the input from
visual detectors, gaze and control inputs. Because thesea priori models are both imple-
mented in first-order logic (cf D7.1 for how this PROLOG-based process was initiated),
the system must thus be capable of reconciling abstract deduction with pre-symbolic input
from WP4. It must hence address the issues of symbol grounding[1] and symbol tether-
ing [5]. (Symbol tethering involves the deductive extension and comparison of low-level
predication with actual scene measurements, so that the Herbrand universe of the deduc-
tive system need only be constrained at relatively sparse points). The logic system must
thus be adaptive, as well as being capable of generating top-down input to the detectors to
give confidence feedback.

The current deliverable concerns the last 6 months activitybuilding on the work of
deliverable D7.1, with the intention of rendering it suitable for application in the context
of the full DIPLECS system (Deliverable D7.1 constructed a prototype system for boot-
strapping formalized strategies and associated logical representations).

Three major issues, in particular, have been addressed in order to render the previous
work applicable in the context of the system as a whole. Theseare:

1. The Issue of Data Sparsity.

Deliverable D7.1 employed fully ground-truthed input data, defined at all levels of the
intentional and scene-description hierarchy. Real input data is likely to be a very small
subset of this, so the logic system has been tested and extended in the adverse condition of
extreme data sparseness.

2. Implementation of a Fuzzy-logic deductive system.

The ground-truthed input data used for Deliverable D7.1 wasof a binarised variety.
Real input data will employ associated confidence values, andthe logic system has been
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extended to accommodate to this.

3. Specification of Interface

The format for interfacing of detector input with the logical deduction system has
been formally elaborated through the consideration of concrete scenarios, and the logical
structure modified accordingly. Issues relating to compatibility with the ICE-interface
have also been addressed.

Beyond these objectives, the ongoing refinement and extension of logical predicate/clause
structure has continued.

1.2 Context of Deliverable D7.2 within WP7

The current deliverable combines from work of WP7.1 (Determination of human strategies
and corresponding symbolic representations), WP7.2 (Deduction of Appropriate strategy
for any given situation) and WP7.3 (Inference of Current Strategy). Of these, WP 7.1 and
WP7.2 have been brought to completion, with WP7.3 due for completion in month 32.

Completion of WP 7.2 involved the implementation of the ECOM control hierarchy in
logical terms (specifically the tracking and regulating intentions) in a manner consistent
with the highway code. ARMINES, as well as providing the psychological model, con-
tinues to provide expert ground-truth annotation of data interms of the ECOM categories,
and interdisciplinary input.

WP 7.1 thus specified a series of intentional categories for classification and stochastic
learning problems relating to driver intention, which wereto be rendered logical consis-
tent via the PROGOL-based system developed for WP 7.2. WP7.3 then proved the classi-
fication output. Since the logical reparamterisation method employed within COSPAL
was not, in fact, determined to be useful within the DIPLECS context, an alternative
mechanism for adaptive behavior was investigated; specifically, a top-down, global log-
ical consistency-based feedback mechanism for redetermining detector confidence. This
meant that the practical boundaries between WP 7.1, WP7.2 and WP7.3 were not as abso-
lute as those specified in the Technical Annex.

Deliverable D7.2 constitutes the first fruits of the WP4-WP7 collaboration axis.

2 Overview of System

The following are the main intended capabilities of the deductive system (WP7SYS) when
in implemented in situ.
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1. ECOM State Annotation with respect to detector/control inputs (this is the primary
WP7SYS output mode)

The output from this capability is the logically stabilizedand contextualised result of
the application of the ECOM state classifiers to the current driving scene (the system re-
ceives detector input at arbitrary levels of the visual hierarchy: eg we may detect a car and
a T-junction without any corresponding detection of the intermediate junctions structure
or lane-occupancies). The system then stochastically computes the ECOM hierarchy from
these inputs combined with the driver’s gaze, signal and control inputs. The deductive
module determines self-consistency of the road configuration and ECOM intention with
respect to to each other.

2. Top-down Feedback to WP4 (the secondary WP7SYS output mode)

This has two distinct modes:

a) Online Mode: this involves deductive instantiation of logical variables via resolution

The deductive system effectively ’fills in the blanks’ of scene description passed from
detectors. This will sometimes involve instantiation of symbol attribute labels eg attaching
a newsign label of unknown type to its functional specification. This information is fed
back to WP4 for possible classifier respecification.

b) Offline Mode: this rectifies fundamental faults in low-level scene description eg faulty
detectors/wrongly attached symbol/functional pairs (ie where serious errors are made with
high confidence)

When variable instantiations don’t give rise to a sufficiently large ’consistency set’
of predicates, a ’global consistency check’ can sometimes rectify the situation. This in-
volves sequentially removing feature predicates (ie detector outputs) and recalculating the
associated predication to determine whether this improvesoverall global consistency as
measured by the final size of the consistency set. We can then ’weight’ feature detec-
tors on the basis of this consistency (currently a binary weighting; but, ultimately, a fuzzy
threshold will be applied).

That is, we use global deductive logical consistent to make the best rectification as-
sertion possible; ie we need to compute the smallest detector change that gives rise to the
largest maximally-consistent set of deductions

3. The Warning System (this is an occasional WP7SYS output mode)
This triggers a warning flag on the basis of a significant disparity between the Observed

Driver Output (ODO) and the Predicted Driver Output (PODO) at the predicate level (the
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system in this mode does not distinguish between discrepancy caused by erroneous scene
representation and erroneous driver activity; i.e. it assumes a perfect world model).

2.1 Example Scenario: Spanish Turn

The ’Spanish turn’ scenario involves an incompatibility with the low-level visual feature
detection and the high-level logical context modelling. Inparticular, the Spanish turn sign
depicts a right-turn with a ’fly-over’ configuration, so thatimmediately after the right-turn
branches off, it appears to cross the original road and continue to the left. Thus, a situation
is envisaged in which a low-level visual detector classifiesthe novel sign-type as being
of the ’left-turn sign’ class with a high degree of certaintyon the basis of its appearance,
while, at the same time, the context of the driver’s actions (applying a right-turn indicator,
etc), suggests that in fact the sign relates to a right-turn.

We indicate here how the in-situ top-down logical feedback has been implemented so
as to be able, in principle, to adaptively resolve this problem:

2.1.1 ’Model Acquisition’ verses ’Model Rectification’

The ’Model Rectification’ approach to the Spanish turn problem involves unlearning a pre-
viously learned model and would be implemented off-line as follows within in WP7SYS.

As driving progresses, the logic systems attempts to build the most consistent model of
the scene at all levels of the representational hierarchy. This involves multiple hierarchical
and temporal logical extensions of the inputs from LiU. Consequently, if the car comes to
what is asserted with high confidence to be a right-turn sign,and the car in fact turns left,
then the maximal logically-consistent set of predicates would rapidly tend to a very small
cardinality. (This could perhaps in itself be used to generate a warning of generalized
inconsistency; particularly if it were repeated.)

However, it becomes computationally complex if we are to tryto establish exactly
what was causing the inconsistency, given that there are anynumber of other detectors
(eg ’lane-number’, ’road-direction’, ’junction-type’, ’indicator’) that may be at fault. To
establish this, we progressively remove every detector from the scene description in the
manner set out in D7.1, and determine whether the cardinality of the maximal logically-
consistent set increases significantly. The problem of rectifying the wrong Spanish turn
sign association at the logical level would then involve exploring alternative sign-concept
mappings; being non-trivial, this is an off-line problem.

On the other hand, Spanish turn modelacquisitionis much more straightforward. Eg,
we would have the following (highly simplified) predicate input:

steering wheel left turn(DIPLECS Car at T ime t).
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left indicator(DIPLECS Car at T ime t).
sign object detected(label 1, t).
sign type(label 1, X).

and clauses:

∀y ∃x sign type(Y,X).
∀y ∀t sign type(Y, Left Turn) & sign object detected(Y, t) => Left junction Traverse(intention,
∀ t Left junction Traverse(intention, t) => steering wheel left turn(DIPLECS Car atT imett

That is, the detector inputs indicate that a high saliency object in a left turn scenario
has been classed as a sign, but of unknown type. That is, the system ’knows’ a priori that
the problem is one of sign/function mapping.

This would lead to the straightforward deductive resolution:

sign type(label 1, Left turn sign).

Thus, the ordinary online deductive instantiation mode of WP7SYS naturally solves
the problem.

There is some potential for reducing the complexity of the offline problem by incorpo-
rating prior knowledge of the intention-object mapping, sothat the nesting of intentions
potentially makes the search space smaller at the logical level. However, this is still likely
to remain an offline problem solving mode, given the remaining complexity. In essence,
the system still needs to assess global consistency to make the best rectification assertion
possible,so that we need to compute the smallest detector change that gives rise to the
maximally consistent set of deductions (parsimony principle).

3 Work Details: Part 1 - Data Sparsity Experiments

Previous experiments on ground-truthed data to determine the feasibility of top-down feed-
back to WP4 (reported in D7.1) were redesigned for testing theeffectiveness of this mech-
anism in a realistic environment. The predominant difference between this environment
and the previous experiments is in terms of the sparsity of the input (previously, we as-
sumed the availability of detectors across the full scene-description hierarchy, so that, for
example, distinct road and junction-type detectors existed, irrespective of the fact that
junction type is logically derivable from road topology).

Realistic sparse input consist in the following detectors: road detectors, external car
detectors (with indicator/brake signals), sign detectors(if not sign-type identifications),
traffic light and light states detectors, and finally the intersections of gaze with bounding
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boxes around these entities. We are thus using 33 features only (instead of 772 as previ-
ously used for predicates), and thus all lane-occupancy information has been completely
removed, and so multiple consistent car-lane allocations are possible with the existing
predicates.

3.1 Experimental Format

A range of inner-urban junction scenarios within Dataset 8 were selected for ground-truth
annotation on the basis of their provision of good-quality LIDAR data for junction topol-
ogy propagation (cf D7.1), and exemplification of the Regulating and Monitoring inten-
tions of the ECOM control model, along with their conditionallogic dependencies on
environmental entities such as traffic lights and signs.

In particular, 6 cross-road traversing scenarios are considered, consisting of 2 cases
each of left-turning, right-turning, and ’straight-over’junction traverses. This set is a
nearly maximally complex representation of the driving situation, in the sense that it is
selected to effectively exhaust to all possible ’configuration-changing’ driving scenarios:
that is, all other driving situations (lane changes, roundabout-traverses, etc) can be consid-
ered degenerate instances of these cases.

Note that individual levels of the ECOM hierarchy,l, are considered to be mutually
temporally exclusive; individual levels, however, may be simultaneously operative. (More
generalized levels at the top of the hierarchy will tend to beoperative over a longer period
of time than sub-level intentions). The intentional classification problem is thus one of
simultaneous categorization of the unique itemil applicable within each level (with the
inclusion of a null item if necessary). That is, for the totality of individual frames we need
to solve the mapping problem:

∀l, X → il : l = argmax
n

{p(in|X)} (1)

(X being the feature vector).
We thus generate a full hierarchy of binary features so that,for instance gaze attention

directed at a particular lane also includes the road that contains it, and the junction that
contains the road, etc. We use a decision-tree algorithm forclassification of the ECOM
states on the basis of it’s readily-interpretable results.In particular, it has the characteristic
of defining a decision rule that is directly translatable into first-order logic. (We also tried
CN2 in this context, but found that it did not provide better performance than decision
trees). The output from the decision trees thus provides a discriminatively-stablised per-
frame ECOM-state input into the logic system, such that the logic system can test for
global logical consistency in both spatial and temporal terms.
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Thus the deductive logic system extends the intentional detection system to accommo-
date rule-like behaviors relating to Highway-code based intentional configuration changes
that cannot be fully captured by stochastic correlation.

When placed in situ, the activity of the logical infrastructure within the strategy/supervision
system is threefold (see earlier); however, in the most typical mode of operation, the sys-
tem will construct a logically consistent world-model fromthe computer-vision system’s
input and use the conditional dependencies from the driver’s gaze, signal and control in-
puts to determine the operating intention and sub-intention of the ECOM model at any
given time.

3.1.1 Logic-based classifier with sparse data

It is also possible, however, for the logic system to deduce active ECOM states on a per
frame of itself. As a performance baseline, the accuracy of these outputs are as indicated
in figures 1 to 6 for the sparse input data set.
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Figure 1: 1st Left-turn Scenario
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Figure 2: 2nd Left-turn Scenario

By comparison, the corresponding accuracy values for the complete (i.e. non-sparse)
data set are give in figures 7 to 12 for the six junction traverse scenarios. As can be seen,
very little performance compromise is involved in the transition to sparse data.

Superimposing per-frame decision tree accuracies on the above graphs, we see how
the lack of temporal context is seen to detrimentally affectthe per-frame accuracy of the
decision trees (cf fig 13). (Decision tree accuracy does not vary as more temporal context
is gained, unlike the purely logical classifiers)

The corresponding graph for the non-sparse data is given in fig 14.

3.1.2 Logic and Decision-Tree classifiers with sparse data

Since the errors made by the logic and decision-tree systemsare uncorrelated, it is thus
possible to combine them advantageously.

Decision-tree outputs are hence combined with logical deduction through their incor-
poration into the consistency testing and aggregation procedure. Under purely logic-based
consistency testing it is, for instance, possible that error-containing sets are consistent with

Page 10/30



ICT – 215078 – DIPLECS DIPLECS Deliverable D7.1

0 10 20 30 40 50 60 70 80 90 100
0

0.2

0.4

0.6

0.8

1

Frame No.

P
ro

ba
bi

lit
y 

of
 c

or
re

ct
 in

te
nt

io
ns

Figure 3: 1st Right-turn Scenario

each other by chance, leading to a false aggregation of consistent frames, and irrecover-
able system error. We hence use the decision tree outputs to set thresholds on acceptance
for the consistency set by requiring the agreement of the decision-tree outputs with that
of the logic in order for the frame to be added to the consistency set. Otherwise the logic
output is given as output by default, but not added to the consistency set. When a fully-
inconsistent frame is detected by the logic system, the output is switched instead to that of
the decision tree.

With this decision-tree-based temporal-node-weighting,the accuracy of the composite
system is very significantly greater than that of the individual systems, as depicted in fig
15 for the right-hand turn data set. For the non-sparse data,the results are as depicted in
16.

We have thus created an effective in situ system for composition of discriminative
and generative classifiers of intentional behavior, that utilized stochastic and structural
techniques to combine global and local context information. In particular, there appears to
be no significant loss associated with the move to sparse features by virtue of the deductive
extension of the scene-description and ECOM-intention hierarchies.
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Figure 4: 2nd Right-turn Scenario

3.1.3 Top-down feature respecification with sparse data

We simulate the effects of noise on an individual feature by randomly replacing binary
values for this feature within the frame vector by arbitrarybinary digits. We do this ac-
cording to a uniform random distribution with an average of failure probability of 0.2 per
frame. The feature selected is no.19 (DIPLECS car position).

The aim is then to determine which of the 33 (of 772 possible) features is subject to
this additive noise purely on the basis of global logical consistency.

This is done by sequentially removing feature predicates (ie detector outputs) and re-
calculating the associated predication of each frame for all of the features with the sparse
data set, and determining whether this improves overall global consistency as measured
by the final size of the consistency set. It is then possible toreweight feature detector con-
fidence on the basis of this consistency. This process forms the basis of the logic system’s
feedback to WP4, and is implemented via the Buffer A / Buffer B interface (see below).

The results of the application of this method are shown in fig 18 for sparse features. We
see that, as for the non sparse data (fig 18), a clear peak in themagnitude of the consistency
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Figure 5: 1st Straight-over Scenario

set exists for the error-compromised feature. Sparsity is in fact advantageous here, in that
it significantly reduces computation time.

It is critical that this measure of global consistency correlates with the accurate predic-
tion of the ground truth values. We see from fig 19 (giving the average accuracy over the
whole time-sequence) that this is indeed the case. The existing result for non-sparse data
is as given in fig 20.

Blanking the features associated with the peak in global consistency therefore acts to
increase overall system accuracy in the manner intended.

4 Work Details: Part 2 - Specification of Interface

In order to meet the requirement of implementing the WP7SYS prototype in an ICE-
compatible manner, it was necessary to modify existing components of the system, and to
extend the specification of the prototype system in three distinct aspects: modified low-
level feature vector interfacing, the introduction of a sub-logical metrical interface to the
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Figure 6: 2nd Straight-over Scenario

existing predication, and the designation and implementation of the WP4-WP7 Interface
Topology. We thus proceeded as follows:

4.1 Low-level Feature Vector interface

The raw input (currently from the ground-truthing),consists of the following data classes
generated for each frame frame:

1. Gaze bounding-box occupancies (ie a binary vector detailing whether the gaze is
within a bounding-box around key road entities: lanes, cars, signs, lights etc)

2. The road topology (current junction configuration in order from front ie egleft −
hand−junction, right−hand−junction,X−road, end-road-T-junction , etc [generally
only 1 junction ahead is visible])

3. The set of visible car labels:car label 1, car label2, etc (cars are given a new token
identifier as they are detected, and for their duration in sight - if visual continuity is lost
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Figure 7: 1st Left-turn Scenario (non-sparse data)

the same car can have multiple labels [ie its for the logic to decide if they are the same
entity on the basis of global consistency, not the detectors])

4. Car positions (ie best estimate of lane occupied)

5. Car ordering (ie lane order of cars from driver’s position:ie [lane 1 driver side:car label 1,
car label 5], [lane 2 driver side: car label 2, car label 3], etc

6. coarse-grained driver-relative car directions (driver-wards, leftwards, right-wards,
anti-driver-wards)

7. Visible car signals if any (brake, left/right indicator)ie [car label 1: left], [car label 2:
brake], etc

8. The set of visible signs with road positions (usually driver’s right hand side [DRHS])

9. The set of visible traffic lights with positions [light 1: DRHS] and states (note as
well as [red, amber, red+amber, green], there is as a null state [null] between light changes)
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Figure 8: 2nd Left-turn Scenario (non-sparse data)

10. The set of detected pedestrian crossings and road positions (positions being:
driver′s road, left − hand road, right − hand road, and alsoopposite road when
at a cross-road)

11. coarse-grained pedestrian positions/directions if close to crossings

The second stage of feature-vector then consists in the automatic generation of the full
per-frame binary vector, which includes temporal states and an exhaustive set of interrela-
tions between objects (constituting a 722-dimensional vector for each frame).

This process was originally accomplished in MATLAB for D7.1, but has now been
incorporated within the logic module for continuity of mechanism, and compatibility with
the ICE wrapper.
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Figure 9: 1st Right-turn Scenario (non-sparse data)

4.2 Sub-logical Metrical Interface

We have also established the necessity for intermediate logical structure to perform internal
conversions from screen position & depth with respect to to nominal junction outline in
order to map onto the predicates (egCar lane number, etc) referred to in D7.1.

This will be constructed once the ICE interface is in place (the ICE interfacing is thus
an ongoing process). We will hence be provided by WP4 with information about the coarse
horizontal position of other cars in the image and a coarse size (= inverse distance ), which
should be sufficient to approximate relative positioning ofall entities in the junction (the
latter information obtained from GPS data). We are therefore building a set of intermediate
structures to ’predicatise’ this information.

Thus, rather than use a projected model of the road-outline,we can utilize prior in-
formation about road width and road intersection angle (from the GPS coordinates) to
substitute for it. This means that we will extend structuresbelow the symbolic level into
the metric level to build intermediate representation.

Thus, we aim to be able to use any reasonable indication of junction positions relative
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Figure 10: 2nd Right-turn Scenario (non-sparse data)

to detected (eg if we detect a potential left-hand junction at screen heightX1, and a car in
the left field of view at screen heightX1 + δX, then the proximity-based association of
the of these two entities should be indicated by the system).The logic system would then
deduce that the DIPLECS car is in the vicinity of a left junction from the GPS, and that
any car with an extreme left screen displacement is likely tobe on this road.

4.3 WP4- WP7 Interface Topology

WP7 mediates between the ECOM annotations and the detector input from LiU. In bottom-
up terms, WP7SYS hence take input from LiU in the form of concrete (predicatisable)
scene detections, along with any associated confidences, and use the annotation provided
by ARMINES to learn the associated ECOM labels. As well as stochastic learning of the
mapping, this involves long-range deductive logical consistency considerations to compute
the entire ECOM hierarchy. Moreover, in top-down terms, we have the potential to take
these global consistency considerations into account in order to provide concrete feedback
to WP4. At the moment this takes the form of a ’detector error’ flag (see D7.1). We also
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Figure 11: 1st Straight-over Scenario (non-sparse data)

anticipate that this will involve more detailed instantiation-based data.
It is in this sense that adaptivity to atypical situations occurs within WP7SYS; we do

not changea priori logical structures, but only the mapping of the logic onto the scene
description labels.

4.3.1 Buffer Structure: The A / B buffer interface

We hence introduce a ’buffer’ system to intermediate between the logical predicate and
WP4 symbol system (and which extends the scope of WP7 to the metrical level). This
buffer structure is integrated via the ICE interface.

WP7SYS thus takes input from buffer A, and the logic system tries to fill in the ’blanks’
for unspecified entities within the buffer using overall consistency check on the basis of
prior inputs (along with their confidence values). A ”main” function calls appropriate
subfunctions and writes outputs to a buffer B. Structurally,the relation of Buffer A to
Buffer B is as depicted in fig 21

Thus, Buffer A is the general WP4 write buffer, and Buffer B is thegeneral WP7
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Figure 12: 2nd Straight-over Scenario

write buffer. Because WP7 deals with logical consistency, andWP4 deals with detector
stabilization, Buffer A is sparse while Buffer B is more complete (and possibly multiply-
complete for several mutually-consistent complete world-models).

We illustrate this in the case where multiple tracks are resolved into a single car entity.
Thus, a car-track withlabel 1 at timet 1 and positionp 1 might be written to buffer A as
detected car track(label 1, t 1, p 1). A second car-track would be written as a separate
predicate assertion:detected car track(label 2, 2, p 2). Within the logic buffer (buffer
B) there is an entity defined by the predicatelogic car(label a) triggered by the first track
detected:

if detected car track(L, , ) & L = label 1 => possible position(label a, present, p 1) =
.true.

However there are also clauses that say (very approximately):
∀ P path continuation(P, P old) & possible position(L, present, P old) => possible position(L, futur
possible position(label a, past, p 1) & detected car track(L1, , P )&L1 = label 1 =>

possible position(label a, present, P ) = .true.

which would have the effect of potentially allocating both the track predicates -detected car track(label 1
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Figure 13: Comparison ofa priori logic and decision-tree accuracy with sparse data

, detected car track(label 2, t 2, p 2) - to the logical carlabel a. ie there is no direct con-
tradiction between buffer A and B despite the fact that we have identified two differently-
labeled tracks with each other.

Essentially buffer B is hierarchically dependent on bufferA in the usual deductive
mode, so there are not really any consistency issues. Most ofthe time, buffer B is simply
the logical completion of buffer A. Occasionally there willbe a ’damping’ if we set buffer
B to override A (esp in the offline mode).

Thus, when multiple reported tracks are resolved in buffer Bas a single car, there is no
direct need to communicate this to buffer A. Usually, the communication to buffer A will
presumable be of the following form:

buffer A is a list with slots of approximately the form:

’detected entity’| ’confidence of detection’| ’updated confidence’| ’entity attribute, if
any (eg light state)’| time= current

WP4 will thus write an index value to the first column and a real number within [0,1]
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Figure 14: Comparison ofa priori logic and decision-tree accuracy for non-sparse data

to the second column. WP7SYS will then write (from time to time) a real number within
[0,1] to the third column. This represents the updated confidence when all of the context
is taken into account. If columns 2 and 3 are persistently different for a long period of
time, then this could be an indication that a detector is faulty, or that its confidence (ie the
second column) should be tuned down by WP4.

There could also be additional writes of whole entities to buffer A by buffer B for
future states relevant to the ECOM intention, in which case itdoes make sense to have
multiple predicate options in buffer A. ie the system may write:

’predicted entity=car in exit lane’| - | 0.3| - | time= future ’predicted entity=pedestrian
in exit lane’| - | 0.2 | - | time= future

(There is obviously much more information about consistentfuture world states con-
tained in the WP7 system, but only the intention-relevant predicates need to be communi-
cated to buffer A).
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Figure 15: Combination of decision-trees with logical consistency constraints

4.3.2 Buffer structure: temporal considerations

There is no absolute conditional logical dependence between inferred intention and what
actually takes place; the DIPLECS car driver can either not perform the actions associated
with the inferred intention, or else the world situation canchange to modify the intention.
In the former case this may be because of a detector error, or else simply a change of
plan on the driver’s part. In the latter case, perhaps a pedestrian has stepped into the road
triggering an ’emergency stop’ intention.

In the absence of a priori correlations and labelled data, the only final criterion of
the intention ”intending to turn left” having existed is thefact that the car is later at the
specified place. Because actions (particularly high-level)occur over a long duration, it
is thus possible to retrospectively falsify the learned aspects of the ’intentional’ model
(but not the a priori aspects) in an unsupervised manner. That is, the disparity between
inferred states of the ECOM hierarchy and what actually takesplace according to the
detector inputs potentially allows for some logic-based adaptability via resolution (eg, we
can retrospectively identify a sign type based on subsequent action).
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Figure 16: Combination of decision-trees with logical consistency constraints

4.3.3 Buffer structure: multiple consistent world models

In general, we have multiple consistent world models (ie complete predicate sets in Her-
brand universes) retained at any one time. ’World-model bifurcation’ would be triggered
top down by having a critical (ie high-level) detector predicate (such as the junction de-
tector) in an ambiguous state (ie we have 50 percent confidence of being at a junction).
Depending on which branch is taken when this is forcibly disambiguated (prob = 0 or 1),
very different consistent sets are possible.

We are using a mixture of fuzzy/non-fuzzy logic so its possible to force multiple
mutually-consistent conditionally-dependent models, egby asserting in separate buffer A
partitions that one or other predicate is true. However, we must, in this case, decide what
the triggers for multiple assertions are. The most promising suggestion relates to uncertain
high-level predicates eg if we had a 0.5 chance of being at a X-road or T-junction.

These multiple consistent predicate sets would be placed inbuffer B; not all of the
predicates within the different worlds would need to be communicated to buffer A (see
above).
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Figure 17: Size of consistency set verses feature number (sparse data)

In general, it is hence important, in interface terms, to distinguish in what sense ’multi-
ple predicate hypotheses’ are being used: ie whether it refers to future driver & traffic pos-
sibilities, or whether it refers to predicates within different self-consistent worlds (though
at the logical level the first notion is implicit within the second, so it only matters in terms
of how buffer B interacts with buffer A).

The PODO is thus contained within Buffer B, and the ODO within Buffer A.

5 Work Details: Part 3 - Implementation of a Fuzzy-logic
deductive system.

The existing WP7SYS was based on binary logical inputs from vision sensors. The use of
binary logic as inputs from a simulated real world sensor implied sensor values with crisp
boundaries.

Fuzzy logic, or fuzzy set-theory can be used as a useful tool for the generation of
logical consistency amongst predicates even with very sparse and noisy sensor inputs(i.e
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Figure 18: Size of consistency set verses feature number (non sparse data)

vision inputs). It has the advantage of replacing crisp binary values with continuous con-
fidence intervals (at the lowest feature level) [6, 7], thus catering for erroneousness or
ambiguity implicit in the sensor values. First-order fuzzypredicates are defined along
with their fuzzy membership functionsψz(x) = [0, 1] [4]. Hence the process of predicate
respecification for top-down bootstrapping of erroneous sensor values using feature blank-
ing technique can be replaced withdown-weightingconfidence intervals of features rather
then completely blanking them. Fuzzy logic (i.efuzzy PROLOG) uses a set of continuous
sub-intervals on [0,1] or a finite union of sub-intervals. A set of discreteaggregation oper-
atorsof typeΨ : [0, 1]n → [0, 1] [4] defined by a generalization that subsumes disjunctive
operators (triangular co-norms; max, sum) or conjunctive operators (triangular norms;
min, prod) propagate truth values through the predicate rules and cancertainly be used for
predicate variable instantiation or recursive rule based resolution of aPROLOGquery.

Consider the following example; LetX be set of features (sensor inputs), where asx

denotes a generic element ofX, thus,X = {x}. Letψz(x) be a membership function that
characterizes the fuzzy setZ in X, therefore;ψz(x) = [0, 1] ⇒ grade of membership of
x in Z, if X = {x1, x2, ...., xn} thenP (x1, x2, ...., xn) → {P (x1), P (x2), ...., P (xn)} are
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Figure 19: Accuracy verses feature number

the predicates generated from the feature setX, if ψz(x) is considered to be a simple ramp
function(ψz(x) : Z → Z);

ψz(x) ≡

{

x for 1 ≥ x ≥ 0;
0 for 1 < x < 0.

A fuzzy predicatePfuzzy(xn) is defined as,

P (xn)
∆
−→ Pfuzzy(xn) : {(P (xn), ψz(P (xn)))|xn ∈ (x1, x2, ..., xn) ∧ ψz(x) ∈ [0, 1]} (2)

where as,∆ is a fuzzy operator.

{detect road(left, conf 1) ∧ detect road(opposite, conf 2) ∧

detect road(driver, conf 3) ∧ junction type(Type, Conf)} (3)

where as (conf 1, conf 2, conf 3 ∈ ψz(x)) are the respective confidence values of each
fuzzy predicate, Type & Conf are uninstantiated variables.

{¬(detect road(left, conf 1) ∧ detect road(opposite, conf 2) ∧ detect road(driver, conf 3))

∨(junction type(left stem t junction, Conf) ∧ (Conf : min(conf 1, conf 2, conf 3)))} (4)
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Figure 20: Accuracy verses feature number

′min′ is a conjunctive operator similar to t-norm. APROLOGquery such as: (?- junc-
tion type(Type,Conf)), should lead to a straightforward deductive resolution: (Type⇒
left stemt junction, Conf⇒ [1,0])

The wholesale reimplementation of the existing deductive system within fussy logic
that we have thus performed should enable the reconciling ofabstract deductions with
pre-symbolic features input presented by the various vision and control sensors; in other
words, it would address the issues of symbol grounding [2] and symbol tethering [3], and
feature respecification (i.e cognitive bootstrapping based onfuzzy confidence thresholds).

6 Summary

Three major issues have been addressed to render the previous work (D7.1) applicable in
the context of the system as a whole. These are:

1. The Issue of Data Sparsity.
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Figure 21: Buffer A - Buffer B relationship

Deliverable D7.1 employed fully ground-truthed input data, defined at all levels of the
intentional and scene-description hierarchy. Real input data is likely to be a very sparse
subset of this, so the logic system has been tested in the adverse condition of realistic data
sparsity.

2. Implementation of a Fuzzy-logic deductive system.

The ground-truthed input data used for Deliverable D7.1 wasof a binarised variety.
Input data from WP4 has associated confidence values, and the logic system has been
extended to accommodate to this.

3. Specification of Interface

The format for interfacing of detector input with the logical deduction system has been
fully worked out in term of concrete scenarios, and the logical structure modified accord-
ingly. Issues relating to compatibility with the ICE-interface have also been addressed.

Beyond these objectives, the ongoing refinement and extension of logical predicate/clause
structure has continued.
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